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For decades, cross-sectional biomedical images have been
generated from various modalities, including computed
tomography (CT), three-dimensional tomosynthesis, ultra-
sound, magnetic resonance imaging (MRI), single photon
emission computed tomography (SPECT), and positron
emission tomography (PET). Many advanced quantitative
imaging methods have been developed, such as perfusion
MRI/CT, diffusion tensor/weighted MRI, functional MRI
(fMRI), ultrasound/MR elastography, dynamic PET, and
dynamic contrast enhanced MRI. There is great variability
across imaging platforms, imaging techniques, postprocess-
ing software, and imaging readers. There is an unmet clinical
need for improving the value and practicality of quantitative
biomedical imaging.

Systematic reviews of a quantitative biomedical imaging
method will improve researchers’ understanding and skills in
utilizing these methods. For example, arterial spin labeling
(ASL) is a noninvasive MRI modality capable of measuring
blood perfusionwithout the use of a contrast agent. E. Vaghefi
and B. Pontré reviewed the technical aspects of ASL and their
implications for its optimum adaptation for retinal blood
perfusion monitoring, as well as ASL application in human
ocular blood flow assessment.

Cross-system/site/vendor/platform/software/reader com-
parisons of a quantitative biomedical imaging method are
crucial. C. Brodén et al. compared 3D-CT to standard radi-
ostereometric analysis for measuring migration of acetabular
cups in total hip arthroplasty. G. J. Pelgrim et al. evaluated the

capability of MRI and CT to perform myocardial perfusion
quantification, previously only achievable with PET.

Reproducibility and reliability assessments of quantitative
biomedical imagingmethods are necessary steps.The current
2D tagging cardiac MRI technique requires multiple breath
holds to cover the whole heart and cannot show the 3D
motion of the left ventricle. Y. Amano et al. evaluated the
feasibility of fast 3-breath-hold 3D tagging for the assessment
of the circumferential strain in patients with hypertrophic
myocardial diseases. A. R. Yu et al. investigated the opti-
mal PET energy window for 124I PET based on image
characteristics of reconstructed PET. The energy window of
350∼750 keV was proposed as the optimal energy window,
although 400∼590 keV was obtained as the highest noise
equivalent count rate.

Pathophysiological validation and computer simulation
are crucial to understanding a quantitative biomedical imag-
ing method. U. Klose et al. confirmed the strong dependence
of the whole brain apparent diffusion coefficient (ADC) MRI
histograms on the age of the examined subjects.Theproposed
model can be used to characterize changes of the whole brain
ADC histogram in certain diseases under consideration of
age effects. Z. Krajnc et al. quantitatively evaluated growth
plates around the knees in adolescent soccer players utilizing
the diffusion-weighted MRI. Diffusion-weighted imaging
measurements indicate increased cellularity in growth plates
around knees in football players most prominent in proximal
tibia medial region after intense training. D. Shimamoto
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et al. evaluated whether the diagnostic performance of Gd-
EOB-DTPA-enhanced MRI in evaluating liver function and
pathology is improved by considering liver volume. They
found that the inclusion of liver volume may improve
Gd-EOB-DTPA-based predictions of liver function but not
predictions of liver pathology. F. F. Schröder et al. analyzed
preoperative CT images of patients who underwent pan-
creatoduodenectomy (PD) or pylorus preserving PD and
investigated predictors for postoperative pancreatic fistula
and postoperative severe complications.

Physical and virtual phantom for quality check/assurance
will improve our knowledge of a quantitative biomedical
imaging method. Characterization of lesion formation and
restoration by imaging features is a novel field of research in
multiple sclerosis. R. K. Verma et al. investigated statistical
differences with MR perfusion imaging features that reflect
the dynamics of Gadolinium uptake in multiple sclerosis
lesions using dynamic texture parameter analysis. Brain tis-
sue segmentation in MRI is useful for a wide range of appli-
cations. F. Baselice et al. proposed a brain joint segmentation
and classification algorithm based on proton density and
relaxation times, instead of the acquired gray level image.

Computer assisted analysis and diagnosis will facilitate
the clinical adoption of single or multiparametric/modality
imaging methods. In order to accurately diagnose acute
appendicitis, K. B. Kim et al. proposed amethod to extract the
appendix automatically by using a series of image processing
and self-organizing maps that learn typical shape patterns
of the appendix from US. The analysis and interpretation
of high-resolution CT images of the chest in the pres-
ence of interstitial lung disease are a time-consuming task
which requires experience. V. Vasconcelos et al. proposed a
computer-aided diagnosis (CAD) scheme to assist radiolo-
gists in the differentiation of lung patterns associated with
interstitial lung disease and with healthy lung parenchyma.
Indirect immunofluorescence is the gold standard for the
diagnosis of autoimmune diseases. A. B. Elgaaied et al. intro-
duced the AIDA Project (Autoimmunity: Diagnosis Assisted
by Computer) developed in the framework of an Italy-
Tunisia, cross-border cooperation and its preliminary results.
J. Jeong et al. proposed a CAD algorithm with a simplified
false-positive reduction scheme for microcalcification clus-
ters in reconstructed digital breast tomosynthesis images. M.
Larobina et al. investigated the feasibility of automatically
training supervised methods, such as 𝑘-nearest neighbor
and principal component discriminant analysis, to segment
the four subcortical brain structures: caudate, thalamus,
pallidum, and putamen.Their results demonstrate that atlas-
guided training is an effective way to automatically define
a representative and reliable training dataset, thus giving
supervisedmethods the chance to successfully segment brain
MRI images without the need for user interaction.

Development of a translational imaging method from
preclinical to clinical patient care may require additional
steps to simplify the paradigm, to improve image quality,
or to reengineer the hardware. The usefulness of ADC MRI
as a quantitative imaging tool has motivated several studies
that have investigated the reliability and reproducibility of
ADC estimates. M. Alipoor et al. proposed a new experiment

design method that is based on minimizing the determinant
of the covariance matrix of the estimated parameters. S.
Aootaphao et al. proposed the X-ray scattering correction
method for improving soft tissue images on the large flat
panel detector of portable cone beam CT (CBCT). The
reconstructed images with their proposed scatter correction
show significant improvement on image quality. Thus, the
proposed scatter correction technique has a high potential to
detect soft tissues in the brain. S.-S. Han et al. evaluated the
availability of software-based correction of mandibular plane
for the vertical measurement of the mandible in CBCT. G.
Wang et al. developed high-field permanent magnetic circuit
of 1.2 T and 1.5 T with novel magnetic focusing and curved
surface correction. They have obtained high quality images
of mice using their small animal micro-MRI instruments.

Imaging-based big data and network systemsmay be used
to promote hardware and software standards in quantitative
biomedical imaging. Using the data from the Osteoarthritis
Initiative, M. Zhang et al. developed a rapid cartilage damage
quantification method for the lateral tibiofemoral compart-
ment using MRI. M. Zhang et al. evaluated the influence
of MRI sequence on the relationship between bone marrow
lesions volume and pain. They compared quantitative assess-
ments of bone marrow lesions on intermediate-weighted fat
suppressed (IW FS) turbo spin echo and 3-dimensional dual
echo steady state (3DDESS) sequences.They found that bone
marrow lesion quantification on IW FS offers better validity
and statistical power than bone marrow lesion quantification
on a 3D DESS sequence.

Finally, it is crucial to develop novel quantitative biomedi-
cal imaging biomarkers for diseases, such as shear-wave ultra-
sound elastography (SWE). SWE is thought to be useful for
quantitatively evaluating tissue hardness. However, it remains
unclear what types of pathology affect tissue hardness. T.
Fukuhara et al. elucidated the correlation between shear-wave
velocity (SWV) and fibrosis in thyroid. Small muscle cells
of the cavernosum play an important role in erection. J.-
J. Zhang et al. investigated the feasibility of shear-wave US
elastography on evaluating the level of small muscle cells
in penis quantitatively. Liver disease associated with cystic
fibrosis (CFLD) is the second cause of mortality in these
patients. T. Cañas et al. found that shear-wave elastography
in the right hepatic lobe is a noninvasive technique useful
to detect CFLD in their sample of patients. They found that
splenic SWV values are higher in cystic fibrosis patients,
without any clinical consequence. Last but not least, V.
Rajagopalan and E. P. Pioro studied the potential role of
brain parenchymal fraction as a relatively simple quantitative
MRImeasure for distinguishing amyotrophic lateral sclerosis
phenotypes.

Guang Jia
Steven B. Heymsfield

Jinyuan Zhou
Guang Yang

Yukihisa Takayama
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Background and Purpose. The gold standard for detection of implant wear and migration is currently radiostereometry (RSA).
The purpose of this study is to compare a three-dimensional computed tomography technique (3D CT) to standard RSA as an
alternative technique for measuring migration of acetabular cups in total hip arthroplasty.Materials and Methods. With tantalum
beads, we marked one cemented and one uncemented cup and mounted these on a similarly marked pelvic model. A comparison
was made between 3D CT and standard RSA for measuring migration. Twelve repeated stereoradiographs and CT scans with
double examinations in each position and gradual migration of the implants were made. Precision and accuracy of the 3D CT were
calculated.Results.The accuracy of the 3DCT ranged between 0.07 and 0.32mm for translations and 0.21 and 0.82∘ for rotation.The
precision ranged between 0.01 and 0.09mm for translations and 0.06 and 0.29∘ for rotations, respectively. For standard RSA, the
precision ranged between 0.04 and 0.09mm for translations and 0.08 and 0.32∘ for rotations, respectively. There was no significant
difference in precision between 3D CT and standard RSA. The effective radiation dose of the 3D CT method, comparable to RSA,
was estimated to be 0.33mSv. Interpretation. Low dose 3D CT is a comparable method to standard RSA in an experimental setting.

1. Introduction

Radiostereometric Analysis (RSA) is the gold standard for
precise monitoring of micromovements of orthopaedic joint
implants [1–4]. However, since not every hospital does have
the stereoradiographic facilities needed for doing standard
RSA imaging, it is therefore important to consider alternative
techniques to follow prosthesis migration over time.

Current computed tomography (CT) scanners can rou-
tinely provide high-resolution volume data with voxels of
submillimeter size in all dimensions. Therefore, the potential
exists for detecting the small tantalum beads implanted as
RSA markers in CT volumes with reasonable accuracy, and
then this data can be used to calculate the marker positions.

At the Karolinska Institute a three-dimensional (3D) CT
technique (3D CT) has been developed that could potentially
detect migration and subsequent osteolysis in hip prostheses
[5, 6]. The aim of this study was to validate this low dose 3D
CT as a tool for migration assessment of acetabular compo-
nents in total hip arthroplasty (THA).

2. Materials and Methods

2.1. Experimental Setup. A plastic model of the human pelvis
(Sawbones, Vashon,WA,USA)wasmarkedwith nine 1.0mm
tantalum beads. To simulate a typical marker configuration
in THA, the markers were placed in the periacetabular bone
using the same procedure as when marking a patient during
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surgery. We used two implants mounted consecutively to the
pelvic model: a cemented (Müller Exceed�, Biomet, Warsaw,
Indiana, USA) and an uncemented (T.O.P.�, Waldemar LINK
GmbH & Co. KG, Hamburg, Germany) acetabular cup.
They were implanted in the model after being marked with
tantalum beads in a circular fashion in the periphery of the
opening of the polyethylene liner. The cups were held by a
jig that allowed translations in 𝑥-, 𝑦-, and 𝑧-axis by 1.0mm
increments. Each cup could also be rotated in 1.0∘ increments
about the 𝑥-axis as shown in Figure 1. Six positions for
each cup relative to the pelvic model were chosen. For each
position we added translation and/or rotation to the cup to
simulate a movement of the component relative to the pelvic
model. For each position a double examination of RSA and
a double examination of CT were conducted. Within each
scan in a double examination the model was moved without
changing the position of the cup relative to the pelvic model
in order to simulate movement of a patient between the two
examinations.

The following procedure was performed to measure the
migration of the implant in relation to the model: (1) the
pelvic phantom including the jig was placed in the RSA cali-
bration cage at the point of intersection of the central radio-
grams above the RSA calibration cage, (2) one set of radio-
graphs was taken (position 1RSA, series 1RSA), (3) the cali-
bration cage, the X-ray tubes, and the phantom were reposi-
tioned (without moving any of the phantom’s components),
(4) one set of radiographs was taken (position 1RSA, series
2RSA), (5) the model was moved (without moving any of
the phantom’s components) to the CT table, (6) one CT
scan was done (position 1CT, series 1CT), (7) the phantom
was repositioned (without moving the cup in relation to the
pelvis) in the CT scanner, (8) one CT scan was done (position
1CT, series 2CT), and (9) the prosthesis was moved 1.0mm in
relation to the pelvis, along the 𝑥- or 𝑦-axis and rotated 1.0∘
around the 𝑥-axis to simulate migration of the implant. This
resulted in all migrations being along the 𝑥-, 𝑦-, and 𝑧-axes
for translations and about the 𝑥-, 𝑦-, and 𝑧-axes for rotations.
Steps (1) to (9) were repeated a total of 6 times for each cup,
giving us, for eachRSA andCT examination, position 1, series
1 and 2; position 2, series 1 and 2; and so on.

2.2. The RSA Method. Uniplanar calibration cage (Cage 43;
RSA Biomedical AB, Umea, Sweden) was used. Digital radio-
graphs (Bucky Diagnostic; Philips, Eindhoven, the Nether-
lands) were then taken using 2 X-ray sources angled at 40∘
to each other.The exposure was set to 125 kV and 2.5mAs for
each X-ray tube. The measurement and migration analyses
were done with the UmRSA 6.0 computer software (RSA Bio-
medical, Umea, Sweden).

The stereoradiographs that composed the RSA exami-
nations were conducted by an experienced radiologic nurse
and a physician with extensive experience using RSA did the
analysis. The condition number and the mean error were
calculated. The condition number assesses the distribution
of markers and should be below 100–110 to be reliable [4].
The mean error represents the stability of the markers and
is acceptable if it is under 0.35mm [7, 8]. In our study, all

Figure 1: Pelvicmodelwith jig holding the cemented cup in place for
the examinations.The jig allows precise translations in 𝑥-, 𝑦-, and 𝑧-
axis by 1.0mm increments and rotations in 1.0∘ increments about the
𝑥-axis.

condition numbers were below 100 and all mean errors below
0.30mm.

2.3. The 3D CT Method. For each position, two CT scans
were obtained. All volumes were acquired using the same
scout view. A clinical CT scanner (Discovery CT750HD, GE
Healthcare, USA) was used. Images were acquired at 120 kVp,
10mAs. The scanner software did not permit reducing the
mAs more. Volumes were reconstructed with an in-plane
resolution of 0.6 ∗ 0.6mm at 0.3mm increments.

2.4. Image Analysis. In order to easily compare two CT vol-
umes, it is helpful if they are viewed simultaneously in
the same spatial alignment. For this we used a 3D volume
image processing tool which includes functions for volume
registration, fusion, and data analysis [5, 6]. This registration
algorithm has been described previously and extensively
validated [9–11]. The semiautomated image registration pro-
cedure has a graphical interface and is used to perform
landmark-based fusion of two volumes. In first step, one of
the two volumes of a pair was spatially aligned with the sec-
ond volume (the reference volume).The spatially aligned vol-
ume is called the transformed volume.This transformation is
possible by using landmarks chosen manually on the coho-
mologous tantalum beads in the pelvis of the two volumes as
shown in Figure 2 [5, 6]. The program used these manually
designated preliminary landmarks as starting points for an
automated process that calculated the best fit center of
the tantalum beads and designated the final landmarks at
the centroid of each bead before the transformation. The
transformed volume could then be compared to the reference
volume. In a second step, we utilize the markers in both cups
of the paired volumes (as landmarks) in order to perform a
numerical analysis to calculate precision and accuracy. All the
measurements were done by a physician experienced in the
CT method who was different from person who did the RSA
analysis.

2.5. Precision. The precision of a measurement is “the degree
to which repeated measurements under unchanged condi-
tions show the same results” [12, 13]. Precision was calculated
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Figure 2: Volume fusion of the transformed and reference volume.
In this experiment the relative movement of the cup is zero. The
overlapping pattern between the two examinations indicates that the
surface representations are closer than the smallest voxel elements
and that visually the precision of this method is good.

as the difference between the double measurements (series
1 and 2) at one predetermined position of the cup relative to
the pelvicmodel. For instance, for 𝑥-translation (𝑥𝑡), 𝑑prec

𝑥𝑡

=

𝑥𝑡
𝑝
1:1

−𝑥𝑡
𝑝
1:2

, where 𝑑prec
𝑥𝑡

is the difference between position 1
series 1 (𝑝

1:1
) and position 1 series 2 (𝑝

1:2
) [13]. If the precision

of the modality were perfect, then the difference between
these two positions would be null. When viewing the two
images, this would look like a perfect fusion between the two
implants, since no movement between the implants relative
to the pelvic model occurred between these scans (Figure 2).

For the precision measurements, we used as many tanta-
lum beads as could be visualized in each modality. In the 3D
CTmodeweusedninemarkers for bone andninemarkers for
the prosthesis for the cemented cup. For the uncemented cup,
we used nine markers for bone and twelve for the prosthesis.
For the standard RSA we used six markers for the cemented
and four markers for the uncemented cup. This reduced
number of markers was due to the fact that the standard
RSA method suffered from marker occlusion, even in our
experimental setting.

2.6. Accuracy. The definition of accuracy is “the degree of
closeness between a measured value and the true value and
contains both random and systemic errors” [12, 13].The accu-
racy of standard RSA was, in this laboratory setting, assumed
to be perfect; that is, standard RSA measures the true migra-
tion of the implant [14]. The standard RSA measurements
were therefore used as the gold standard measurements
when we calculated the accuracy of the 3D CT method. For
assessing accuracy we had to use only the tantalum beads that
could be visualized in both modalities. We used six tantalum
beads with the cemented cup and four with the uncemented
cup and sevenmarkers for bonewith both cups. In a first step,
migrationwas calculated pairwise in positions 1-2, 3-4, and 5-
6 to get independent measurements, in both RSA and CT.

In RSA. For instance, for 𝑥-translation, RSA
𝑥𝑡
1-2
= 𝑥𝑡
𝑝
1

−

𝑥𝑡
𝑝
2

, where RSA
𝑥𝑡
1-2

is the migration of the prosthesis from
positions 1 (𝑝

1
) and 2 (𝑝

2
)

In CT. Consider the following: CT
𝑥𝑡
1-2
= 𝑥𝑡
𝑝
1

− 𝑥𝑡
𝑝
2

, where
CT
𝑥𝑡
1-2

is the migration of the cup from positions 1 (𝑝
1
) and

2 (𝑝
2
).
The difference between the migration values of the two

modalities should ideally be zero if the accuracy is perfect;
that is, 𝑑accurCT

𝑥𝑡

= RSA
𝑥𝑡
1-2
− CT
𝑥𝑡
1-2
= 0, where 𝑑accurCT

𝑥𝑡

is
the accuracy for the 𝑥-translation.

2.7. Radiation. The CT effective dose was calculated using
the manufacturer stated dose length product (DLPmGy-cm)
and combining this with the normalized effective dose DLP
conversion factor (k mSV/(mGy-cm)) for the human pelvis
[15].TheRSA effective dosewas estimatedwith aMonteCarlo
simulation using a software program xDose in our hospital
developed by the National Radiological Protection Board
[16].

2.8. Statistics. We calculated precision and accuracy for
translations and rotations in the 𝑥-, 𝑦-, and 𝑧-axes. The
data was first examined to determine if it followed a normal
(Gaussian) distribution by histograms, box, density, and
quantile-quantile plots so that the standard deviation (SD)
could be used. We calculated the precision for standard RSA
and 3D CT as 2.45 ∗ SD (6 degrees of freedom (d.o.f.)) of the
difference between the double examinations (𝑑prec). The 95%
quantile for the 𝑡-distributionwith 6 d.o.f. is 2.45, and this was
chosen for precision since only random errors are included in
precision measurements. We calculated the accuracy for 3D
CT using the root mean square error (RMS) as 2.57 ∗ RMS
(5 d.o.f.). This gives a measure of the magnitude of a varying
quantity and was chosen since the difference between the
standard RSA and the 3D CT method could be both positive
and negative. The 95% quantile for the 𝑡-distribution with 5
d.o.f. is 2.57 and was chosen because accuracy involves both
systemic and random errors. SPSS 22 forMac was used for all
statistical calculations.

3. Results

The precision for 3D CT was comparable to standard RSA,
ranging between 0.01 and 0.09mm for translations and 0.06
and 0.29∘ for rotations. For standardRSA, theprecision ranged
from 0.04 to 0.09mm for translations and 0.08 to 0.32∘ for
rotations, respectively (Table 1). All markers (twelve for the
uncemented andnine for the cemented cup) could be used for
3D CT whereas six and four markers were used for standard
RSA for the cemented and uncemented cups, respectively.

The accuracy ranged from 0.07 to 0.32mm for transla-
tions and 0.21 to 0.82∘ for rotation for the 3D CT method
(Table 2). The measurements for the uncemented cup had
lower accuracy. This was explained by the fact that the same
rigid bodymodel was usedwhen comparing the twomethods
and via standard RSA we could only identify 4 (out of 9)
markers.
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Table 1: Precision of 3D CT compared to standard RSA.

Standard RSA 3D CT
2.45 ∗ SD Mean Min Max 2.45 ∗ SD Mean Min Max

Uncemented cup
Translation (mm)
𝑥 0.07 0.00 −0.03 0.05 0.01 0.00 0.00 0.01
𝑦 0.05 0.02 −0.02 0.04 0.04 −0.01 −0.04 0.00
𝑧 0.09 0.03 −0.02 0.09 0.09 −0.01 −0.09 0.01

Rotation (∘)
𝑥 0.22 −0.05 −0.15 0.12 0.10 −0.01 −0.10 0.01
𝑦 0.13 0.00 −0.10 0.05 0.06 −0.02 −0.05 0.00
𝑧 0.08 0.00 −0.03 0.05 0.21 −0.07 −0.21 0.01

Cemented cup
Translation (mm)
𝑥 0.08 0.00 −0.04 0.05 0.04 −0.01 −0.03 0.00
𝑦 0.04 0.00 −0.02 0.02 0.04 −0.01 −0.04 0.00
𝑧 0.09 0.00 −0.05 0.05 0.06 −0.02 −0.06 0.00

Rotation (∘)
𝑥 0.19 −0.03 −0.16 0.06 0.14 −0.02 −0.11 0.02
𝑦 0.32 0.02 −0.17 0.14 0.29 −0.14 −0.24 0.02
𝑧 0.12 0.02 −0.03 0.10 0.27 −0.05 −0.27 0.02

Table 2: Accuracy for 3D CT.

2.57 ∗ RMS Mean Min Max
Uncemented cup

Translation (mm)
𝑥 0.29 0.05 −0.11 0.19
𝑦 0.28 −0.06 −0.13 0.05
𝑧 0.32 0.04 −0.06 0.26

Rotation (d)
𝑥 0.82 −0.15 −0.56 0.17
𝑦 0.71 −0.18 −0.52 0.06
𝑧 0.43 −0.04 −0.22 0.10

Cemented cup
Translation (mm)
𝑥 0.19 0.01 −0.17 0.17
𝑦 0.07 0.01 −0.08 0.07
𝑧 0.08 0.00 −0.10 0.07

Rotation (d)
𝑥 0.21 0.01 −0.15 0.28
𝑦 0.44 0.05 −0.43 0.49
𝑧 0.26 −0.01 −0.33 0.22

The landmark designation procedure in the 3D CT was
rapid and required less than five minutes per volume. Since
the 3D volumes could be freely rotated and viewed from
arbitrary angles, it was easy to differentiate between tantalum
beads. In contrast, in standard RSA tantalum beads were
harder to identify than in 3D CT.The effective radiation dose
was estimated to be on an average 0.33mSv per scan for the
3D CT method and 0.1mSv for standard RSA.

4. Discussion

To our knowledge, this is the first study comparing a 3D
CT and a RSA method. There have however been numerous
publications based on our CT method used for other appli-
cations such as acetabular loosening, motion analysis of disc
replacements, and cup wear [5, 6, 17]. Numerous publications
on RSA have shown that it can be used as an early detector
of migration of an implant, which is an early sign for risk of
revision [18, 19]. RSA has therefore been suggested to play
a role in evidence based introduction of new implants. For
knee implants,migration of the tibia component ofmore than
1.6mm during the first year is unacceptable and indicates a
high risk for revision [19]. For hip stems the prediction of fail-
ure of implants is due to the shape of the implant. Migration
exceeding 0.85mm within the first six months is a predictor
for implant failure for anatomical cemented stems [20].

Our aim in this phantom study using a pelvic model was
to compare our new 3D CT method with standard RSA in
terms of precision and accuracy in order to see if this new
method could be used to detect early signs of loosening of
a prosthetic implant in patients who also have implanted
markers. It could therefore provide an alternative for evidence
based introduction of new implants. We found comparable
precision for 3D CT compared to standard RSA in acetabular
components for THA. In standard RSA, even in our experi-
mental setting, both our cups, but especially the uncemented
cup, suffered frommarker occlusion, that is, not being able to
use all tantalumbeads.This problem is common in RSA stud-
ies, especially around uncemented acetabular components;
hence other RSA alternatives have been developed to solve
this problem such as model based RSA [21–23].

We also found a high degree of accuracy for the 3D CT
method when using standard RSA as the gold standard. In
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the uncemented cup we could only use four tantalum beads
that could be visualized on both images in standard RSA
and thus only these markers could be used when comparing
migration between methods. These markers did not form an
optimal stable rigid body for 3D CT; therefore the results of
the accuracy of the uncemented cup were not as satisfying as
those for the cemented cup.

In this model study, the radiation dose was comparable
to RSA. The radiation dose in CT is highly dependent on the
machine and the protocol used for the examination. In this
case, the average effective dose was estimated to be 0.33mSv.
This is a low dose and can be compared to the RSA effective
dose estimated to be 0.1mSv in this study.

CT is easily acquired and the examination can be per-
formed on any modern CT scanner. The acquisition is fast,
and patient positioning in the scanner is not vital, since the
volume can be transformed into an arbitrary spatial orienta-
tion for viewing and processing.

There are several potential benefits from using CT as
opposed to RSA. It greatly speeds up the marking process,
since marker identification becomes trivial when utilizing
powerful, interactive 2D and 3D visualization tools applied
to the CT volume data. This enables 3D evaluation of marker
configuration and distribution. In addition to reporting the
relative motion numerically, the CTmethod gives immediate
visual feedback in both 2D and 3D, with volumes displayed
either side by side or fused. The quality of the registration, in
this case based on the markers attached to the bone, as well
as the relative movement, could be visually evaluated. Any
point in these volumes can be accessed and designated, so
there is potential for studying the relative movement at any
location. Another advantage is that landmarks can be added
on structures other than tantalum beads, if the stability of
the rigid body is not sufficient [24]. Another advantage of
3D CT could be the simultaneous evaluation of, for example,
osteolysis in clinical cases which has not been evaluated in
this experimental study.

Disadvantages of the proposed method are that it is new
and relatively untested for this application and has not been
validated as much as RSA. Additionally, it requires user
interaction which could vary from one operator to another.
To our knowledge, there is no commercially available 3D CT
software at present.

The limitation of our study was that we did not use an
instrument that could directly measure migration of the
implant for comparison with the 3D CT method. Instead we
used the RSA method as a gold standard that has a docu-
mented small error in precision and accuracy [4].

5. Conclusion

In conclusion, 3D CT has comparable precision to standard
RSA and an acceptable accuracy. This CT method could
potentially be used to evaluate patients with RSA markers,
thus avoiding the inability to evaluate these patients over
time due to the lack of facilities for doing stereoradiographs.
Further, the effective dose associated with CT is becoming
comparable to that of two planar X-rays. However, further

clinical studies with the 3D CT method on patients are nec-
essary before it can be used as an alternative method to RSA.
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We propose computer-aided detection (CADe) algorithm for microcalcification (MC) clusters in reconstructed digital breast
tomosynthesis (DBT) images. The algorithm consists of prescreening, MC detection, clustering, and false-positive (FP) reduction
steps. The DBT images containing the MC-like objects were enhanced by a multiscale Hessian-based three-dimensional (3D)
objectness response function and a connected-component segmentation method was applied to extract the cluster seed objects
as potential clustering centers of MCs. Secondly, a signal-to-noise ratio (SNR) enhanced image was also generated to detect the
individualMC candidates and prescreen theMC-like objects. Each cluster seed candidate was prescreened by counting neighboring
individualMC candidates nearby the cluster seed object according to several microcalcification clustering criteria. As a second step,
we introduced bounding boxes for the accepted seed candidate, clustered all the overlapping cubes, and examined. After the FP
reduction step, the average number of FPs per case was estimated to be 2.47 per DBT volume with a sensitivity of 83.3%.

1. Introduction

Recently, there have been several reports that the acquisi-
tion of several projection views (PVs) of the compressed
breast using a conventional full-field digital mammography
(FFDM) detector is sufficient to reconstruct the total DBT
images at a total radiation dose comparable to that used
in mammography [1, 2]; however, the reconstructed 3D
DBT volume contains artifacts from missing information,
regardless of the reconstruction technique applied [3–5].
Despite these shortcomings, it is expected that DBT can
reduce the overlapping breast tissue effect, which is usually
considered to be a limiting factor for lesion detection and
characterization in FFDM [1, 6, 7].

There has been a controversy as to whether or not the
cancer detection performance through prospective clinical
trials has found an increase in sensitivity with a moderate

increase in the call-back rate [8–10]. As a consistent second
reader, CADe may be helpful by detecting lesions in DBT
missed by radiologists owing to the large volume of the image
data, as well as a number of other factors [11].The detection of
MCCs in DBT volumes by radiologists may be more difficult
compared with mammography for two reasons: the number
of MCs on each reconstructed slice will be fewer than the
total number of MC clusters, making it less apparent. CADe
may be of particular interest in DBT for MC detection by
adopting a maximum intensity projection (MIP) method.
MCs may appear blurred from many factors including an
inaccurate system geometry, focal spot motion, and patient
motion. There have been several feasibility studies recently
regarding CADe for MC detection in DBT [12, 13].

It is also important to reduce the number of false negatives
during the search for MCCs in a 3D DBT volume, which
may be more demanding than for mammograms. For these
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reasons, CADe may play an even more important role in MC
detection in DBT than in mammography by automatically
searching for MCCs in a 3D DBT image volume within a
relatively short period of time. There have been a number of
studies regarding the development of CADe techniques for
the detection of masses in DBT [11, 14–17]. Compared with
the detection of masses, preliminary researches regarding the
detection of MCCs on DBT have been reported [12, 18–23].

Reiser and coworkers back-projected binarized PVs con-
taining detected MCs into a 3D volume to conduct an
MIP transformation for second-stage detection [18]. Features
were extracted and a false-positive (FP) reduction step was
conducted with a sensitivity of 86% with 1.3 FP clusters per
DBT volume. Bernard and others developed a detection
algorithm ofMCCs on filtered back-projection reconstructed
slices [21] enhanced by convolving the image volume with a
Mexican hat wavelet with a sensitivity of 85% at an average of
1.4 FPmarks per breast volume. Park and coworkers detected
MCCs on both individual PVs with a sensitivity of 70% at an
average of 3.99 FPs per volume and individual reconstructed
slices with a sensitivity of 86% at an average of 15.9 FPs
per volume [19]. Sahiner and coworkers investigated the
detection of MCCs in the reconstructed DBT volume using
an enhanced-modulated 3Dmultiscale calcification response
function and SNR enhancement [13].

In this paper, a simple and efficient FP reduction
scheme coupled with a detection algorithm for MCCs in a
reconstructed DBT volume using 3D objectness- and SNR-
enhanced images is suggested [13, 23]. For a dataset of two-
view DBTs of 69 breasts with or without MCCs, a view-based
sensitivity of 83.3%was achieved at 2.47 FPs perDBT volume.

2. Data Acquisition

The patient recruitment protocol was approved by IRB.
Breast imaging patients of the breast imaging research
laboratory at Asan Medical Center (Seoul, Korea) who
were recommended for breast biopsy based on suspicious
mammographic breast masses and microcalcifications were
eligible. Written informed consent was obtained from each
patient. We acquired the DBT scans of 15 PV images over
a ±21 angular range in 2.8 increments through a step-
and-shoot operation using the prototype DBT system for
breast imaging research fabricated by KERI (Ansan, Korea)
[25]. The DBT system has a flat panel digital detector with
dimensions of 14.40 cm × 25.92 cm and a pixel pitch of
0.0748mm × 0.0748mm [26–28].The 3DDBT volumes were
reconstructed at a 1mm slice interval with a pixel pitch of
0.1mm × 0.1mm using the FDK filtered back-projection
reconstruction technique [29]. DBT scans of the 69 breasts
were acquired in both craniocaudal and mediolateral oblique
views prior to a biopsy and the location of the biopsy-proven
MCCwasmarked by an experienced radiologist using clinical
mammograms and the biopsy report as references. A total of
19MCCs were identified on the 138DBT scans.

3. Prescreening Step

The MCs are first enhanced using a multiscale Hessian
enhancement with an object-type response function and an
SNR enhancement with combination of several simple digital
filters in the reconstructed DBT volume (Im(𝑥, 𝑦, 𝑧)) [13].
Then, the resulting Hessian-based object-type response vol-
ume is again voxel-wise convolved with the SNR-enhanced
volume, and a connected-component segmentation process
[30] is performed to extract the clustering seed objects for
the MCCs, which are described in Section 5. Before the
prescreening step, we subsampled the DBT images in the 𝑥-𝑦
direction by 10 and themaximum grey level value was chosen
as a representative value to reduce the computational load;
its effect on the detection accuracy is discussed later in this
paper.

3.1. Multiscale Object-Type Response. There is an observation
that all three eigenvalues of the Hessian matrix [30, 31] near
the center of a spherically symmetric lesion with positive
contrast are given negative and are nearly equal to each other
in the case of spherical shape, whereas the Hessian matrix
for voxels that are a part of other types of shapes, such as
lines or planes, will give unequal eigenvalues. In practice,
to optimize the Hessian enhancement process for objects
at different scales and reduce the computational noise from
the estimation of second-order derivatives in the Hessian
operator calculations, the image 𝐼(𝑥, 𝑦, 𝑧) is first convolved
with a 3DGaussian smoothing filter giving a smoothed image
𝐺(𝑥, 𝑦, 𝑧) and Hessian matrix𝐻

𝜀𝛿
setup as follows:
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where the selected values for the objectness parameters of
𝛼 and 𝛾 are 0.1 and 3.0, respectively [32]. We find that the
selection of typically chosen functional type for an object
response is enough to give sufficiently accurate detection
results comparable to other researches.

Then, a response vector 𝑅 = {𝑂(𝜆

𝜎1
), 𝑂(𝜆

𝜎2
), . . .,

𝑂(𝜆

𝜎𝑁
)} at multiple scales {𝜎} = {𝜎1, 𝜎2, . . . , 𝜎𝑁} is obtained

at every (𝑥, 𝑦, 𝑧). In this study, we chose 𝑁 = 3 to reduce
the computational load. After the optimal index for scale
𝑖

∗

= argmax
𝑖
{𝑂(𝜆

𝜎𝑖
)} was estimated, the multiscale object-

type response (MOR) at every voxel of (𝑥, 𝑦, 𝑧) was then
evaluated as 𝑂(𝑥, 𝑦, 𝑧) = 𝑂(𝜆

𝜎𝑖

∗

). Figure 1(b) illustrates
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Figure 1: (a) Amammogram containingMCCs.TheROI drawn by a radiologist is shown in the red circle. (b) Amultiscale Hessian-enhanced
image. (c) An SNR-enhanced image.

the filtering process to enhance the objectness using the
multiscale Hessian matrix.

3.2. 3D SNR Enhancement. From the clinical observations,
many visible MCs are closely related with grey level fluctua-
tions, andwe introduced an SNR enhancement preprocessing
step to each two-dimensional DBT slice independently. It
consists of a combination of three linearmean filters centered
at the calcification candidate, 𝐹

1
, 𝐹
2
, and 𝐹

3
, of sizes𝑀

1
×𝑀

1
,

𝑀

2
× 𝑀

2
, and 𝑀

3
× 𝑀

3
, respectively, where 𝑀

1
= 15,

𝑀

2
= 7, and𝑀

3
= 3, to define a single band-pass filter before

convolutionwith the image and extracting the signal intensity
relative to the slowly varying background image intensity [13].
In order to remove an artifact resulting from the inclusion
of pixels right near the candidate pixel, 𝐹

2
is subtracted from

𝐹

1
filter. Then, the combined band-pass filter was convolved

with DBT volume as illustrated in Figure 1(c). Overall block
diagram for our CADe system of MCCs in DBT images is
given in Figure 2.

4. MCC Detection

In the MCC detection step, we firstly weighted 𝑂(𝑥, 𝑦, 𝑧)

with SNR-enhanced voxel value of SNR(𝑥, 𝑦, 𝑧), where
SNR(𝑥, 𝑦, 𝑧) is given by SNR(𝑥, 𝑦, 𝑧) = 𝐼(𝑥, 𝑦, 𝑧) ⊗ 𝐹(𝑥, 𝑦),
and 𝐹(𝑥, 𝑦) is a resulting 2D digital filter in order to obtain
the multiscale objectness response (MOR). Since both the
multiscale calcification response and the SNR enhancement
are intended to highlight the MCs, it may be expected that
their product will improve the microcalcification detection.

Over MOR(𝑥, 𝑦, 𝑧), a connected-component segmenta-
tion technique was performed to detect about 500 connected
objects as the initial seed objects [30, 33]. Voxels that were
above the binarizing thresholdweremarked and grouped into
3D connected objects to give a labeled image. The labeled
image was again converted to the labeled map to examine the
shape attributes of each segmented and labeled object. The

DBT images

Objectness response images SNR-enhanced images

Segmentation of clustering MCs Segmentation of MCs

FP reduction of clustering MCs

Bounding boxes for MCCs

FP reduction of MCC boxes

MCC boxes from CADe system

Figure 2: The block diagram of our CADe system.

initial threshold was chosen to be relatively high enough to
detect only about 500 connected objects, which are defined
as cluster seed objects below as exemplified in Figure 3.

The noise around each individual MC candidate was
estimated using the SNR3D(𝑥, 𝑦, 𝑧) images as follows.
The squared noise level 𝜎2(𝑥, 𝑦, 𝑧) at each input voxel of
SNR(𝑥, 𝑦, 𝑧) was evaluated from the standard deviation of
the grey level value distribution in the neighborhood of that
pixel. The SNR of the MC candidate was then calculated as
the ratio of 𝜎2(𝑥, 𝑦, 𝑧) and the local mean value 𝑚loc(𝑥, 𝑦, 𝑧)
at the same voxel as follows:

SNR3D (𝑥, 𝑦, 𝑧) =

𝜎

2

(𝑥, 𝑦, 𝑧)SNR(𝑥,𝑦,𝑧)

𝑚loc (𝑥, 𝑦, 𝑧)SNR(𝑥,𝑦,𝑧)
, (3)

where the subscripts indicate the corresponding local oper-
ator performed on the given 3D image. The individual MC
candidates were also labeled using a connected-component
segmentation algorithm and an SNR threshold value of 3.2
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Figure 3: (a) Volume distributions of segmented candidates from
(a) MOR image and (b) SNR image. Blue, brown, green, and violet
colored bars are for RMLO, LMLO, RCC, and LCC modalities of a
DBT image, respectively.

was chosen for the binarization of the SNR3D(𝑥, 𝑦, 𝑧) image
to locate about 5,000MC candidates, independent of the
cluster seed object detection process.

Then, anMC clustering process was applied to choose the
MCC candidates as follows. Note that only the clustering seed
objects segmented from the MOR images were considered as
the clustering center. Starting with each cluster seed object,
individual MC candidates satisfying the clustering criteria of
their distances being within 5mm from the cluster center
were included as cluster members. Figure 4 shows a snapshot
of our MCC detection system before MC clustering and FP
reduction step.

5. False-Positive Reduction

As a first step to reduce the FPs for the MCC candidates,
we applied a rule-based classifier with two rules related to
the voxel sum of the individual MCs and the number of
cluster seed candidates in the neighborhood of the candidate
cluster. The voxels of individual MC candidates within a
5mm radius of the cluster seed candidate were counted and
the first rule specifies that if this number is less than 9, the

cluster seed candidate will be eliminated. We also counted
the number of nearby cluster seed candidates within a 5mm
radius of the cluster candidate under consideration. The
second rule specifies that if this number is less than 2, the
cluster candidate will be eliminated.

Second, the cubes minimally containing the MCs were
generated and clustered for a further FP reduction. To qualify
the clustered MCs, a bounding cube was generated for
each accepted seed candidate. The overlapping cubes were
combined and examined to determine whether the number
of combined cubes is larger than one. Next, we examined
the number and voxel sum of the included individual MC
candidates contained in each cube. When the number of
the included individual MC candidates within the resulting
MCC cube was less than 80 or the total volume of the MC
candidates was less than 140mm3, the combined cube was
eliminated.

In this study, a suggested MCC candidate on the DBT
image was considered as true positive, if the overlapped vol-
ume between the annotated gold standard and the detected
MCC candidate is larger than zero, to simplify the volumetric
analysis between them. Further improvement of the FP
reduction algorithm using the elaborated volumetric analysis
as a next step will be reported in the near future.

6. Results and Discussion

As shown in Figure 4, our detection and screening system
for the MCCs in DBT successfully suggests the outlining
range of inspection. Using view-based scoring, the average
number of FPs using the datasets was estimated to be 2.47
per DBT volume at an 83.3% sensitivity, which was found
to be comparable with other pioneering researches [12, 13].
In particular, it is notable that the FPs for the DBT volumes
with MCCs proven to be positive were found to be 2.24,
lower than 2.56 for the DBT volumes without an MCC
[34]. It is noted that our CADe system gives less FPs with
the true-positive lesion marking than with normal breast
images, indicating that our algorithm should be improved
further to give the lower specificity or less FPs with the
same sensitivity results. It is well known that the higher
rate of FPs of the breast cancer diagnosis usually leads to
increased psychological and economical burden, meaning
that the patients undergo unnecessary and exhaustive diag-
nostic procedures. It is also notable that the clinical criterion
of FPs per case for CADe based on any commercial medical
imaging modality is eventually under or about to be one-per-
case, and the mammography CADe of the breast cancer has
been proven to satisfy such a criterion. Our results compared
with the clinical gold standards marked by a radiologist
(as exemplified in Figure 5) indicate that the feasibility of
automated detection algorithm of MCCs in reconstructed
DBTvolumes coupledwith the relatively simplified clustering
and FP reduction algorithm, however, is also necessary to
fine-tune the prescreening parameters to reduce the number
of FPs.

In principle, our approach basically utilizes the combi-
nation of two microcalcification enhancement processes: (1)
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(a) (b)

Figure 4: Snapshots of our MCC detection system (a) before and (b) after clustering step. Red circles are for the clustering MC candidates
extracted from an MOR image after the prescreening step based on the analysis of the individual MC candidates extracted from an SNR
image. Blue square means a bounding box after the prescreening step. Left top, right top, left bottom, and right bottom images are for RLMO,
LMLO, RCC, and LCC modalities of a DBT image.

(a) (b)

Figure 5: (a) Amammogram containingMCCs.The ROI drawn by a radiologist is shown in the red circle. (b) ADBT slice with the suggested
MCC bounding cube. The blue square containing the MCCs was automatically determined during the CADe calculation. Red dots or circles
indicate the MC seed objects before the FP reduction step.

3D objectness enhancement of the MC response based on a
multiscale Hessian analysis and (2) SNR enhancement based
on a combination of linear boxcar filters. The FPs per DBT
volume were counted from the dataset after two FP reduction
steps, and the free response receiver operating characteristics
(FROC) curve for the detection system is shown in Figure 6.
The area under the FROC curve normalized to 20.44 FPs per
DBT volume at a sensitivity of 100.0% was estimated to be
0.88 [35–38], implying that our results are in quite reason-
able agreement with previous researches in spite of several
assumptions and the setting of the evaluation parameters
[39–41], however, giving slow convergence of the sensitivity
as FPs increase.

Our CADe system contains a large number of parameters
for prescreening, clustering, and FP reduction stages. In
this preliminary study, we focused on the effect of the FP
reduction threshold parameters. The binarizing threshold
values for the MOR volume and the SNR-enhanced volume
were chosen empirically, implying that further studies with a
larger DBT image set to optimize the control parameters may
improve the MC detection performance [42–44].

The MOR function used in this study was introduced for
spherically symmetric objects; however, pathology-proven
MCs will have a variety of shapes, including elongated, stel-
lated, and irregular shapes. In addition, the interplanar arti-
facts resulting from the adopted limited-angle reconstruction
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Figure 6: The overall performance of the MCC detection and FP
reduction algorithm in terms of the FROC curve. Solid brown line is
for the ROCusing ourCADe algorithm. Solid blue and dashed green
lines are for the ROCs using the FP reduction algorithm involving
convolution neural network features with the DBT volume and the
digital mammography [24].

algorithm to obtain DBT image may distort the shape of the
MCs in the depth direction and influence the performance
of the applied segmentation method probably giving lower
sensitivity of MCC detection [22]. Further studies regarding
the anisotropic properties of the SNR distribution in the
depth direction are also desired.

It should be commented that there have been some
notable reports regarding MC detection on PVs [18, 19].
The MC detection on each two-dimensional PV is supposed
to be independent of the specific reconstruction method,
meaning that its detection results can be compared without
the interplanar artifacts originating from the incomplete
reconstruction algorithm for theDBT images. Tomosynthesis
reconstruction with multiple noisy PVs can play a role in the
prescreening step in the clinical MC detection approach by
increasing the SNR of the targets.

It is notable that several pioneering reports involving
various imaging modalities, such as three-dimensional DBT
volume itself [24] and the planar projection view images
[45], have been published up to now; however, the CADe
for DBT images seems to be not outperforming that for
digital mammography within near future. It is also worth
commenting that, recently, there has been a report of a
multimodal joint-CADe algorithm involving both DBT and
projection view images [46].

Further research using the independently acquired DBT
volume dataset is in progress to validate our proposed FP
reduction algorithm.

7. Conclusion

We developed a CADe system with a simplified FP reduc-
tion scheme for the detection of MCCs in reconstructed
DBT volumes. The result of our proposed MCC detection
algorithm is a promising approach, giving detection results
comparable to other researches. Ongoing researches include

further optimization of the FP reduction parameters using
a large dataset and the 2D-3D hybridized detection on
both PVs and the reconstructed volume. It is expected that,
with further study on the CADe algorithm to improve the
detection accuracy, the CADe system may play the role of
a second reader by assisting radiologists in the detection of
MCCs in DBT in the near future.
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Accurate diagnosis of acute appendicitis is a difficult problem in practice especially when the patient is too young or women in
pregnancy. In this paper, we propose a fully automatic appendix extractor from ultrasonography by applying a series of image
processing algorithms and an unsupervised neural learning algorithm, self-organizing map. From the suggestions of clinical
practitioners, we define four shape patterns of appendix and self-organizing map learns those patterns in pixel clustering phase. In
the experiment designed to test the performance for those four frequently found shape patterns, our method is successful in 3 types
(1 failure out of 45 cases) but leaves a question for one shape pattern (80% correct).

1. Introduction

Appendicitis, one of the most common surgical abdominal
emergences, is an inflammation of the appendix that can
be classified into early appendicitis, gangrenous appendicitis,
gangrenous appendicitis, chronic appendicitis, and acute
appendicitis according to its development stage [1]. Typically,
the illness begins with vague midabdominal discomfort
followed by nausea, anorexia, and indigestion and within
several hours the pain migrates to the right lower quadrant
[2]. Examination at this point shows localized tenderness to
one-finger palpation and perhaps slight muscular guarding.
Rebound or percussion tenderness (the latter provides the
same information more humanely) may be elicited in the
same area [3].

Often the site of maximum tenderness is located at
McBurney’s point, at which lies two-thirds along a line from
the umbilicus to the anterior superior iliac spine [4]. How-
ever, there are various kinds of difficulties in the diagnosis of
acute appendicitis especially for high false-positive diagnosis
rate in women aged between 20 and 40 [5] and women in
pregnancy because the nausea, vomiting, and abdominal pain

of appendicitis can also be features of pregnancy and physical
examination may not be reliable in them [6].

Recent studies advocate the use of medical imaging to
reduce the rate of negative appendectomies [7]. Among
available imaging modalities such as ultrasonography (US),
computed tomography (CT), and magnetic resonance imag-
ing (MRI), US may be especially useful where there are
equivocal clinical signs or an indeterminate diagnostic score.
In these situations, US may improve diagnostic accuracy by
reducing the number of false negatives and therefore prevent
unnecessary surgery [8]. US examination should be the first
imaging test performed, particularly among the pediatric and
young adult populations [9], who represent the main targets
for appendicitis, and in pregnant patients.

Among known sonographic findings of acute appendici-
tis, a threshold of 6mmdiameter of the appendix under com-
pression is the most accurate US finding for appendicitis [10].
Thus, the critical point, 6mmof the diameter of the appendix,
is a crucial factor in decision making for appendectomy. As a
result, the measurement error of 1mm near the critical point
may lead doctors to a serious misdiagnosis [2].
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While the reliability of US in diagnosing acute appendici-
tis is much improved to be matched with that of CT or MRI
[6], current naked eye examination of the US has limitations
in accurate measurement in cases of unclear delineation of
the appendix with thick abdomen and in cases showing ill-
defined borders of the appendix by surrounding tissues and
its intrinsic operator subjectivity [2].

Thus, there are growing needs for an intelligent deci-
sion making tool for more accurate diagnosis by artificial
intelligence technology and careful image processing and
analyzing algorithms. Unfortunately, there are few tools for
the practitioners to use with credibility to date. A preliminary
study applies several histogram thresholding methods in
detecting appendix [11] but that method is weak when the
brightness contrast is not very high and will have potential
information loss in edge linking procedure.

Pixel clustering methods [2, 12, 13] are designed to
enhance the brightness contrast and form an appendix object
from US by using fuzzy binarization [12] or forming object
with K-means clustering [13], ART2 neural learning, and
fuzzy ART [2] to overcome the subjectivity of US analysis and
to extract appendix automatically with high accuracy.

While the recent result [2] demonstrates its superiority
in successful extraction rate (high sensitivity) with fuzzy
ART over other pixel clustering methods, failed extrac-
tion cases suggest that there might be a close relationship
between the shape of the appendix in the image and the
brightness distribution of the surrounding environments.
Thus, in this paper, we propose a more efficient method
to extract appendix area correctly by using self-organizing
map (SOM) algorithm [14] in the critical pixel clustering
process instead of fuzzy ART. SOM shares its structural
stability with fuzzy ART as it is relatively not sensitive to
the setting of vigilance parameter but it is also a nonlinear,
ordered, smooth mapping of high dimensional data onto the
regular, low-dimensional array [15]. SOM is an unsupervised
learning neural network tool used in many medical image
analysis applications successfully [16, 17]. Another advantage
of SOM in object clustering over fuzzy ART in this medical
application is that SOM can learn more coherent clusters
than fuzzy ART in pixel clustering such that it is less
sensitive to the shape of the appendix with respect to the
brightness distribution of its surroundings. Medical experts
suggest that there can be four distinctive shape-brightness
types in consideration and those types cover most clinical
appendicitis cases in practice. Thus, our method is expected
to show more stable performance than previous attempts
for various shape patterns of appendices in the US images.
Our experiment is designed with respect to such clinical
observations in this paper.

Knowing that the appendix is located at the lower organ
area below the bottom fascia line, we conduct a series of
image processing techniques to find the fascia line correctly
and limit the region of interest to form the appendix object
accurately. Figure 1 demonstrates the overall process of our
method.

The first step of our automatic extraction methodology
is to enhance the brightness contrast by ends-in search
stretching [18]. Knowing that the appendix is below fascia

Abdomen 
ultrasound stretching

Fuzzy

and region
Cubic spline 
interpolation

Remove fascia SOM learning contour Extract

image
Ends-in search binarization

appendix

labeling

8-directional 

tracking

Figure 1: Process of appendix extraction.

Image capture information

Graduated ruler for measuring

Fascia

Appendix region

Figure 2: Typical input ultrasound image.

area, our method tries to find and remove the fascia area to
limit the region of interest. In this part, the bottom fascia lines
are carefully treated with cubic spline interpolation [19] such
that the lines are correctly connected. The appendix area is
then extracted from that image by applying SOMalgorithm to
form the target object and then the boundary lines are refined
by 8-directional contour tracking again.

2. Removing Fascia Area after Stretching

As shown in Figure 2, abdomen ultrasound image consists
of image filming information on the above and measurement
information on the right and the abdomen image at the
center. In the abdomen image, there are fascia area including
muscles and appendix area below the fascia. Appendix has the
shape of a circle or flat oval.

Usually the size of appendix is between 6mm and 12mm.
After ends-in search stretching for enhancing the brightness
contrast and removing unnecessary measuring ruler part
from input US as we did in [12], we set up the fuzzy
membership function for binarization for our region of
interest (ROI). Unlike [12], in this paper, we apply trapezoidal
membership function as shown in Figure 3, where 𝐼Max and
𝐼Min denote the brightest and the darkest pixel of the ROI,
respectively, and let 𝑇 be the average of 𝐼Max and 𝐼Min. Then,
(1) defines the upper bound of trapezoid that hasmembership
degree 1 as interval [𝐼

𝑠
, 𝐼
𝑒
]

𝐼
𝑠
=
𝑇

3
,

𝐼
𝑒
= 2𝐼
𝑠
.

(1)
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Figure 3: Membership function for fuzzy binarization.

The whole membership degree over interval [𝐼Min, 𝐼𝑠, 𝐼𝑒,
𝐼Max] is defined as

if (𝐼Min < 𝐼 ≤ 𝐼𝑠) then
𝐼 − 𝐼
𝑠

𝐼
𝑠
− 𝐼Min
+ 1

if (𝐼
𝑠
< 𝐼 ≤ 𝐼

𝑒
) then 𝜇 (𝐼) = 1.0

if (𝐼
𝑒
< 𝐼 ≤ 𝐼Max) then 𝜇 (𝐼) =

𝐼 − 𝐼
𝑒

𝐼Max − 𝐼𝑒
+ 1.

(2)

𝛼-cut is themedian of the interval (0.5) in this paper since
there is no specific preference.

The effect of fuzzy binarization is shown in Figure 4.
From the result of fuzzy binarization, we apply 8-

directional contour tracking algorithm [18] to extract fascia
boundary lines. Fascia has the shape of a horizontally long
thin object; thus we extract such object that is long enough
(longer than 1/3 of the width of the ROI in this paper) as fas-
cia. Figure 5 shows results of 8-directional contour tracking.

Unfortunately, the binarized noiseless image may have
disconnected fascia area due to the brightness difference of
that area. In order to reconnect them, cubic spline interpola-
tion [19] is applied. Figure 6 demonstrates the effect of cubic
spline interpolation.

Then we remove such fascia area so that the refined ROI
is focused on the extraction of appendix.

3. Extracting Appendix with
Self-Organizing Map

SOM algorithm is a time-efficient unsupervised learning
algorithm that maps complex multi-dimensional data onto a
2-dimensional space without predefined number of clusters
or correlation between data. Like fuzzy ART, SOM also is
not sensitive to the setting of vigilance parameter but the
arrangement of nodes (neurons) may concern its perfor-
mance. The usual arrangement of nodes is two-dimensional
regular spacing in a hexagonal or rectangular grid as shown in
Figure 7 and we choose hexagonal arrangement in this paper.

Since the shape of our target object, appendix, has oval
shape, it is more natural to use hexagonal arrangement than
rectangular ones. In this quantification process using SOM,
we let our SOM learn sufficiently many times in repetition.
Algorithm 1 summarizes our adoption of SOM in this paper.

Step 1: Initialize weights
𝑤 ← random value

Step 2: Set topological neighborhood and learning rate
𝛾 ← integer
𝛼 ← small number (0 < 𝛼 < 1)

Step 3: While stop condition is not satisfied,
do Steps 4–8
Step 4: For each input 𝑥

do Steps 5–8
Step 5: Compute distance

𝐷(𝑗) = ∑

𝑖

(𝑤
𝑗𝑖
− 𝑥
𝑖
)
2

Step 6: Find winner neuron 𝑦
𝑗

Step 7: Update weights within radius
𝑤
𝑘+1

𝑗𝑖
= 𝑤
𝑘

𝑗𝑖
+ 𝛼 [𝑥

𝑖
− 𝑤
𝑘

𝑗𝑖
]

Step 8: Reduce learning rate and radius
Step 9: Test stop condition

Algorithm 1: SOM learning algorithm.

The effect of quantification by SOM learning is as shown
in Figure 8.

The last part of the appendix extraction process is again 8-
directional contour tracking [18]. Figure 9 shows an example
of appendix extraction and Figure 9(c) represents a snapshot
of implemented software.

4. Experiment and Analysis

The system is implemented in Visual Studio 2010 C# with
Intel(R) Core(TM) i7-2600 CPU @ 3.40GHz and 4GB RAM
PC. Sixty images containing appendicitis supplied by Busan
Paik Hospital and Busan National UniversityMedical Center,
Korea, are used in this experiment. The actual system gives
some characteristic features of extracted appendix as shown
in Figure 9(c).

Medical experts in this field suggest that there are a
few shape-brightness pattern types of appendices found in
clinical practice. Four patterns shown in Figure 10 are what
they observe most frequently. Appendix in type A represents
an oval appendix whose surroundings are brighter than
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(a) Input image (ROI) (b) Fuzzy-binarized

Figure 4: Effect of fuzzy binarization.

(a) Input (b) Fascia extracted

Figure 5: Extracting fascia lines with contour tracking.
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(a) Fascia after tracking (b) Fascia after cubic spline

Figure 6: Extraction of fascia boundary line.

(a) Rectangular type (b) Hexagonal type

Figure 7: Node arrangement for SOM learning.

the appendix area. Type B represents a hooked shape of
appendix. Type C represents also an oval shape appendix
but the brightness of the appendix is much lower than the
surroundings. Type D, which is the hardest to extract in this
experiment, represents a long oval shape appendix whose
brightness contrast is very low compared with surroundings.
For type D, thus, the shape is more important than the

brightness contrast in naked eye inspection but the automatic
procedure will suffer the most.

In experiment, we arrange 15 DICOM US images for
each type. Figure 11 demonstrates the successful and failed
extraction cases for each pattern type.

Apparently, type C is the easiest and type D is the hardest
for both human expert and the software. Table 1 summarizes
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(a) Below fascia ROI (b) Quantized by SOM

Figure 8: The effect of quantization by SOM.

(a) Input image (b) Appendix extracted

(c) Snapshot of the implemented software

Figure 9: Automatic extraction of appendix: example.
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(a) (b)

(c) (d)

Figure 10: Shape-brightness patterns of appendices.

Table 1: Appendix extraction results.

Type Previous [2] Ext. rate Proposed Ext. rate
A 13 86.7% 15 100.0%
B 12 80.0% 14 93.3%
C 15 100.0% 15 100.0%
D 9 60.0% 12 80.0%
Total 49 81.7% 56 93.3%

the experimental result of our proposed algorithm comparing
with previous fuzzy ART approach [2].

The success and failure decision in this experiment is
made by the agreement of multiple medical doctors. In our
experiment, there is no true negative input image; thus the
specificity is the extraction rate (ext. rate) in Table 1.

As one can see from Table 1, type C is easy for both
algorithms but, in other types, the proposed SOM based
learning improves the specificity compared with that of
fuzzy ART.The result supports the observation that although
fuzzy ART is also a method that is not sensitive to the
vigilance parameter settings, low brightness contrast would
limit the power of ART learning in clustering phase. In that
sense, we confirm that the SOM learning is more stable in
clustering. Figure 12 demonstrates the difference between
previous approach [2] and proposed method in quantization
(upper image) and the extraction result (lower image).

5. Conclusion

In this paper, we propose a method to extract appendix auto-
matically by using a series of image processing algorithms
and self-organizing map that learns typical shape patterns
of appendix from US. Accurate extraction of appendix area
from such appendicitis cases could be critical when the
patient is a woman in pregnancy or a young child when that
is found as acute appendicitis. Developing such software that
extracts target appendix automatically with high accuracy is
much needed to avoid operator subjectivity and to sustain
high reliability.

The proposed software adopts SOM learning such that it
learns the shape patterns and shows stable performance in
extracting target appendix accurately in most cases through
carefully designed experiment. Extracted appendix results
were shown to multiple medical experts and it is regarded as
correct extraction when two or more human experts agree
that the output from the software is sufficiently accurate. In
that regard, our proposed software correctly extracted target
appendix of various patterns in 56 cases out of 60 given cases
(93.35%) and is completely successful in two out of four types
of shape patterns. Such performance is a good improvement
from our previous fuzzy ART based methodology. However,
the shape type D that has very long oval shape with weak
brightness contrast from surroundings still has room for
improvement as being only successful in 80% of the given
cases.
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(a) Type A, both successes

(b) Type B, both successes

(c) Type C, both successes

(d) Type D, success and failure

Figure 11: Appendices extractions with respect to the shape patterns.
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(a) Previous [2] (b) Proposed

Figure 12: Direct comparison of appendices extraction.
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Purpose. 124I has a half-life of 4.2 days, which makes it suitable for imaging over several days over its uptake and washout phases.
However, it has a low positron branching ratio (23%), because of prompt gamma coincidence due to high-energy 𝛾-photons (602 to
1,691 keV), which are emitted in cascade with positrons.Methods. In this study, we investigated the optimal PET energy window for
124I PET based on image characteristics of reconstructed PET. Image characteristics such as nonuniformities, recovery coefficients
(RCs), and the spillover ratios (SORs) of 124I were measured as described in NEMA NU 4-2008 standards. Results.Themaximum
and minimum prompt gamma coincidence fraction (PGF) were 33% and 2% in 350∼800 and 400∼590 keV, respectively. The
difference between best andworst uniformity in the various energywindowswas less than 1%.The lowest SORs of 124I were obtained
at 350∼750 keV in nonradioactive water compartment. Conclusion.Optimal energy window should be determined based on image
characteristics. Our developed correction method would be useful for the correction of high-energy prompt gamma photon in 124I
PET. In terms of the image quality of 124I PET, our findings indicate that an energy window of 350∼750 keV would be optimal.

1. Introduction

PET is a widely used noninvasive diagnostic modality for
imaging functional and biochemical phenomena in vivo. The
imaging of glucose metabolism using 18F-FDG is a routinely
used PET imaging technique. The imaging of the hypoxia,
perfusion, and proliferation is also possible using commonly
used PET radionuclides, such as 11C, 13N, 15O, and 18F [1, 2].
Recently, the use of 124I has increased, since it is useful for
pretherapeutic PET dosimetry and for studying monoclonal
antibody kinetics to predict 131I activity distributions [3–5].
124I could be used to investigate lengthy biological processes
due to its long half-life (4.2 days), which makes it suitable
for imaging over several days during the biological uptake
and washout phases of radiolabeled antibodies [6, 7]. Char-
acteristics of 124I were compared with 18F in Table 1. 124I has

a lowpositron branching ratio (23%).High-energy 𝛾-photons
(602–1,691 keV) are emitted in a cascade with positrons, and
a low positron branching ratio leads to decrease sensitivity.
If high-energy 𝛾-photons are recorded within the energy
window, a prompt gamma coincidence, due to high-energy
𝛾-photons, generates false coincidence. In addition, prompt
gamma coincidence contributed to the detection of spurious
background activity [8, 9].

Furthermore, high-energy gammas are emitted in cas-
cade with positrons.These lead to spurious coincidences and
reduction of image quality [10, 11]. Although several research
groups have studied the quantification and correction of
prompt gamma coincidence for 124I PET [9, 10, 12–14],
the quantification of 124I PET remains challenging. Because
prompt gamma coincidence due to high-energy 𝛾-photons
was emitted in 124I PET, optimal PET acquisition settings
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Table 1: Characteristics of 124I in comparison with 18F.

124I 18F
Half-life 4.18 day 109.74min
Max. positron energy (keV) 2,138 635
Branching ratio (%) 23 97

Gamma energy (keV)
511 (23%)
602 (60%)
722 (10%)
1,691 (11%)

511 (97%)

were required to improve image quality. Other papers were
studied count based evaluation and did not consider the
prompt gamma coincidence correction [8, 10, 15]. So, they
suggest use of relatively narrow energy window in order to
exclude high-energy gamma prompt photons. Although the
NECR was used to assess the image quality of PET, recently
there was a report that SNR of reconstructed image cannot
be predicted by the NECR especially on the PET image using
iterative reconstruction method [16, 17]. Because raw data
may not follow a Poisson distribution due to dead time, thus,
the use of the NECR may be limited [16, 18].

In contrast, we proposed prompt gamma coincidence cor-
rectionmethod in a previous study [19]; we could successfully
correct the prompt gamma photon in 124I. Our developed
method was applied to reconstructed image not count based
NECR metric. Therefore, optimal energy window in 124I
PET should be determined on reconstructed image. In this
study, we assessed the image quality of reconstructed PET to
determine the optimal energy window in 124I PET with var-
ious parameters on Siemens Inveon PET (Siemens Medical

Solutions, USA) [20–22]. Image qualities such as nonunifor-
mity, recovery coefficient, and spillover ratio were assessed
according to NEMA NU 4-2008.

2. Materials and Methods

2.1. System Description. The Inveon system was preclinical
systemwith high sensitivity and high resolution.The detector
consists of 64 detector blocks with a 16.1 cm of ring diameter
and 12.7 cm of axial FOV. The crystal size is 1.51 × 1.51 ×
10mm3 and the crystal pitch is 1.59mm.The packing fraction
is 92% [15, 20–22].

2.2. Correction of Prompt Gamma Coincidence of 124I.
Recently, we developed the method for determination of
prompt gamma coincidence fraction of 124I [19]. Briefly, the
process of measurement of sensitivity and prompt gamma
coincidence fraction were described as follows; to measure
the prompt gamma coincidence fraction, we measured the
sensitivities of 124I and 18F using NEMA NU 2 like sensi-
tivity phantom (length: 12.7 cm) [23]. Source activities were
506 kBq for 124I and 673 kBq for 18F, respectively. Sensitivities
were measured at the condition below 1% dead time loss.
PET data was collected for 5min using 1∼5 aluminum sleeves
of 1mm thickness and different diameters. Intrinsic and
background activities were measured for 1 hr and subtracted
from total prompt counts within every energy window set.
Branching ratio corrected sensitivities of 124I and 18F were
also calculated. Sensitivities and prompt gamma coinci-
dence fraction were calculated with various energy windows.
Prompt gamma coincidence fractions (PGFs) were predicted
using the following equation:

PGF =
(branching ratio corrected value of 124I sensitivity − branching ratio corrected value of 18F sensitivity)

branching ratio corrected value of 124I sensitivity
. (1)

We determined prompt gamma coincidence fraction at
various energywindows.The lower level discriminator (LLD)
was fixed at 350 keV to minimize the effect of intrinsic
radioactivity due to the presence of 176Lu [24, 25]. Because
adjustment of the upper level discriminator (ULD) was
influential for the assessment of prompt gamma coincidence
due to the high-energy single 𝛾-photons of 124I (602 to
1,691 keV), the ULD was increased in steps of 25 or 50 keV
from 550 keV to 800 keV. Energy window of 400∼590 keV
was also included to compare the result with previous study
[8]. To perform the prompt gamma coincidence correction
[19], we derived the sinogram for the scatter component and
then multiplied by a PGF. The prompt gamma coincidence
corrected emission sinogramwas then determined as follows:

Prompt gamma coincidence-corrected emission sinogram

= emission sinogram − (scatter sinogram × PGF) .
(2)

2.3. Image Quality. NECR is the metric based on measured
PET count rate. Therefore, we assessed image quality on
reconstructed 124I PET image to determine the optimal 124I
PET energy window. Image qualities such as nonuniformity,
recovery coefficient (RC), and spillover ratio (SOR) were
measured according to NEMA NU 4-2008. The NEMA NU
4-2008 image quality phantom (length 50mm, diameter
30mm, and volume 20.7mL) is consisted of three parts in
cylindrical. Space of the center is uniform region (length
15mm, diameter 30mm) and this part means actual signal to
noise of imaging equipment. The upper part of the uniform
region is cold region that has two empty spaces (length
15mm, inner diameter 8mm, and outer diameter 10mm).
One space fills air and the other space fills nonradioactive
water. Although both cylinders are nonradioactive, scattered
photons, nonzero positron range, and randomor other effects
may cause the reconstructed images to display activity in
these compartments. So measurement of spillover ratio from
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cold region displays accuracy of scatter correction. Bottom of
the cylinder (length 20mm, diameter 30mm) has five fillable
rods with diameters of 1, 2, 3, 4, and 5mm and center of each
rod is 7mm from the cylinder axis. This part serves recovery
coefficient.

According to the NEMA NU 4-2008 guideline, 20min
of scan time and 3.7MBq of 18F were needed. Because 124I
has a lower positron branching ratio compared to that of 18F,
longer scan time and higher activity of 124I were needed to
avoid the bias due to the difference of positron number when
image quality was compared. In the study of Disselhorst and
coworkers, a corrected scan time of 4700 s and activity of
14.4MBq were used for 124I PET, because equal positron
numbers were needed for proper comparison as the branch-
ing ratios of 124I and 18F were different [11]. In our present
study, we also used 4700 s of PET scan time and 14.4MBq
of 124I to maintain the same level of positron numbers when
image characteristics of 124I were investigated. The image
quality phantom was placed in the center of the scanner
FOV and PET data was acquired at various energy windows
settings to determine the optimal PET energy window. The
lower level discriminator was fixed at 350 keV, and the higher
level discriminator was increased in steps of 25 or 50 keV
steps from 550 keV to 800 keV.The timing window was set to
3.432 nsec. 3D list mode PET data were sorted into sinogram
using FORE and reconstructed using 2D FBP with a ramp
filter. The pixel size of reconstructed images was 0.776 ×
0.776mm2. Attenuation correction was performed using
57Co point source [26]. Normalization, scatter correction
(SC), prompt gamma coincidence correction, and dead time
correction were also applied.

2.3.1. Nonuniformity. Tomeasure nonuniformity, a volume of
interest (VOI) (length 10mm, diameter 22.5mm) was drawn
at the center of the uniform region. The values of the means
and standard deviations (SD) in this VOI were measured.
Nonuniformity (NU) was expressed as percentage SD (%SD:
standard deviation divided by mean multiplied by 100%).

2.3.2. Recovery Coefficient. Thefive radioactive source fillable
rods (diameters 1, 2, 3, 4, and 5mm) in the bottom of
the cylinder (length 20mm, diameter 30mm) were used to
determine RCs. To determine the RCs, circular ROI of twice
the rod diameter was drawn around each rod. Maximum
values and SDs were measured for each profile. RC was
defined as the ratio between the measured maximum values
in rods and the mean value in the uniform area. %SD of RCs
were calculated using the following equation:

%SDRC

= 100

× √(
SDline profile

Meanline profile
)

2

+ (
SDuniform region

Meanuniform region
)

2

.

(3)

2.3.3. Spillover Ratio. The upper part of the uniform region
was a cold region consisting of two empty spaces (length

15mm, inner diameter 8mm, and outer diameter 10mm).
One empty space was for air and the other space was for non-
radioactive water. To calculate the SOR, two cylindrical VOIs
(length 7.5mm, diameter 4mm) were drawn in the air and
nonradioactivewater filled compartments.Thehalf size of the
water or nonradioactive compartments was used tominimize
the effect of the longer positron range of 124I in ROI analysis
[11]. SOR was defined as the ratio between the mean value
of a cold cylinder and the mean value of the uniform area.
The effect of prompt gamma coincidence due to high-energy
𝛾-photons (602 keV to 1,691 keV) emitted from 124I was
assessed in terms of SOR for different PET acquisition energy
windows.

2.4. Noise Equivalent Count Rate. In another previous study,
an optimal energy window for 124I small animal imaging was
determined using NECR [8]. In our present study, we also
calculatedNECRs usingMonteCarlo simulation [27] to com-
pare the result of image quality assessment on reconstructed
image.

Inveon consists of 16 modules providing 80 full crystal
rings with an axial length of 127mm and a ring diameter of
161mm. Size and pitch of crystal are 1.51 × 1.51 × 10mm3 and
1.59mm. Energy resolution was 14.5% and coincidence win-
dow was set to 3.432 ns [20]. NEMA NU 4 mouse phantom
(diameter = 2.5 cm, length = 7 cm) was placed at the center.
124I source simulated all the physical process during emission
and interaction of positrons. NECRwas then calculated as the
following equation:

NECR = 𝑇
2

𝑇 + 𝑆 + 2𝑓𝑅 + 𝑓PGF
, (4)

where 𝑇, 𝑆, 𝑅, PGF, and 𝑓 are prompt gamma coincidence
corrected true, scatter, random, and prompt gamma coinci-
dence fraction and average fraction of the projection taken
up by the object. Simulation for NECR was repeated under
various energy windows. The lower level discriminator was
fixed at 350 keV, and the higher level energy discriminator
was increased in steps of 25 keV from 550 keV to 800 keV.
Energy window of 400∼590 keV was also included. Source
activity was 1MBq to 50MBq for measurement of NECR.

3. Results

3.1. PromptGammaCoincidence Fraction of 124I. Thebranch-
ing ratio uncorrected 124I sensitivities in representative
energy windowwere 1.57, 1.78, 2.04, 2.26, and 1.31%within the
energy window of 350∼550, 350∼600, 350∼650, 350∼750, and
400∼590 keV, respectively. The branching ratio uncorrected
18F sensitivities were 6.44, 6.51, 6.54, 6.61, and 5.43% within
the energy window of 350∼550, 350∼600, 350∼650, 350∼750,
and 400∼590 keV, respectively.The branching ratio corrected
sensitivities were 9.83% for 124I and 6.81% for 18F within
an energy window of 350∼750 keV and timing window of
3.432 ns. The difference between “branching ratio corrected”
and “branching ratio uncorrected” sensitivities was the por-
tion of prompt gamma coincidence fraction. The PGF was
31% at 350∼750 keV. The PGFs were presented in Table 2.
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Table 2: Prompt gamma coincidence fraction (PGF) at different
energy window settings.

Energy window (keV) PGF
350∼550 0.03
350∼600 0.13
350∼625 0.19
350∼650 0.24
350∼675 0.26
350∼700 0.27
350∼725 0.29
350∼750 0.31
350∼775 0.32
350∼800 0.33
400∼590 0.02
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Figure 1:Nonuniformity (%SD) in the uniform region of theNEMA
NU 4 image quality phantom.

Themaximum andminimum PGF were 33% and 2% in 350∼
800 and 400∼590 keV, respectively.

3.2. Image Quality

3.2.1. Nonuniformity. The nonuniformity of the NEMA NU
4 image quality phantom for 124I was shown in Figure 1.
The highest and the lowest nonuniformities were 7.63% and
6.99% within energy windows of 350∼550 and 350∼750 keV,
respectively.Thedifference of nonuniformitywith the various
energy windows was <1%. When SC and PGF were applied,
nonuniformity was slightly worse. The mean difference was
0.35 and 0.84 percentage point when applying SC and PGF
correction, respectively, compared to applying only AC.

3.2.2. RC. The RC and %SD of RC values of the different
rods were shown in Table 3. For 124I PET, 1mm sized rod was
not discernible on the image. Therefore the RC for a 1mm
sized rod was not calculated. The representative values of RC
within an energy window of 350∼750 keV were as follows.

RCs were 0.27, 0.41, 0.54, and 0.67 for 2, 3, 4, and 5mm rods,
respectively.

3.2.3. SOR. SORs in the air and nonradioactive water com-
partments were shown in Table 4 with different energy
windows. The lowest SOR value was obtained within an
energy window of 350∼700 and 350∼750 keV in air and
water, respectively. The lowest SOR values in air and water
compartments were −6.47% and 0.26% at 350∼700 and 350∼
750 keV, respectively. Negative value of SOR after scatter
correction was due to bias scaling of single scatter simulation
algorithm which was reported in Disselhorst and colleagues’
study [11]. The highest SOR value was obtained within an
energy window of 350∼650 keV in both air and water. When
SC was compared with AC, SOR values were decreased by
roughly 4.28 percentage point in air and by 6.74 percentage
point in water. When PGF was compared with AC, SOR
values were decreased by roughly 7.66 percentage point in air
and by 12.79 percentage point in water.

Considering the actual mouse experimental conditions,
the weighted SOR (wSOR) was calculated using the following
equation:

wSOR = √𝑓air ⋅ SORair
2
+ 𝑓water ⋅ SORwater

2
. (5)

The weighting factor of 𝑓air and 𝑓water represents the ratio
of the volume occupied by the air and water, respectively, in
mouse whole body. The value of 𝑓air was the ratio of lung
volume in mouse carcass which was calculated using organ
density and mass for mouse model (𝑓air: 0.027, 𝑓water: 0.973)
[28]. Considering the actual mouse experimental conditions,
air (lung)/water fractions were determined. The minimum
value of the wSOR was assumed to be the desired point, and
the corresponding energy window was the optimal energy
window. The lowest wSOR value was obtained within an
energy window of 350∼750 keV for reconstructed images
when AC, SC, and PGF corrections were applied (Table 4).

3.3. Noise Equivalent Count Rate. Figure 2(a) shows the
NECR curve in different energy windows.The highest NECR
was obtained at 400∼590 keV. The 2nd highest NECR was
found at 350∼600 keV and the NECR was decreased as the
ULD was increased (Figure 2). Figure 2(b) showed which
energy window has the maximum of the NECR. The NECR
was calculated with 5MBq of 124I, the actual activity of
injecting the mouse. The LLD was first fixed at 350 keV, and
the ULD was increased in 25 keV steps starting at 550 keV
until 800 keV. The normalized NECR curves were generated
with optimized energy windows. Individual NECR was nor-
malized with the value of NECR at 350∼600 keV. Normalized
value of NECR with varying ULD was plotted in Figure 2(b).

4. Discussion

In this study, we measured the PET sensitivity and image
quality parameters of 124I in order to identify an optimal
energy window for 124I imaging. We can find that PGF was
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Table 3: Recovery coefficients and %SD values for 5 different rods.

Rod diameter∗ (mm) 2 3 4 5
RC† %SD‡ RC %SD RC %SD RC %SD

FBP
350∼550 0.23 32.90 0.36 44.09 0.53 50.20 0.64 65.26
350∼600 0.24 29.89 0.39 40.54 0.50 46.35 0.62 63.38
350∼625 0.27 33.43 0.40 45.78 0.52 47.42 0.62 62.90
350∼650 0.27 31.06 0.38 42.24 0.49 46.74 0.63 62.11
350∼675 0.22 27.41 0.38 42.26 0.60 45.78 0.60 61.49
350∼700 0.25 28.95 0.40 41.27 0.57 46.76 0.67 61.51
350∼725 0.26 30.60 0.37 40.65 0.52 47.11 0.65 62.01
350∼750 0.27 31.20 0.41 44.30 0.54 46.57 0.67 61.64
350∼775 0.24 29.34 0.41 41.95 0.57 47.07 0.65 62.14
350∼800 0.23 25.71 0.41 41.56 0.55 46.94 0.68 62.98
400∼590 0.24 32.66 0.37 43.36 0.49 49.37 0.66 66.94

∗For 124I PET, RC could not be calculated for a 1mm rod size, because this rod was not discernible by 124I PET.
†RC: recovery coefficient.
‡%SD: percent standard deviation.
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Figure 2: NECR curve for different energy windows (a) at the lower threshold was 350 keV in all cases except 400∼590 keV. Normalized
NECR variation according to ULD (b).

increased with wider energy windows (Table 2). PGF at
350∼550 and 400∼590 keV was almost zero. This result is
consistent with the other paper [8].

Nonuniformity was increased within narrower energy
window. The highest and the lowest nonuniformities were
7.63% and 6.99% within energy windows of 350∼550 and
350∼750 keV, respectively. The difference between the low-
est and the highest nonuniformities with various energy
windows was <0.6 percentage point. When SC and PGF
were performed, nonuniformity became slightly worsened
due to reducedmeasured count within corresponding energy

windows. This tendency for increase of nonuniformity after
SC has been previously reported [11]. The difference of
nonuniformity was 0.35 percentage point whether the scatter
correction is performed or not. When PGF was performed,
the difference of nonuniformity was larger than SC (0.84
percentage point).

The RCs of the 4 different rods were shown in Table 3. In
this study, since a 1mm diameter rod was not discernible by
124I PET, we could not calculate the RC of a 1mmdiameter for
124I. This was due to the properties of limit resolution of 124I.
A low RC value means low detectability in small hot regions
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Table 4: Spillover ratio in air and water compartments with
attenuation, scatter, and single gamma photon correction applied.

Energy window Air Water wSOR‡

350∼550 −5.03 1.01 1.30
350∼600 −4.33 1.26 1.43
350∼625 −3.40 1.80 1.86
350∼650 −2.68 2.87 2.86
350∼675 −4.14 2.15 2.22
350∼700 −6.47 0.79 1.32
350∼725 −5.85 0.39 1.03
350∼750 −5.54 0.26 0.95
350∼775 −5.77 1.58 1.83
350∼800 −5.41 2.36 2.49
400∼590 −5.75 1.40 1.67
Mean difference∗ 4.28 6.74 N/A§

Mean difference† 7.66 12.79 N/A
∗Mean difference: mean difference of spillover ratio between attenuation
correction and attenuation and scatter correction.
†Mean difference: mean difference of spillover ratio between attenuation
correction and attenuation and scatter and single gamma photon correction.
‡Weighted SOR (wSOR).
§Not applicable.

(<1mm diameter) for 124I PET due to higher positron range
than 18F. According to Bao et al.’s report, the RCs of 18F were
0.17, 0.48, 0.72, 0.84, and 0.93mm for 1, 2, 3, 4, and 5mm rods,
respectively [22]. The difference of RCs between 124I and 18F
was about 30% compared with Bao et al.’s paper. These were
associated with the reduced spatial resolution. The FWHMs
(full width at half maximum) were reported to be 2.38mm
and 1.81mm for 124I and 18F, respectively (about 30% differ-
ence) [11]. Regarding the effect of the energy window, RCs
were not significantly different within the energy windows
(𝑝 > 0.05). RC was dependent on the spatial resolution. %SD
of RC was increased for wider energy windows. When SC
and PGF were applied, RCs were not significantly changed
(𝑝 > 0.05).This was well accordant with a previous study [11].

SORs in the nonradioactive water and air compartments
were shown in Table 4. The lowest SOR value was obtained
within an energy window of 350∼700 and 350∼750 keV in air
and water, respectively. The highest SOR value was obtained
within an energy window of 350∼650 keV in both air and
water. After PGF correction, SORs were improved by 7.66
percentage point and 12.79 percentage point at air and non-
radioactive water compared to the value of SOR after AC. In
this present study, we compared multiple parameters for the
assessment of image quality for determination of optimal PET
energywindowof 124I. Because sensitivity andnonuniformity
simply depend on PET count statistics, RC was not changed
with different energy windows. Therefore, assessment of
SOR would be more crucial for determination of optimal
PET acquisition window. In particular, for 124I PET, single
gamma photons also should be considered for the analysis
of SOR. The SOR was improved after single gamma photon
correction; our proposed correction method was reasonably
suitable for correction of single gamma photon. Although

SOR in water included the effects of scatter and positron
range, SOR in air reflected only scattered photons; because
the positron range in airwasmore than 1m, almost no annihi-
lations occurred in air [11].Thus, the value of SOR in thewater
was more important than in air. For 124I PET, image quality
was found to be affected by SOR for various energy windows
and prompt gamma photon correction. We calculated wSOR
to determine the optimal energy window considering the
composition ratio of air and water. The best value of wSOR
was obtained with an energy window of 350∼750 keV.

The NECR has been commonly proposed to find optimal
parameters of PET scanners. Therefore, in another previous
study, optimal energy windows for 124I small animal imaging
with the Inveon PET system were determined based on
NECR [8]. In our NECR result, the optimized ULD was
determined to be 600 keV, among our experimental design
of energy window setting. This is the most similar ULD
proposed in other experiments (590 keV) [8]. Additionally,
the highest NECR was obtained at 400∼590 keV. This result
was in agreement with the other study [8].

Optimal energy windows based on NECR were deter-
mined to be 350∼600 keV in present study and 400∼590 keV
in the other study. The values of wSOR were 1.43 and 1.67
with an energy window of 350∼600 keV and 400∼590 keV,
respectively. The values of wSOR with an energy window
of 350∼600 keV and 400∼590 keV were not lowest when
energy window was determined based on NECR. The lowest
wSOR values were 0.95 with an energy window of 350∼
750 keV.This was because NECR did not account for possible
count rate bias such as the systematic mispositioning of data
because of spatial pile-up effects [29]. This phenomenon was
more prominent for 124I due to the emissions of high-energy
gamma photons. Therefore, evaluation of image quality was
necessary to choose the appropriate energy window. Optimal
energy window was determined by considering the analysis
of SOR. Although the PGF was increased with wider energy
windows, the best SORwas showed in 350∼750 keV. As apply-
ing the prompt gamma correction, conditions that guarantee
the count rate to some extent were optimal energy window.
In this study to determine the energy window, our interest is
not count based evaluation but reconstructed image quality
based evaluation. We have proposed a relatively wide energy
window; it means the proposed correction method consider-
ing PGF was useful to quantify the 124I PET. Therefore, there
was a big difference between our proposed method (prompt
gamma correction method) and NECR metric. According to
our proposed method, energy window “350–750 keV” was
best energywindow.Although this energywindowwaswider,
prompt gamma coincidence could be corrected using our
proposed prompt gamma correction method and this result
was assessed using image quality from the reconstructed PET
data. Therefore, we could use wider energy window for 124I.

5. Conclusion

The present study described the image characteristics to
suggest an energy window of 124I. Optimal energy window
should be determined based on image characteristics and
the SOR was important factor to determine the optimal
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energy window in 124I PET. Our developed prompt gamma
correction method would be useful for the quantification of
124I PET.
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Arterial spin labelling (ASL) is a noninvasive magnetic resonance imaging (MRI) modality, capable of measuring blood perfusion
without the use of a contrast agent. While ASL implementation for imaging the brain and monitoring cerebral blood flow has
been reviewed in depth, the technique is yet to be widely used for ocular tissue imaging. The human retina is a very thin but
highly stratified structure and it is also situated close to the surface of the body which is not ideal for MR imaging. Hence, the
application of MR imaging and ASL in particular has been very challenging for ocular tissues and retina. That is despite the fact
that almost all of retinal pathologies are accompanied by blood perfusion irregularities. In this review article, we have focused on
the technical aspects of the ASL and their implications for its optimum adaptation for retinal blood perfusion monitoring. Retinal
blood perfusion has been assessed through qualitative or invasive quantitative methods but the prospect of imaging flow using ASL
would increase monitoring and assessment of retinal pathologies. The review provides details of ASL application in human ocular
blood flow assessment.

1. Ocular Blood Perfusion Quantification

Our sense of vision is critically dependent on all the com-
ponents of our eye to function cohesively, so we will have
a clear image of the outside world. The retina is the light-
sensitive tissue that is lined on the inside surface of the
eye and contains nerve cells, which convert incoming light
into electrical impulses (Figure 1). Anatomically, retina is
a highly stratified tissue, consisting of multiple cell types
organized into its layered structure. Each layer of the retina
performs distinct and yet interdependent functions, which in
conclusion support the phototransduction process [1]. Briefly
and moving from inside in contact with the vitreous outside,
these are the inner limitingmembrane, nerve fibre layer, gan-
glion cell layer, the inner plexiform layer, inner nuclear layer,
the outer plexiform layer, outer nuclear layer, the external
limiting membrane inner/outer segment of photoreceptors,
and the retinal pigment epithelium. Like all the other tissues
in the human body, the retinal layers of different cell types
need oxygen, and hence blood supply, to survive.

The twomajor sources of blood supply to themammalian
retina are the retinal and the choroidal blood vessels [2].
The choroidal vascular bed receives the bigger blood flow of
about 65–85% of the total blood flow and the remaining 15–
35% flows to the retina through the central retinal artery [3].
While the choroidal circulation is vital for the maintenance
of the outer retina and particularly the photoreceptors, the
retinal vasculature nourishes the inner retinal layers. The
arterial input to the eye is derived from the internal carotid
artery and includes central retinal artery, the short and long
posterior ciliary arteries, and the anterior ciliary arteries.
Venous outflow from the eye is primarily via the vortex
veins and the central retinal vein.The choroidal arteries arise
from long and short posterior ciliary arteries and each of the
posterior ciliary arteries breaks up into fan-shaped lobules
of capillaries that supply localized regions of the choroid.
The arteries pierce the sclera around the optic nerve and fan
out to form the three vascular layers in the choroid: outer
(most scleral), medial, and inner (nearest Bruch’s membrane
of the pigment epithelium) layers of blood vessels [4, 5]. Any
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Figure 1:The layered structure of the retina. (a) General anatomy of the eye, including the retina lining the back of the eye; and (b) the cellular
component of retinal stratified structure. (c)The segmented raw retinal OCT image overlaid with seven identified boundaries. (d) Raw OCT
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deficiency of either of these two retinal circulations could
result in blood perfusion alterations in the retina which is
linked to several retinal pathologies [6].

Perfusion allows for the delivery of oxygen and nutrients
to tissues by means of blood flow and it is one of the
most fundamental physiological parameters [7]. Disorders
correlated with blood perfusion such as stroke account for
much of the medical morbidity in industrialized nations,
and blood flow alterations also commonly accompany other
pathophysiological changes such as cancer, epilepsy, and
neurodegenerative diseases [8]. Hence, the measurements
of perfusion have direct diagnostic value. Tissue perfusion
is usually measured using a diffusible tracer that can be
exchanged between the vascular compartment and tissue
[9]. Conventional fluid flow describes the volume of liquid
passing a given point per unit of time and has a unit of
mL/min. However, perfusion flow is amore useful physiolog-
icalmeasure. Perfusion flow is the volume of fluid (i.e., blood)
passing in and out of a given weight of tissue per unit of time.
That is because the cerebral and retinal blood flow should be
distinguished as a rate for a specific tissue weight [10].

There are many methods of measuring blood perfusion,
including methods based on computed tomography (CT),
laser Doppler, single-photon emission computed tomogra-
phy (SPECT), and MRI. The majority of these techniques
require the injection of an exogenous tracer that acts to
alter the signal intensity as the contrast agent moves through
the blood, allowing the quantification of tissue perfusion.
Both CT and SPECT techniques provide high sensitivity to
perfusion [11] but are unsuitable for serial studies requiring
multiple examinations owing to the use of ionising radiation.
MRI techniques using gadolinium based contrast agents
(GBCA) also provide high sensitivity while avoiding the
use of ionising radiation. However, the risks associated with
GBCA such as nephrogenic systemic fibrosis (NSF) make
such techniques unsuitable in at-risk patients. The use of
contrast agents that are not gadolinium based such as fluori-
nated halocarbons [12], deuterated water (2H

2
O) [13, 14], and

17O-water [14] has been investigated. The use of arterial spin
labelling (ASL) techniques eliminates the requirement for
externally administered agents and exploits the advantages
offered by MRI-based techniques [15, 16].

2. ASL

Theprimary benefit of ASL over otherMRI-based techniques
is that the use of the blood itself as a tracer eliminates the
risks associated with GCBA and other exogenous tracers. As
a result, ASL is of most use in cases where the use of an
exogenous contrast agent is contraindicated [17] or in cases
where patients require multiple perfusion assessments in a
single study [18]. In studies of the eye, for example, it may be
appropriate to assess perfusion under a variety of conditions
during the same study, making techniques based on exoge-
nous contrast agents undesirable [19, 20].

ASL requires that the arterial blood supplying the tissues
of interest is labelled by modifying its magnetization. Image
contrast is affected by the presence of the labelled blood in the
imaging volume. Acquiring an image of the tissues of interest

after a sufficient delay time to allow the labelled blood to enter
the imaging volume results in a decrease in signal related
to the local tissue perfusion. Comparing the labelled images
to those acquired without the labelled blood allows regional
variations in tissue perfusion to be identified. Further, this
signal can be modelled to determine the tissue perfusion
at each voxel. In both the qualitative and the quantitative
applications of ASL, the resulting signal depends on the tissue
properties, timing considerations, and imaging parameters.
For this reason, ASL techniques used in any study need to be
specifically optimized for the tissue of interest [21, 22].

2.1. Applications of ASL. In a clinical setup, ASL can be
grouped with other anatomical (e.g., spin-lattice T1 or spin-
spin T2) or functional (e.g., fMRI) imaging sequences in
order to provide a comprehensive assessment of the imaged
organ [23]. To date, the major clinical applications of the ASL
have been focused on studying the brain and its disorders
[24]. Several studies have used ASL to detect regional hypop-
erfusion in patients suffering from Alzheimer’s dementia
([25, page 2000], [26]) or frontotemporal dementia [27, 28].
Epilepsy is another neurological disorder in which ASL
can be applied for diagnosis and management. Interictal
hypoperfusionmeasured by ASL has been shown to correlate
with interictal hypometabolism ([29, 30], [31, page 200]). ASL
has also been used in conjunction with other modalities to
monitor the diagnosis and treatment effects of several brain
affective disorders such as depression [30, 32], schizophrenia
[33], Parkinson [34], and hypoperfusion of prefrontal cortex
[35]. Furthermore and combinedwith fMRI, ASL is proved to
be an appealing approach for imaging brain activations dur-
ing long time scale processes and more ecological paradigms
such as motor learning [36], emotion or mental states [37–
39],mood changes [40, 41], andnatural vision [42].Theutility
of ASL in detection ofmigraine [43, 44] and focal seizure [44]
has also been demonstrated in several case reports. ASL can
be combined with fMRI to look at brain’s oxygenation and
functionality since it provides absolute quantification of brain
blood perfusion and is less susceptible to baseline drift and
motion artefact [45, 46]. Finally, since ASL is reagent-free it
has become an appealing technique in paediatric studies, as a
biomarker for functional brain development in both healthy
populations and developmental disorders [47, 48].

Apart from the field of brain research, new applications
of ASL are being investigated around the world. Preliminary
studies of the applicability of ASL in the cardiovascular
investigations [49] and its related pathologies such as stroke
have been looked at [50, 51]. ASL has also been obtained from
postischemic extremities in patients with peripheral vascular
disease [49]. The kidney is another highly perfused tissue
where ASL has also been used [52]. Lastly, since tumorous
tissue usually has higher perfusion than healthy tissue, ASL
has been applied for detection and grading of tumours [53,
54]. One reason for the spread of ASL’s clinical usage has
been the verification of its measurements against previously
stablished flowmetry methods.

ASL MRI has been validated against other quantita-
tive technologies such as Dynamic Susceptibility-Weighted
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Contrast-Enhanced MRI [55–57], PET scan, and using dif-
ferent exogenous contrast agents [58, 59]. Furthermore, since
ASL image contrast is not based on susceptibility effects, it
could be used to study regions of high static field inhomo-
geneity [60–62]. This property of ASL is especially valuable
while imaging highly layered structures such as the eye’s
retina [63, 64].

ASL implementations are now commercially available on
all major MRI platforms and their reproducibility has been
confirmed by several multicentre studies [46, 65]. However,
before applying this technique in the clinic, many of its
technical parameters have to be studied and optimized. Here
we are going to review the effects of a number of these factors
on the quality of the ASL measurements.

2.2. Technical Considerations. Early implementations of ASL
used a series of short labelling pulses (PASL), to label the
arterial blood [66–68]. The shorter pulses mitigate the SAR
issues and high power deposition, but the nonadiabatic
nature of the labelling pulses results in decreased labelling
efficiency and lower ASL signal.

The next generation of ASL implementations is known as
continuous ASL (CASL) [16]. In CASL schemes, the blood
that passes through the labelling slab is continuously affected
and allows blood magnetization to reach a steady-state, max-
imising the signal difference between the labelled and control
conditions [69]. However, this labelling scheme leads to
increased magnetization transfer effects that would decrease
the accuracy of the measurements. The long labelling pulses
used in CASL are particularly problematic in higher field
strength systems. At these higher fields, specific absorption
rate (SAR) is increased, leading to higher amounts of RF
energy being absorbed and potentially increasing local heat-
ing in tissues. Longer RF pulses, like those used in CASL,
also lead to increased SAR, exacerbating any potential heating
occurring in patients [44, 70].

The latest implementation of ASL in manymodern appli-
cations is the pseudo-continuous ASL (pCASL) (Figure 2),
which is used to overcome the limitations of PASL and CASL
[15, 60]. Rather than using a single continuous labelling pulse
like CASL, 1000 or more shaped magnetization pulses are
very rapidly applied to label the arterial blood. Compared
to CASL, pCASL provides superior labelling efficiency and is
compatible withmodern body coil RF transmission hardware
that is now ubiquitous on clinical MRI scanners. In practice,
the signal-to-noise ratio (SNR) of the pCASL implementation
is higher than other methods due to two reasons. Firstly, in
pCASL implementation the temporal duration of the labelled
slab is longer which in turn leads to larger volume of labelled
blood that is delivered to the tissue, leading to an increased
SNR. Secondly, even for an interval of equal temporal
duration, it has been shown that the labelled magnetization
delivered to the blood is higher using pCASL [71].

Over the past decade, there has been a general trend to
the use of higher field strength systems owing to the higher
overall SNR. Theoretically, the expected ASL signal will
increase proportional to the strength of the main magnetic
field. Wang et al. [69] studied the effects of the magnet
field strength on the implementation of ASL to quantify

CASL

PASL

pCASL

Labelling pulse
Image acquisition

Image acquisition

Image acquisition

Labelling time Postlabelling delay

Labelling
pulse

Postlabelling delay

Labelling pulse train

Labelling time Postlabelling delay

Figure 2: Different implementations of ASL pulse sequence for
MR, continuous (CASL), pulsed (PASL), and pseudo-continuous
(pCASL) technique.

the cerebral blood flow. They reported that, using similar
pulse sequences, a 4 T magnet generated more than twice the
amount of ASL signal compared to a 1.5 T magnet, consistent
with the theoretical expectations. Other studies have used
7 T magnet strength to apply ASL to human brain [72, 73];
however, it has been noted that since these high strengths are
much more susceptible to off-resonance fields especially at
the tagging location, a robust prescan procedure is needed to
optimize the ASL parameters [74].

In all forms of ASL, ideally the labelling pulse will result
in perfect and complete labelling of the arterial blood. In this
ideal case, all of the blood passing through the imaging vol-
ume will contribute to the ASL signal. However, in magnets
with clinical field strengths, the lifetime of the magnetically
tagged blood is about 1300–1750ms. The labelling lifetime
along with the timing delays used in the pulse sequence will
influence labelling efficiency. The postlabelling delay time
(the delay between the labelling pulse train and acquisition)
needs to be set so that the labelled blood arrives at the tissue
of interest when it is acquired. Shorter delays can be used
to reduce scan time but come at the expense of potentially
inefficient labelling since the labelled blood has not had
sufficient time to arrive at the imaging slice. A longer delay
could be used to ensure that more labelled blood perfuses
the tissues of interest but labelling efficiency may be reduced
owing to T1 relaxation effects [75].

Aside from timing and protocol-specific effects, labelling
efficiencies in ASL also depend on the hardware used. Higher
magnetic field strength systems provide increased efficiency
in ASL studies [76] owing to the increase in overall SNR as
well as the lengthening of T1 in tissues [70].Themultichannel
head coils have been shown to increase the SNR of the ASL
scans [77] and allow for the use of parallel imaging techniques
[45].The coil arrays used in parallel imaging can be exploited
to decrease the echo time (TE) and maximise the signal
from tissues with very short T2, such as the retina [78]. The
higher SNR achieved by using multichannel coils has also
been shown to provide more accurate quantification of tissue
perfusion [79–81]. The gain in SNR is also mentioned when
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Figure 3: (a) Statistical map extracted from our ASL dataset is showing the correlation map of voxels (arrow) activated to the visual stimulus
(𝑍 > 3.23). (b) ASL perfusion signal in mL/100 g/min units is extracted from active voxels shown on (a) over the time course of our exper-
iment. Red blocks denote the periods of light stimulation.

surface coils are used in conjunctionwith standard head coils,
imaging the brain, the kidney, and the eye [82].

Similar to other MRI techniques, ASL is also sensitive
to motion and susceptibility artefacts. Motion artefacts are
an issue in all MR imaging techniques owing to the effec-
tively long scan times, resulting in difficulties for some
patients to remain still throughout the examination. In ASL,
misregistration resulting from motion between the control
and labelled data can cause local or global changes in ASL
signal not related to tissue perfusion [83–85]. Magnetic
field inhomogeneities are problematic in EPI-based protocols
such as ASL where the long echo trains used can result in
image distortions or significant signal loss. Field inhomo-
geneities will also affect the labelling efficiency, particularly
in pCASL techniques owing to the nonadiabatic nature of
the labelling pulses [22]. Artefacts specific to ASL studies,
such as enhanced T1 shortening owing to the presence of
gadolinium based contrast agents, and insufficient suppres-
sion of intravascular spins can also result in suboptimal image
quality [83–85].

Fortunately, many of these issues can be partially miti-
gated by the use of background suppression [86, 87]. Blood
labelling in ASL is inherently inefficient with only 1-2% of
the spins in the blood contributing to the signal, so the
use of effective background suppression will increase ASL
signal-to-noise ratio and sensitivity and result in improved
quantification of perfusion measures. In order to incorporate
background suppression in ASL implementation, an initial
saturation pulse is applied to the imaging region.This satura-
tion pulse is then followed by carefully timed magnetization
inversion pulses. Such combination results in the longitudinal
magnetization of the static target tissue being close to zero at
the time of image acquisition. Meanwhile, the tagged arterial
blood water molecules that are passing through the target tis-
sue have not experienced the initial saturation pulse, but only

the inversion pulses [88–90]. Hence, the ASL perfusion signal
is preserved, while the static tissue signal is nearly eliminated.

2.3. Applicability of ASL in the Eye. The mammalian retina
is found to have a high rate of perfusion [91–94], which is
required for the maintenance of the physiological homeosta-
sis in the highly compartmented ultrastructure of the retina.
Retina is the most metabolically active tissue in the human
body [95] and is highly sensitive to the local perfusion rates of
the retinal and choroidal circulations. The choroidal arteries,
which feed the outer retina, arise from the posterior ciliary
arteries that penetrate the sclera around the optic nerve [4].
Simultaneously, the retinal vasculature network is branched
from the central retina artery and feeds the deeper layers of
the retina. The central retina artery itself receives its blood
supply from the Circle of Willis, which is formed by an arte-
rial polygon and supplies the blood of the eye and the brain.

The retinal circulation has no autonomic innervation and
is regulated by local factors [6] while the choroidal circulation
is not autoregulated and is mainly controlled by sympathetic
innervation [96]. Using a 9 TPhillipsmagnet in a preliminary
study, we have previously shown that ASL can be applied to
image this nonregulated blood flow in the retina (Figure 3).
The perfusion rates of the blood in retina have been tried
to be measured using other methods, including laser speckle
[97], ultrasound combined with enhanced depth imaging
OCT [98], high frequency immersion ultrasound [99], OCT
Angiography [100, 101], Doppler OCT [102], ultrahigh speed
swept source/Fourier domain OCT [103], and laser Doppler
flowmetry [104]. Most of these techniques have not been
transformed to the clinical setup, due to their limitations
in sensitivity, reproducibility, and accuracy. However, the
perfusion rates of the retinal and choroidal circulations are of
clinical importance as they are altered and affected in many
of the common retinal pathologies.
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Several studies have shown that, within retina, the outer
segments of the photoreceptors are the most metabolically
active [105, 106]. Due to such high demand of blood perfu-
sion, the ability to regulate steady blood flow in the retina
is essential for the health of this tissue. Normal blood flow
within the retina and choroidal vasculatures is altered in a
number of retinal disorders that affect the overall vision.

Diabetic retinopathy (DR) is an ocular manifestation
of diabetes which disturbs the normal retinal vasculature
function and often leads to capillary occlusion and if left
untreated to vascular proliferation [107, 108]. By the time
that the manifestation of DR becomes clinically observable,
irreversible changes to the retinal vasculature network have
already occurred. These changes (i.e., proliferation of the
retinal vasculature) are in response to the tissue hypoxia
which is known to occur in DR; however, the exact time
when hypoxia begins is as yet unknown [109]. In ophthalmic
clinical studies, it has been shown that retinal blood flow is
reduced before and in the early stages of DR [110–112]. This
initial flow reduction is then followed by an increase in retinal
blood flow, possibly due to the release of vascular endothelial
growth factor (VEGF), which in turn leads to proliferative
retinopathy [113, 114].

Glaucoma is a term encompassing a group of disorders
of the eye which generally damage the optic nerve. Often
the onset and progression of glaucoma are accompanied by
an increase in the intraocular pressure (IOP) of the patient.
There is evidence that there is a relationship between ocular
perfusion and damage progression in patients with glaucoma
[115]. There is further evidence that an eye with elevated
IOP could experience conditions similar to those suffering
from reduced retinal perfusion [105, 116]. Due to the effective
autoregulation in the retinal circulation, the decreased per-
fusion pressure of the eye suffering from glaucoma does not
affect the PO

2
of the inner retina [117]. On the other hand, the

choroidal blood flowwas shown to be decreased in glaucoma,
resulting in hypoxic conditions at the photoreceptors [116].

Retinopathy of prematurity (ROP) is affecting premature
infants and it is marked by abnormal growth of blood
vessel in the retina. ROP progresses firstly by delayed retinal
vascular growth after birth and partial regression of existing
vessels. This is then followed by neovascularization induced
by hypoxia [118]. ROP was first associated with exposure
to high levels of oxygen after the initial description of the
disease [119]. In order to maintain healthy and sufficient
blood perfusion levels in premature infants, currently supple-
mental oxygen is closelymonitored [120].The current clinical
treatment to stop the progression of this condition is the
indirect laser photocoagulation to bring the perfusion rates
of the retina towards normal levels [121].

Retinal detachment is a condition that could occur due
to various often advanced pathologies of the retina. In this
condition, the retinal tissue peels away from the RPE [122].
During retinal detachment progression, the photoreceptor
segments are separated from their supporting vasculature.
This process leads to lower oxygen values at the photorecep-
tors site, inducing local hypoxic conditions and increasing
the cell death rate under this condition. It has been shown

that retinal detachment is correlated by altered choroidal
perfusion rates [123].

3. Application of ASL in Animal Models

The ASL modality is capable of noninvasively quantifying
blood perfusion in scanned tissues. A recent study showed
that ASL could provide sufficient resolution and SNR to
accurately measure the different blood flow of the retinal
and choroidal circulations in mice eyes [63]. Furthermore,
the same study showed that ASL can correctly quantify the
changes of blood flow modulated by anaesthetics in their
animal model. It was mentioned that the retinal blood flow
changed from 1.3 ± 0.44 to 0.88 ± 0.22mL/g/min and cho-
roidal blood flow changed from 7.7± 2.1 to 4.3± 1.9mL/g/min
due to anaesthesia.

In a following study, a mouse model of diabetic retinopa-
thy was imaged with ASL [124]. The blood flows of the mice
were quantified at early and late time points after onset of
hyperglycemia. It has been reported that the choroidal blood
flow was reduced by 20% in the diabetic group compared
with the control group after 10 weeks. After 30 weeks, it was
observed that both choroidal and retinal blood flows were
notably lower in the mice model of diabetic retinopathy. The
visual performance of these animals was also found to be
significantly worsened.

In the third study from the same authors, changes in
retinal and choroidal blood flows of the mouse model of
retinitis pigmentosa were measured with ASL [125]. Here
it was observed that the retinal blood flow was decreased
consistently and significantly through the course of the study.
The same effect was not observed in the choroidal blood flow
though.

Reference [126] measured the retinal and cerebral blood
flows in rats under light and dark adapted conditions using
ASL. These measurements were then reconfirmed with flu-
orescent microspheres. The choroidal blood flow was mea-
sured at 64.8 ± 29𝜇L/min during dark adaptation and 66.0
± 17.8 𝜇L/min during light adaptation condition. Retinal BF
was 11.6 ± 2.9 𝜇L/min during light adaptation and between
8.2 and 9.9 𝜇L/min under dark adapted environment. A 10Hz
flickering light stimulation was also applied which led to
significantly higher retinal blood flow but not the choroidal
blood flow 13.5 ± 3.2 𝜇L/min.

ASL was utilized to obtain high resolution blood flow
measurements of rat models of retinitis pigmentosa [127]. A
CASL pulse sequence and an 11.7 T small animal MRI were
combinedwith customized surface coil to implement theASL
technique here. It was hence possible to have 44 ∗ 44 𝜇m
in-plane resolution and differentiate between retinal and
choroidal circulations in rats’ retinas. This study found that
choroidal and retinal circulations have different susceptibility
to progressive retinal degeneration in this animal model.

A follow-up study looked at applying ASL to look at the
effects of acute hypertension on the choroidal and retinal
blood flows, in a rat model [128]. In this study, an autoregula-
tory behaviour was observed in the retinal blood circulation,
while a baroregulation response was imaged in the choroid
vasculature. The authors believe that their animal model was
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useful in studying retinal and choroidal vascular dysregula-
tion.

The most human-like implementation of ASL in animal
models was done using eight baboons and a 3-Tesla clinical
scanner [129]. The retinal blood flow was measured under
normal and hypercapnia conditions in these animals. It was
found that base blood flow from the posterior retina was 83 ±
30mL/100 g/min while in hypercapnia this was increased by
25 ± 9%.

The above-mentioned studies have established the appli-
cability and accuracy of ASL blood in studying the models
of different retinal conditions. Next, we are reviewing the
application of the ASL to human tissue.

4. Application of ASL in Human Retinal Tissue

One of the first studies that have used a conventional stand-
ard and commercially available 3 T clinical magnet to inves-
tigate the feasibility of measuring blood flow of the human
retina using ASL was done by [130]. Here, the blood flow
measurements were obtained in five healthy individuals using
an 8-channel array head coil. A CASL was used in this study
and the labelling was placed 5 cm below the optic nerve to
invert the magnetization of the blood in the carotid arteries
below the Circle of Willis. The inverting pulse duration was
varied between 500 and 2000ms to optimize the sequence
for achieving maximum SNR. Additionally, background sup-
pression technique was also employed in order to improve
the quality of the obtained results. The two main sources of
image artefact in ophthalmic MRI are ocular motion artefact
and partial volume effects [131, 132]. The former is due to
involuntary eye movement and the latter is due to the prox-
imity of the eye to the surface of the body. In the [130] study,
these artefacts areminimized by usage of a fixation target and
blink-synced image acquisition. The blood flow estimation
was performed using a single-compartment model [133, 134].
Using this model and assuming labelling efficiency of 0.85,
brain-blood water partition coefficient of 0.9 g/mL [135], and
longitudinal relaxation rate of 0.67 s−1 for the retinal tissue
[136, 137], the measured blood flow to a section of the retina
around the fovea was measured at 1.75 ± 0.54 𝜇L/mm2/min.

A follow-up investigation tried to differentiate between
the human retinal and choroidal blood flow, in a clinical
setup [138]. Four healthy individuals were scanned by ASL
under normocarbia (partial end-tidal pressure values =
40mmHg) and hypercarbia (partial end-tidal pressure values
= 50mmHg) conditions. The MRI setup was similar to
a previous study [130] but a pCASL pulse sequence was
applied here. Using a similar single-compartment model and
parameter assumption as before, the baseline blood flow was
measured at 1.55 ± 0.17 𝜇L/mm2/min. This value increased
during hypercarbia to 1.96 ± 0.18 𝜇L/mm2/min. Overall,
hypercarbia caused a 26% relative increase of blood flow from
the normal condition which is calculated to be 6.7% increase
in the blood flow per 1mmHg. This study, by controlling
the breathing conditions, showed that when the clinical ASL
does not have the spatial resolution to differentiate the retinal
and choroidal blood flows, the obtained measurements are
dominated by the latter vascular blood flow.

A similar but separate study was performed on 5 healthy
subjects under normal and hypercapnia conditions [139]. Eye
fixation and queued breathing techniques were employed to
minimize the motion artefact. The ASL labelling plane was
placed 7 cm below the optic nerve, and ASL background
suppression was also employed.The background suppression
pulse timing for ASL of the human retina is investigated in
depth and optimized in a later publication [90]. Here it was
measured that the group-averaged peak blood flow value was
at 93 ± 31mL/(100mLmin). Furthermore, profiles of blood
flow from sclera to vitreous and across the thickness of the
retina showed that under hypercapnia condition flows were
increased from 93 ± 31 to 104 ± 35mL/(100mLmin).

One study investigated the levels of blood perfusion in
retina during rest and exercise [140]. This study used a 3 T
magnet combined with a custom-made surface coil and a
pCASL pulse sequence. Using this ASL setup and measuring
four young healthy volunteers, it was found that, compared to
the resting state (60 ± 5 beats perminute and arterial pressure
of 78 ± 5mmHg), the retinal blood perfusion increased by
25% ± 7% and ocular perfusion pressure increased by 25% ±
6% in the exercise mode.

The same authors investigate the patients suffering from
retinitis pigmentosa with similar ASL implementation [141].
The authors measured basal blood flow of 142 ± 16mL/
100mL/min (or 1.14± 0.13𝜇L/mm2/min) in the posterior reti-
nal-choroid in the control group and 70 ± 19mL/100mL/min
(or 0.56 ± 0.15 𝜇L/mm2/min) in the retinitis pigmentosa
group. This revealed a significant reduction of blood perfu-
sion in patients compared to controls.

A recent study looked at the effect of aging on choroidal
blood circulation, using pCASL and 3 T magnet, scanning
17 normal subjects (24–68 years old) [142]. This study found
that choroidal blood flow was negatively correlated with age,
declining 2.7mL/100mL/min each year, while it was not cor-
relatedwith perfusion pressure, arterial pressure, or intraocu-
lar pressure. This age dependence of choroidal perfusion was
only observed in central retina, but not at its periphery.

5. Conclusion

ASL is a versatile and noninvasive imaging technique that is
used to estimate tissue perfusion without the use of endog-
enous tracers. Although the main application of ASL remains
the measurement of cerebral blood perfusion, this technique
is gradually being adopted in other organs as well. Owing
to the nature of the tissues, noninvasive techniques are
required to assess pathologies of the eye. While other MRI-
based techniques such as T1 and T2 weighted imaging [143],
diffusion tensor imaging [144, 145], and contrast-enhanced
imaging [146–148] have been used to look at the dynamic
physiology of the ocular tissue, ASL shows promise as a
technique to assess pathologies of the retina. Here at the
University of Auckland, we are implementing new pCASL
modalities in our Siemens SKYRA 3T magnet. While we
are still optimizing our approach, our preliminary data are
promising (Figure 4).

We are aiming to study the blood perfusion of the retina
in healthy and diseased subjects, by using our optimized ASL
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Figure 4: (a) High resolution T2 weighted anatomical image, used to locate the tissue of interest (i.e., the retina) in order to apply the ASL
sequence. (b) The perfusion-weighted image calculated from the application of 2D ASL sequence. The choroid layer in the back of the eye is
clearly highlighted, showing the detection of blood perfusion into this vasculature bed.

routine in the very near future. This review article sets the
scene for our upcoming research articles, presenting novel
research into ocular perfusion.

Competing Interests

The authors of this paper do not have any association with a
commercial organisation or any financial interest in a product
that may give rise to the perception of a potential conflict of
interests.

Acknowledgments

The authors wish to thank Dr. Monica Acosta from the
Department of Physiology, University of Auckland, for her
insights into compilation of this paper.

References

[1] J. D. Reynolds and S. E. Olitsky, Pediatric Retina, Springer, 2010.
[2] A. Lens, S. C. Nemeth, and J. K. Ledford, Ocular Anatomy and

Physiology, SLACK Incorporated, Thorofare, NJ, USA, 2008.
[3] D. Abramson, Blood Vessels and Lymphatics in Organ Systems,

Academic Press, 2012.
[4] H. R. Zhang, “Scanning electron-microscopic study of corro-

sion casts on retinal and choroidal angioarchitecture inman and
animals,” Progress in Retinal and Eye Research, vol. 13, no. 1, pp.
243–270, 1994.

[5] J. W. Kiel, The Ocular Circulation, Integrated Systems Physiol-
ogy: FromMolecule to Function toDisease,Morgan&Claypool
Life Sciences, San Rafael, Calif, USA, 2010.

[6] C. J. Pournaras, E. Rungger-Brändle, C. E. Riva, S. H. Hardar-
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Technological advances in magnetic resonance imaging (MRI) and computed tomography (CT), including higher spatial and
temporal resolution, have made the prospect of performing absolute myocardial perfusion quantification possible, previously
only achievable with positron emission tomography (PET). This could facilitate integration of myocardial perfusion biomarkers
into the current workup for coronary artery disease (CAD), as MRI and CT systems are more widely available than PET
scanners. Cardiac PET scanning remains expensive and is restricted by the requirement of a nearby cyclotron. Clinical evidence
is needed to demonstrate that MRI and CT have similar accuracy for myocardial perfusion quantification as PET. However, lack
of standardization of acquisition protocols and tracer kinetic model selection complicates comparison between different studies
and modalities. The aim of this overview is to provide insight into the different tracer kinetic models for quantitative myocardial
perfusion analysis and to address typical implementation issues in MRI and CT. We compare different models based on their
theoretical derivations and present the respective consequences for MRI and CT acquisition parameters, highlighting the interplay
between tracer kinetic modeling and acquisition settings.

1. Introduction

Myocardial perfusion imaging (MPI) is commonly used to
investigate myocardial ischemia. While different modalities
for MPI have different diagnostic accuracy, the overall
accuracy to diagnose hemodynamically significant coronary
artery disease (CAD) is good [1]. Analysis of MPI results
in the clinical setting is mostly performed by visual evalu-
ation of presence and pattern of hypoenhancement of the
myocardium during first-pass of intravenously injected con-
trast. Presence of regions with normal perfusion is essential
for this method to work. This is a limitation for diagnosis of
patients with multivessel disease or balanced ischemia [2].

MPI can only distinguish multivessel disease and balanced
ischemia when quantitative measures of myocardial perfu-
sion are provided.

Positron emission tomography (PET) was the first tech-
nique to establish quantitative measures for perfusion. In
PET, time-resolved acquisition of the first-pass of tracer
uptake and direct quantification of tracer concentration
were developed. With those parameters quantified, tracer
kinetic modeling (1-compartment or 2-compartment mod-
eling) could be applied to produce independent estimates
of perfusion in stress and rest, known as absolute perfusion
measurement (mL/g/min).This technique has been validated
using microsphere comparison [2–4]. Furthermore, added
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clinical value beyond relative and visual perfusion analysis
has been demonstrated [5–8]. The myocardial perfusion
reserve (MPR), calculated from PET-derived perfusion mea-
surement at stress and rest, was shown to be an important
predictor of cardiovascular events [9–11].

A limitation of cardiac PET is the relatively high cost and
the need for an on-site cyclotron, depending on the tracer.
Recent developments with the new 18F-tracer flurpiridaz
or other improved tracers could obviate the need for an
on-site cyclotron. Flurpiridaz has shown good linearity of
myocardial uptake with perfusion at a large flow range,
excellent myocardial retention, low background noise in
adjacent organs, and a relatively long half-life (110min) [12].

Magnetic resonance imaging (MRI) and computed
tomography (CT) imaging could be important modalities
to compete with PET for the complete workup of cardiac
patients. Recent developments have sparked interest for
myocardial perfusion quantification using these techniques.
State-of-the-artMRI and CT have better spatial and temporal
resolution compared to PET. Integration of MRI and CT
into current workup for coronary artery disease (CAD)
also profits from their wider availability, lower costs, and
increasing clinical role in comprehensive diagnosis of CAD.
The validity and noninferiority of MRI and CT compared
to PET measurements need to be demonstrated before a
decision regarding the preference for MRI or CT over PET
for myocardial perfusion quantification can be reached.
Lack of standardized acquisition and modeling protocols for
myocardial perfusion acquisition have complicated compar-
ison between studies and modalities.

The aim of this study is to provide insight into the tracer
kinetic models in absolute myocardial perfusion quantifi-
cation, and their implementation requirements for CT and
MRI. A further aim was to analyze the factors that influence
myocardial perfusion quantification.

2. Myocardial Perfusion Imaging in
MRI and CT

Perfusion refers to the delivery of blood to the tissue via
the intravascular capillary pathway. Perfusion imaging uses
dynamic contrast-enhanced acquisition to observe the first-
pass dynamics of contrast agent delivery into the tissue of
interest over time. For myocardial perfusion quantification,
the first-pass contrast dynamics at the respective supplying
artery or other arterial input sites should be captured as well.
The typical arterial input sites for myocardial perfusion are
the left ventricular cavity in MRI or the descending aorta in
CT.

2.1. Contrast Agent. MRI and CT use different agents
(gadolinium and nonionic iodine, resp.) to acquire contrast
in the myocardial perfusion scans: both small molecules
(<1 kDa, typical particle diameters of 0.82 nm for gadolinium
dimeglumine and 1.4 nm of iohexol) that distribute to the
interstitial space and generally do not enter the intracellular
space. Actually, MRI contrast agents do interact with the
intracellular space by changing the relaxivity of water that

diffuses freely into the cell. The diffusion constants for MRI
andCT contrast agents are roughly similar: 2.7× 10−2m2/s for
gadolinium dimeglumine, and 2.5 × 10−2m2/s for iohexol [13,
14]. Although the nonionic iodine contrast agents typically
have a much higher viscosity compared to gadolinium,
neither CT nor MRI contrast agents have significant effects
on the viscosity of the blood stream [15, 16]. Gadolinium-
based contrast agents have limited linearity of contrast
enhancement to contrast concentration, with higher dose
resulting in blood signal saturation [17, 18]. A typical dose
of gadolinium contrast for visual and quantitative analysis
is 0.05mmol/kg at an injection rate of 4-5mL/s. Dosages as
low as 0.03mmol/kg body weight have been recommended
to prevent contrast saturation both in the myocardium and
in the arterial input function [19]. Iodine-based contrast
agents on the other hand have more straightforward and
steady linearity of contrast enhancement to contrast con-
centration, which greatly simplifies absolute quantification
[20]. In myocardial perfusion studies with multidetector CT,
iodine contrast agents are administered at an injection rate of
3–5mL/s and a volume of 60–70mL [21, 22]. The resulting
lengthy administration of CT contrast (longer than the first-
pass of diffusion), however, violates the principles of indicator
dilutor theory and will affect the accuracy of quantification.

2.2. Acquisition of Myocardial Perfusion Imaging. In MRI,
myocardial perfusion imaging is mainly based on T1-
weighted pulse sequences, where interactions of paramag-
netic gadolinium (Gd3+) with surrounding water molecules
result in lower T1 relaxation times of the protons involved,
resulting in signal enhancement showing as hyperintensity on
the T1-weighted image, reflecting the distribution of gadolin-
ium [23]. The current protocol allows acquisition of three
myocardial short-axis slices at every heartbeat with a typical
spatial resolution of 1.5 × 1.5 × 10mm3, performed during
50–60 consecutive heartbeats. In dynamic contrast-enhanced
MRI, temporal resolution generally is in the order of 1 sec (1-
2 cardiac cycles). Recently introduced advanced accelerated
imaging sequences achieve whole heart 3D perfusion MRI
with a voxel resolution of 2.3 × 2.3 × 5mm3, although
with their reduced temporal resolution not a substitute for
quantitative estimation of myocardial blood flow [24]. In
CT, with dynamic shuttling mode acquisition, whole heart
coverage with higher spatial resolution can be obtained (0.3
× 0.3 × 5mm3) at every 2-3 heartbeats [22]. In contrast, CT
scanners with wider detectors, of up to 16 cm, can achieve
whole heart acquisition in a single heartbeat [25]. In both
methods, perfusion imaging is performed over 20–30 con-
secutive heartbeats. CT has a high temporal resolution. The
latest generation of dual-source CT scanners has a temporal
resolution per acquisition of approximately 63ms. However,
dual-source CT scanners need to shuttle between two posi-
tions, resulting in a time interval in-between scans of once
every second heartbeat and, for high heart rhythms, once
every three cardiac cycles.The 256- and 320-sliceCT scanners
have lower temporal resolution per acquisition (in the order
of 135ms), but these scanners do not have to shuttle between
two positions in order to acquire information about thewhole
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heart, providing the opportunity to image at every heartbeat
(at the cost of higher dose). A limitation in CT, and especially
also in dynamic CT perfusion studies, is that the radiation
dose is directly related to the number of images acquired. For
a thorough overview of CT perfusion acquisition techniques
one is referred to the review by Rossi et al. [26].

2.3. Why Use Modeling in MRI and CT. In theory, tis-
sue perfusion can be inferred from the apparent contrast
enhancement without any complex modeling, assuming that
the contrast agent is hemodynamically inert. This hypothesis
holds true if two criteria are met with (1) a linear relationship
between contrast enhancement and contrast concentration
(ex vivo linearity) and (2) a linear relationship between
apparent contrast enhancement and perfusion (in vivo/uptake
linearity).

Ex vivo linearity is present in PET tracers as well as in
CT iodine-based contrast agents regardless of their concen-
trations and in MR gadolinium only up to a certain con-
centration limit [17, 18]. In vivo/uptake linearity is limited in
case of extravasating contrast agent. Most contrast agents in
perfusion imaging do not only flow to the intravascular space
but also distribute to the extracellular extravascular space
(EES). Only in case EES extraction fraction is constant within
the range of physiological perfusion flow, the apparent con-
trast enhancement will be linear to perfusion, as is the case
with 15O-water and 18F-flurpiridaz in PET. However, in most
tracers such as 13N-ammonia [12, 23, 27], 82Rb-rubidium
[12, 23], gadolinium [23, 28–30], and iodine [23, 31, 32],
the extraction fractions decrease nonlinearly with increasing
perfusion, causing reduced in vivo/uptake linearity.

To correct for the effect of these extravasating tracers
or contrast agents on contrast enhancement, tracer kinetic
modeling attempts to separate the dynamics of contrast agent
in the intravascular space and the EES over time to yieldmore
accurate perfusion estimation. These modeling techniques
have been successfully applied in PET myocardial perfusion
imaging with different tracers, including 13N-ammonia and
82Rb-rubidium [33]. It is theoretically feasible to implement
the same principles in MRI and CT, using tracer kinetic
modeling.

3. Tracer Kinetic Modeling

Tracer kinetic modeling essentially relates the dynamics of
tracer or contrast agent concentration in tissue (myocardium)
to that in the supplying artery referred to as arterial input
function (AIF).The contrast dynamics over time are obtained
by tracing the myocardium and AIF voxels from the dynamic
contrast-enhanced acquisition (Figure 1).

The mathematical relation between contrast dynamics
in the tissue and in the AIF is represented by an impulse
response function (IRF) (Figure 2). As a result of a one
unit-amplitude of an infinitely narrow input bolus (impulse
bolus) in the arterial inlet (Figure 2(a)), contrast retention
will occur in the tissue with a certain dynamic proportion
in time, defined as IRF (Figure 2(b)). In a perfusion imaging
study, the AIF can be considered as a train of time-shifted

and magnitude-scaled impulse boluses (Figure 2(c)) produc-
ing a corresponding train of time-shifted and magnitude-
scaled IRFs in the tissue (Figure 2(d)). An iterative curve-
fitting operation called deconvolution can then be applied to
reconstruct the IRF from the AIF and tissue enhancement
curves. Since deconvolution may lead to more than one
mathematically suitable solution, it is necessary to restrict
the operation by requiring the IRF to follow a certain
parameterized formulation specific for each perfusionmodel.
Therefore, perfusion flow is estimated from those IRF param-
eters providing the best fit at deconvolution.

4. Different Tracer Kinetic Models

Tracer kinetic models for absolute myocardial perfusion
quantification can be classified into three model groups:
distributed parameter, compartmental, and indicator dilution
theory approaches, each of which has been developed into
more specific models. For thorough explanation of the
distributed parameter and compartmental models one is
referred to the technical paper by Sourbron and Buckley
and two manuscripts by Jerosch-Herold for the indicator
dilution theory approach [34–36]. In the present overview
those modeling approaches are solely compared on the basis
of physical interpretation of their respective IRF.

For extravasating contrast agents as used in MRI and CT,
contrast agent molecules distribute across two spaces, that is,
the intravascular space and the EES (Figure 3). Each space is
defined by volume, rate, and transit time parameters.The rel-
ative intravascular plasma space is defined as the intravascu-
lar plasma volume relative divided by total tissue volume (V

𝑝
).

The intravascular flow rate (𝐹) equals the blood perfusion rate
per unit of volume of tissue and the mean capillary transit
time (MTT

𝑐
) is the ratio between the blood volume and the

tissue blood perfusion rate. Similarly, the tissue interstitial
volume (V

𝑒
) is the sum of extravascular extracellular space

(EES) volume contained in a volume of tissue. The two-way
exchange rate to and from the EES is called the permeability-
surface product, PS, and the MTT

𝑒
is the mean transit time

for the EES. Additionally, an extraction fraction (𝐸) describes
the proportion of the contrast agent distributing to the EES.
IRF is affected by the inflow of contrast (perfusion), two-way
exchange of contrast between plasma and the EES, extraction
fraction, and permeability. High-order perfusion models
take into account such dynamics as completely as possible,
although assumptions remain and additional variables do
not necessarily yield more accurate results. The lower order
models assume some parameters or dynamics to be negligible
compared to others, thus simplifying the model. In Figure 4
each modeling approach is illustrated, with the formulation
presented in Table 1.

5. Models Based on Axially
Distributed Parameters

5.1. Distributed Parameter Model. This model takes into
account the most detailed aspects of contrast dynamics at
the tissue level. It assumes contrast concentration within the
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Table 1: Tracer kinetic model formulation.

Model Output parameters Impulse response function (IRF)
Distributed parameter 𝐹, PS, MTT

𝑐
, MTT

𝑒
, V
𝑝
, V
𝑒 Not available in time domain

Tissue homogeneity 𝐹, 𝐸, MTT
𝑐
, V
𝑝
, V
𝑒

Adiabatic approximation of tissue
homogeneity 𝐹, E, MTT

𝑐
, V
𝑝
, V
𝑒
(assuming V

𝑝
≪ V
𝑒
)

See Figure 5(a)

IRF (𝑡) =
{
{
{

{
{
{

{

𝐹, 0 < 𝑡 ≤

𝐹

V
𝑝

𝐸𝐹 exp−(𝐸𝐹/V𝑒)(𝑡), 𝑡 > 𝐹
V
𝑝

2-compartment 𝐹, PS, V
𝑝
, V
𝑒

See Figure 5(b)
IRF (𝑡) = 𝐹 exp−(𝐹/V𝑝)(𝑡) + PS exp−(PS/V𝑒 )(𝑡)

1-compartment (Extended Toft’s) 𝐾trans, V𝑝, V𝑒
See Figure 5(c)
IRF(𝑡) = 𝐾trans exp

−(𝐾trans/V𝑒)(𝑡)
+ V
𝑝
𝜕(𝑡)

1-compartment (Toft’s) 𝐾trans, V𝑒 (assuming V
𝑝
≪ V
𝑒
) See Figure 5(d)

IRF(𝑡) = 𝐾trans exp
−(𝐾trans/V𝑒)(𝑡)

Fermi 𝐹, MTT
𝑐
, 𝑘 (in extravasating contrast

agent, only 𝐹 is of physiological value)

See Figure 5(e)
IRF (𝑡) = 𝐹

exp𝑘(𝑡−MTT
𝑐
)
+ 1

Model-independent deconvolution 𝐹 (estimated as initial IRF magnitude) No specific formulation
𝐹: perfusion rate.
PS: extracellular extravascular space (EES) exchange rate.
MTT𝑐: capillary mean transit time.
MTT𝑒: EES mean transit time.
V𝑝: EES volume fraction.
V𝑒: intravascular plasma volume fraction.
𝐾trans: compound transfer constant (perfusion and EES exchange).
𝑘: venous clearance rate for intravascular contrast agent.
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Figure 1: Myocardial (green voxels) and arterial input function (red voxels) tracing to produce contrast dynamics time curves.

intravascular space and EES to be varying temporally and
axially along the longitudinal direction of the perfusion flow
(Figure 4(a)). As such, themodel is able to estimate every vol-
ume, rate, and time parameter specified in the intravascular
and the interstitial space, as well as the extraction fraction.
Thedistributed parametermodel has been applied to estimate
MRI stress/rest myocardial perfusion in healthy volunteers
[37].

5.2. Tissue Homogeneity Model. This model by Johnson and
Wilson assumes that the contrast concentration only varies

longitudinally in the intravascular space and not in the
EES (Figure 4(b)) [38]. With this assumption, the model
loses the ability to estimate the time parameter of the EES
(MTT

𝑒
) but can still estimate the other intravascular and

EES parameters.These two axially distributedmodels require
special numerical treatments for model fitting (i.e., multiple
or Laplace-domain fitting) due to their complexity [39, 40].

5.3. Adiabatic Approximation of Tissue Homogeneity Model.
Developed by Lawrence andLee, thismodel further simplifies
the tissue homogeneity model by assuming that the contrast
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Figure 2: Single arterial inlets are shown with different magnitude scale in different time instance (a) and the respective magnitude-scaled
impulse response function (IRF) in the tissue (b). A contrast bolus can be modeled as trains of arterial inlets (c), producing trains of
magnitude-scaled IRF in the tissue (d). Deconvolution aims to reconstruct the IRF that fits the relation between the red and green lines
in (c) and (d), respectively.
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Figure 3: Illustration of contrast agent (blue dots) distribution in
the tissue: V

𝑝
is the plasma volume within the intravascular space,

V
𝑒
is the extravascular extracellular space, 𝐹 is the perfusion flow

within the intravascular space, and PS is the permeability-surface
exchange rate between V

𝑝
and V

𝑒
. Another parameter, the extraction

fraction (𝐸), denotes the proportion of contrast agent exchanged to
the extravascular extracellular space.

exchange between the intravascular space and the EES only
takes place in the venous outlet [41]. Therefore, the rate of
concentration change in the EES is much slower than in
the intravascular space (Figure 4(c)). Adiabatic model fitting

can be performed as a standard time-domain deconvolution
with IRF, as specified in Table 1: height and length of the
plateau correspond to perfusion flow and capillary mean
transit time (MTT

𝑐
), respectively, while the decay rate of the

monoexponential function represents the venous clearance.
This model was first proposed in brain studies but has been
used in oncological and cardiac studies afterwards [42–46].

5.4. Implementation Issues. The main limitations for axially
distributedmodels are (1) the need of a fast acquisition rate to
support MTT

𝑐
estimation and (2) the more complicated and

noise-sensitive fitting methods. Faster perfusion produces
shorter MTT

𝑐
, requiring more compact contrast bolus to

accurately capture the MTT
𝑐
from the contrast dynamics.

6. Models Based on Compartments

The main difference between the compartmental and axially
distributed model lies in the assumption that intravascular
and EES contrast agent concentrations only vary with time,
and not axially (Figures 4(d) and 4(e)). Because the axial con-
trast concentration gradient is considered negligible, transit
time cannot be estimated, limiting themodeling results to the
volume and rate parameters.

6.1. 2-Compartmental and 1-Compartmental Model. The
typical IRF of a 2-compartment model takes the shape of
a biexponential function, without an initial plateau for the
capillary inflow phase due to the absence of transit time
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Figure 4: Schematic representation of different tracer kinetic models: (a) distributed parameter model, (b) tissue homogeneity model, (c)
adiabatic approximation of tissue homogeneity model, (d) 2-compartment model, (e) 1-compartment (Toft’s) model, and (f) Fermi model.

estimation. The faster-decaying exponential refers to the
transfer towards the EES while the slower exponential refers
to the transfer from the EES. On the other hand, the IRF of a
1-compartment model takes the shape of a monoexponential
function. The maximum magnitude of the IRF corresponds
to 𝐾trans, a compound tissue transfer constant formulated
by multiplying perfusion (𝐹) by the contrast extraction
fraction (𝐸) [47]. Three main 1-compartmental models are
distinguished.

6.2. Toft’s Models. The basic Toft’s model refers specifically
to immediate and complete tracer extraction fraction (𝐸 =
1) and negligible V

𝑝
compared to V

𝑒
, such that 𝐾trans repre-

sents perfusion flow [47]. Since V
𝑝
is not negligible in the

myocardium, one study applied an Extended Toft’s model

where V
𝑝
is added to the original IRF [47, 48]. However, it

has been argued that, under the Extended Toft’s model,𝐾trans
is closer to the EES exchange rate than to the perfusion flow
[49].

6.3. Patlak Model. The Patlak model includes only data
portions from the early phase of contrast arrival, when
the contrast agent has not significantly filled the EES yet.
Here, EES contrast concentration is not adequate to cause
diffusion of contrast molecules back to the intravascular
space. Under this assumption, V

𝑒
and V

𝑝
can be considered

a single compartment with a single transfer rate (𝐾trans)
[50]. The temporal growth in the EES contrast concentration
will be linear to the rate of contrast transfer to the EES
(𝐾trans) and the AIF contrast concentration. Therefore,𝐾trans
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Figure 5

of the Patlak model can be reconstructed from the slope of
a correlation map between tissue contrast concentration and
the area under the curve of the AIF. However, care should be
taken to make sure that only appropriate data portions are
used.The Patlak model has been used in humanMRI studies
of myocardial perfusion, with an acquisition rate matching
every heartbeat, as well as in animals with the acquisition rate
matching every other heartbeat [30, 48, 51].

6.4. Maximum Slope Method. The maximum slope method
is derived from exactly the same assumptions as the Patlak
model, therefore requiring the same portion of data points
and suffering the same concerns.The Patlak-equivalent𝐾trans
is derived by normalizing the maximum slope of the tissue
concentration to the maximum (peak) concentration of the
AIF.The tissue maximal upslope is calculated by linear fitting
while the AIF peak is derived from gamma-variate fitting.
The method has been implemented in an older study based
on electron-beam CT as well as in more recent myocardial
perfusion studies with dual-source CT [21, 52–54].

6.5. Implementation Issues. The main critique on the 1-
compartmentmodel is that𝐾trans is amultiplication of extrac-
tion fraction (𝐸) and perfusion instead of a sole perfusion
(𝐹) indicator. A limited number of MRI studies have shown a
nonlinearly decreasing extraction suggesting a limited range
of𝐾trans proportionality with perfusion if this parameter is to
be derived from gadolinium [18, 28–30]. Correcting𝐾trans for
the extraction fraction (𝐸) improved the correlation between

Patlak-derived𝐾trans andmicrosphere perfusion in an animal
experiment [51].

7. Models Based on Indicator Dilution Theory

7.1. The Fermi Model. The Fermi model was initially devel-
oped for studies with a purely intravascular indicator. Assum-
ing an axially varying contrast concentration in the intravas-
cular space, it was observed that the IRF of an intravascular
indicator resembled the shape of the Fermi function [19, 55].
The amplitude, width of initial plateau, and subsequent curve
decay rate of the fitted Fermi function represent perfusion,
capillary mean transit time, and venous clearance rate,
respectively (Table 1). For extravasating tracers, the validity of
the Fermi model holds as long as the tracer concentration in
the EES is substantially lower than in the intravascular space
(𝑐
𝑒
≪ 𝑐
𝑝
), a condition assumed to be attainable in the first-

pass of tracer circulation [36].TheFermimodel has been used
in many MR human and animal studies [2, 36, 56–60] and it
has been used in one CT porcine study [32].

7.2. Model-Independent Deconvolution. The previous perfu-
sion models have been driven by specific physical assump-
tions on the distribution of contrast agent in the tissue, cul-
minating into exact IRF formulation. A model-independent
approach attempts to overcome these tissue-specific assump-
tion problems by applying more generic mathematical con-
straints in the IRF calculation. With the central-volume
principle applied in the indicator dilution theory, the initial
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magnitude of the IRF is then assumed as perfusion regardless
of the shape of the IRF [19, 35]. Studies with high data qual-
ity have shown excellent agreement of model-independent
deconvolution with true perfusion (simulation study) and
microspheres (porcine study, 𝑛 = 3), as well as with PET in
healthy volunteers (𝑛 = 5) [35, 61].

7.3. Implementation Issues. Since the indicator dilution
approach does not presume any separation between the
intravascular and the EES contrast dynamics, its perfusion
estimation is uncorrected for EES exchange. Therefore, the
same concern as in 1-compartment models, that is, the con-
sistency of perfusion representation over the physiological
range of perfusion, also applies to indicator dilution theory
models.

8. Influence of Different Acquisition Settings

In the previous paragraphs, the different perfusion models
were discussed. Those models offer different degrees of
perfusion evaluation. When more accurate quantification of
perfusion is desired, consequently,more detailed information
of contrast dynamics is required.This leads to more demand-
ing acquisition settings (i.e., faster acquisition rate, higher
contrast-to-noise ratio). As a result, more detailed models
are more sensitive to noise, because a small change in the
contrast dynamics will have more impact on the parameter
estimations.

8.1. Key Acquisition Factors. Jerosch-Herold performed a
thorough review on specificMRI requirements [19]. Minimal
requirements of several general key acquisition/image quality
parameters that influence the output of tracer kinetic models
are listed here.

(1) A compact contrast bolus is needed to ensure that
the contrast dynamics contains information as requested by
the modeling. An increasingly dispersed bolus is known to
cause increasing perfusion underestimation and variability,
especially at higher flow rate [62]. As a rough guidance, the
contrast bolus should be compact enough to accommodate a
clear definition of the peak enhancement in the AIF as well as
in the tissue (and even more compact in case of the use of the
axially distributed model). A gadolinium injection rate of at
least 3mL/s, and optimally 4mL/s, has been recommended
for MRI myocardial perfusion assessment [18, 63]. More
prominent bolus dispersion can be expected in CT due to the
typically larger injected contrast volume.

(2) In order to estimate the flow rate and transit time
parameters, a sufficiently fast acquisition rate (temporal
resolution) is needed to capture the fastest change described
by the model. When only the flow rate parameter is analyzed,
the minimum scan interval is determined by the time-to-
peak (TTP) of the AIF. When both rate and transit time
parameters are concerned, the mean capillary transit time
(MTT

𝑐
) determines the minimum scan interval. In other

tissues a considerable underestimation was found when the
temporal resolution was reduced, with both CT and MRI
[62, 64–68].

(3) In order to estimate volume parameters, the acquisi-
tion period should be at least within the order of the transit
time parameter of the concerned volume, to ensure proper
capture of the arrival and clearance of contrast agent.

(4) In-plane spatial resolution should be adequate to
prevent partial volume effects, especially if voxel-wise tracer
kinetic modeling is to be applied. In the data acquisition
this means that voxels are best small and isotropic (cubic
rather than rectangular, etc.). This is hard to realize in MRI
where the in-plane spatial resolution is approximately 5 times
lower than in CT (1.5 × 1.5mm versus 0.3 × 0.3mm) with
slice thickness much larger than in-plane resolution. In post-
processing, the quantification resolution particularly worsens
due to partial volume effects in CT where investigators have
typically analyzed the CT perfusion in slices thicker than the
native resolution.

(5) Signal-to-noise ratio (SNR) concerns the total vari-
ability in the contrast dynamics. Small variations in con-
trast dynamics may influence the precision of tracer kinetic
modeling. The use of higher Tesla machines in MRI may
provide better SNR without compromising spatiotemporal
resolution, although inherent problems with RF homogene-
ity can adversely impact quantification. Implementation of
higher tube current in CT can also improve SNR by reducing
variability in contrast dynamics and the error inmodel fitting
[19, 55]. A disadvantage of higher tube current is the increase
in radiation dose. A decrease in tube voltage could increase
SNR, because of the 𝐾-edge of iodine, which lies around
35 kV. If possible, a lower tube voltage would be beneficial for
contrast scans and additionally lowers radiation dose [69].

9. Clinical Implication and Conclusion

Regarding the choice of model used, we suggest that one
should use the simplest possible model that can explain the
contrast dynamics. It is worth noting that the use of higher-
order models will only be beneficial when the acquisition
is optimized to capture the additional contrast dynamic
details requested by the model. Considering the current
imaging and contrast administration setup for MRI and
CT myocardial perfusion imaging, the 1-compartmental and
Fermi models seem to be the most technically applicable.
Axially distributed models require an acquisition rate at
the order of MTT

𝑐
and a sufficiently compact bolus to

identify the capillary inflow phase. Balancing such demand
with clinical requirements for spatial resolution and coverage
could be problematic. Apart from optimal data quality,
model-independent deconvolution also requires knowledge
for selection of the regularization parameter, which may not
be available in every imaging center.

Issues for clinical adoption go beyond the accuracy of the
quantitative myocardial perfusion value itself. The assump-
tions made by each model are coupled with the theoretical
pitfalls we have tried to identify in our appraisal.

The major complication with quantitative MR perfusion
is in the limited linearity of contrast enhancement to contrast
concentration, requiring lower dose of gadolinium, thus
compromising the accuracy of visual analysis as well as
the precision of perfusion estimation. CT perfusion on the
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other hand greatly simplifies quantification efforts by offering
a linear relationship between contrast enhancement and
concentration. However, current CT imaging setup suffers
reduced image quality due to the shuttling mode acquisition
and limited temporal resolution as well as acquisition period
due to the radiation dose constraint; both reduce the preci-
sion and accuracy of perfusion estimation.

Limited studies have mentioned instability issues of
higher-order models. More investigations are required [37,
70]. Reproducibility of perfusion values is highly related to
the imaging quality, where specific issues such as acquisi-
tion/reconstruction artifacts need to be taken care of in both
modalities before implementing the model.

An important issue for the clinical setting would be to
establish the expected physiological variability across differ-
ent subjects, so that the usability of quantitative myocardial
perfusion in diagnostic or sequential observation setting
can be verified. Quantitative PET studies for instance have
shown considerable heterogeneity inmyocardial perfusion of
healthy volunteers, related to factors such as age, gender, rate-
pressure product, and other hemodynamic factors [71, 72].
Furthermore, in the presence of COPD and hypertension, the
value of myocardial perfusion reserve has been shown to be
impaired without regional myocardial ischemia [73–75]. The
spectrum of physiological variability inmyocardial perfusion
should also be investigated with MRI and CT if myocardial
perfusion quantification is to be adopted in clinical practice.

Studies investigating the performance of quantitative
MRI andCTmyocardial perfusion imaging in detectingCAD
have been conducted with different reference standards, that
is, stenosis diameter, derived from either quantitative CT
or invasive coronary angiography, fractional flow reserve, or
even visual analysis of SPECTmyocardial perfusion. None of
these reference parameters actually capture the same func-
tional phenomenon as myocardial perfusion.The anatomical
aspect of a stenosis does not describe its functional relevance,
while fractional flow reserve, even though being a functional
parameter, indicates the hemodynamics of the focal coronary
lesion rather than its systemic effect on myocardial micro-
circulation. The quantitative relationship between myocar-
dial perfusion and the above parameters, therefore, can be
expected to be affected by broader physiological variability,
which may be better captured by quantitative analysis than
by visual assessment. However, the superiority of quantitative
myocardial perfusion over mere visual analysis for diagnosis
of hemodynamically significant CAD still needs to be proven.
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Antinuclear antibodies (ANAs) are significant biomarkers in the diagnosis of autoimmune diseases in humans, done by mean of
Indirect ImmunoFluorescence (IIF)method, and performed by analyzing patterns and fluorescence intensity.This paper introduces
the AIDA Project (autoimmunity: diagnosis assisted by computer) developed in the framework of an Italy-Tunisia cross-border
cooperation and its preliminary results. A database of interpreted IIF images is being collected through the exchange of images
and double reporting and a Gold Standard database, containing around 1000 double reported images, has been settled. The Gold
Standard database is used for optimization of aCAD (ComputerAidedDetection) solution and for the assessment of its added value,
in order to be applied along with an Immunologist as a second Reader in detection of autoantibodies. This CAD system is able to
identify on IIF images the fluorescence intensity and the fluorescence pattern. Preliminary results show that CAD, used as second
Reader, appeared to perform better than Junior Immunologists and hence may significantly improve their efficacy; compared with
two Junior Immunologists, the CAD system showed higher Intensity Accuracy (85,5% versus 66,0% and 66,0%), higher Patterns
Accuracy (79,3% versus 48,0% and 66,2%), and higher Mean Class Accuracy (79,4% versus 56,7% and 64.2%).
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1. Introduction

Autoimmune diseases are due to a reaction of the immune
system to self-antigens, occurring through tolerance break-
age. The targeted antigens could be common to all kinds of
cells or organ specific, and their recognition by humoral or
cellular immune effectors could lead to diversified symptoms,
depending on pathology [1–3].

There are over 80 different AID, and collectively they are
amongst the most prevalent diseases in the US, affecting at
least 7% of the population. Becausemost AID are chronic and
incurable, from a public health perspective they constitute
a major health problem which, besides causing individual
suffering, has high societal costs [4]. These diseases can
affect people of all ages and both sexes, with a higher
frequency in women of child-bearing age. The autoimmune
diseases are multifactorial, and their risk factors are genetic
and environmental. The combination of risk factors may
vary from one population to another, generating different
epidemiological profiles.

Presence of autoantibodies in patient sera has in itself
a value of diagnosis, and the ascertaining of their titer and
specificity helps to confirm the autoimmune disease and its
follow-up. The search of autoantibodies in sera is based on
a routine technique performed by Immunologists and on
Indirect ImmunoFluorescence (IIF) [5].

The IIF is the Gold Standard for the diagnosis of autoim-
mune diseases. IIF is a test having high sensitivity, but only
analytical and not diagnostic specificity, since the positivity
for ANA does not automatically confirm the presence of
autoimmune disease; indeed the ANA may be present even
in healthy subjects. Furthermore, the quality of the response
is strongly influenced by Reader’s experience, by the quality
of reagents used for testing (characteristics of the cell sub-
strate or fluorochrome-labeled anti-human immunoglobu-
lins used), and by other local factors. As regards the methods
immunochemical alternatives, they have themajor advantage
of being more easily automated and do not require great
expertise in interpretation of the results. By contrast the
number of antigenic specificities reportable in the test is
certainly lower than that detectable on Hep-2 cells and also
the integrity of the antigenic epitopes theoretically detectable
is not always preserved [6].The binding of autoantibodies on
HEp-2 cells is revealed by fluorescent antibodies to human
immunoglobulin. The fluorescence pattern observed on the
microscope (Homogeneous, Fine Speckled, Coarse Speckled,
Nucleolar, Centromere, Nuclear Dots, etc.) is specific accord-
ing to the nature of the self-antigen and its location in the cell.

The main disadvantage of IIF technique is its subjectivity
in the interpretation of results, highly depending on the
experience of the operator. The difficulty of IIF diagno-
sis technique is related to the distinction of very similar
fluorescence patterns (such as Fine Speckled and Coarse
Speckled patterns) and to the subjectivity of the observer.
For that reason, two Senior Immunologists (double read-
ing) with strong experience in fluorescent image interpre-
tation are quite often needed. However, this condition is
not respected in all immunology laboratories involved in
diagnosis.

The introduction of new modern approaches, based on
computer systems, is an economic and effective support for
the diagnosis of autoimmune diseases [7, 8].

Nowadays the need within the scientific community for a
large database of IIF images reported out by medical experts
is on the increase. Its use could be related to various purposes:
training of young Immunologists, epidemiological studies,
diagnosis, and so forth. Storing, processing, and sharing such
data necessarily require computer techniques [9]. Moreover,
computing support is needed in order to avoid difficulties
of IIF images interpretation. As already happening with
other medical areas facing the same kind of problems (e.g.,
Radiology), the second Reader could be replaced by a CAD
(Computer Aided Detection) solution [10, 11]. In this paper,
computer-assisted diagnosis on IIF images, as performed in
the AIDA Project, is presented and discussed.

2. The AIDA Project

The AIDA (autoimmunity: diagnosis assisted by computer)
Project has been financed by a EU cross-border cooperation
Italy-Tunisia, involving four teams in Sicily and four teams in
Tunis, as presented below.

The aim of the AIDA Project is the applications of ICT for
the analysis and interpretation of IIF images.

The AIDA Project has two main specific objectives:

(i) the creation of a large database of IIF images, inter-
preted with the contribution of Italian and Tunisian
hospitals;

(ii) the evaluation of the added value of CAD, with coop-
eration from an Immunologist as a second Reader in
detection of autoantibodies.

These specific objectives are being achieved through the
production of a set of expected results:

(i) the improvement of organizational and decisional
processes of public health policies that will lead
to construction of an interinstitutional horizontal
partnership (between health facilities) and vertical
partnership (region/province/university/ASP),

(ii) the creation of a database of IIF tests images including
medical report data,

(iii) application and validation of computer expert sys-
tems to support IIF diagnosis in all hospitals involved,

(iv) cooperation between Sicily and Tunisia in research
and training within the field of immunology and
medical imaging,

(v) conduction of epidemiological studies in autoim-
mune diseases within regions geographically close
though traditionally different in terms of customs and
lifestyle,

(vi) increase in employment opportunities within health
applied ICT, such as distribution activities, produc-
tion, and services within this area of expertise, both
in Tunisia and in Sicily.
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Figure 1: Distribution of IIF patterns in the AIDA database (number of images 14393).

3. Materials and Methods

3.1. IIF Technique and Protocol. As reported in this paper,
within the context of the project, the IIF technique has been
applied to HEp-2 cells using patients sera selected from
immunology laboratories for detection of autoantibodies.
Manufacturers of kits and instruments employed for ANA
testing in AIDA were different site-to-site; the following
automated systems solution for the processing of Indirect
ImmunoFluorescence tests has been used: IF Sprinter from
Euroimmun, NOVA from INOVA diagnostic, Helios from
Aesku.

Serial dilutions were carried out and the dilution of
1/80 was considered positive. After incubation of the 1/80
serum dilution, bound antibodies are revealed by fluorescent
antibodies to human immunoglobulin. HEp-2 images have
been acquired by means of a unit consisting of a fluorescence
microscope (40-fold magnification) coupled with a 50W
mercury vapor lamp and a digital camera. The camera has
a CCD sensor equipped with pixel size that equals 3.2𝜇m ×
3.2 𝜇m.The images have 24-bit color depth and are stored in
low compression jpeg format. The negativity or positivity of
the serum is established along with the fluorescence pattern
(Homogeneous, Fine Speckled, Coarse Speckled, Nucleolar,
Centromere, Nuclear Dots, etc.) reflecting the autoantibodies
specificity. One image has been taken for negative sera and
three images have been taken for positive sera.

3.2. Database. Using a uniform approach, three Tunisian
immunology services (Pasteur, Charles Nicolle, and Ariana)
and four Sicilian ones (ASP-Trapani, Buccheri La Ferla,
Civico, and Sciacca) contributed to collection of images of IIF
test on HEp-2 cells. These images correspond to the routine
IIF technique performed in the different hospitals for autoim-
mune diseases diagnosis and were thus reported by Senior
Immunologists. A total of 5762 sera of patients addressed for

Table 1: Number of sera and images.

Number of
patients

Results of
IIF test

Number of
selected
images

Total images

5762 4316
Positive 12947 14393

diagnosis of autoimmune disease were involved in this study,
as indicated in Table 1. Each image and related report was
stored in a common database created in the context of AIDA
Project.The database stored the contents of two years’ activity
and reached a total amount of 14393 stored images. This
number is very high compared to public IIF images databases
available worldwide (public dataset can be downloaded after
proper registration, on site: http://i3a2014.unisa.it/).

A portion of the database utilized is composed of negative
images (1446, corresponding to approximately 10%), that is,
images whose fluorescence values are not to be associated
with autoimmunity problems; 10% of negative cases were
considered a satisfactory percentage, in terms of statistics and
value purposes, for both Immunologists and the CAD.

The remaining images were classified into different pat-
terns (according to the physician reporting); the distribution
rates are shown in Figure 1. In a second step, 6974 imageswere
anonymously exchanged between partners in full respect of
ethics and for the purpose of blind double reporting by
Senior or Junior Immunologists. The Junior Immunologists
are Ph.D. students (3) and are fundamental Immunologists
(1).The four young Immunologists (Juniors), all coming from
the Tunis Faculty of Sciences, were involved as Readers of
images already reported by the experts (Seniors). In this
first study on the benefits of using the CAD for the correct
interpretation of IIF test, we wanted to investigate how the
system can be a helpful tool to Junior Immunologists.
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Figure 2: Examples of negative and positive mitosis ((a) and (b), resp.).

3.3. Statistics Calculation. The Accuracy and the Mean Class
Accuracy (MAC) are adopted in this work as measures of the
performance [12].

Let CCR𝑘 be the correct classification rate for class 𝑘
determined as follows:

CCR𝑘 =
𝑇𝑘

𝑁𝑘

, (1)

where 𝑇𝑘 is the number of correct identifications of class
𝑘, while 𝑁𝑘 is the total number of elements of class 𝑘. The
Accuracy is defined by

Accuracy =
∑
𝑘
CCR𝑘 ⋅ 𝑁𝑘
∑
𝑘
𝑁𝑘

. (2)

The MAC is determined by

MAC = 1
𝑘
∑

𝑘

CCR𝑘. (3)

Chi-square test was used to check the relationship between
the two classification systems. To test the strength of agree-
ment, interrater agreement statistics was conducted [13].
McNemar test was performed to check the difference for
paired proportions.𝑝 values of less than 0.05 were considered
significant.

3.4. CAD Immuno. Computer Aided Diagnosis (CAD) sys-
tems are widely used for different tasks within medicine
such as second reading, increasing the diagnosis speed, and
training physicians for special task. One of such systems
is proposed in recent days for automatic HEp-2 images
classification, which is important for detection of antibodies
in human serum. In the AIDA Project the CyclopusCAD
Immuno software was used, powered by CyclopusCAD ltd.,
a spin-off of University of Palermo [14–18]. It consists of a
computer system for image analysis using artificial intelli-
gence methods, of which some are proprietary [19, 20]. The
performance comparison between CyclopusCAD Immuno
and several automated systems for IIF analysis was presented
in a recent paper by Gorgi et al. [21].

3.5. Medical Context. For each well the diagnostic procedure
consists of fluorescence intensity classification, mitotic cells
recognition, and staining pattern classification for interphase
cells. Interestingly, all these steps can be formulated as
pattern recognition problems. The medical doctor evaluates
the fluorescence intensity of the sample classifying it into
three classes, named negative, intermediate, and positive.

Such classification is important since it affects staining
pattern identification for interphase cells, which is per-
formed only on positive or intermediate samples. Mitotic
cells recognition aims at verifying the presence of at least
a cell in mitosis within the image analyzed. Mitotic cells
may exhibit two fluorescence patterns. The first, named as
negative mitosis, is characterized by a fluorescent cell body
while the collapsed chromosomesmass, located in themiddle
part of the cell, does not exhibit a fluorescent patter or
has a weak fluorescence. With the second pattern, reported
as positive mitosis, we observe the opposite situation: that
is, the cell body is weakly fluorescent or nonfluorescent,
while the chromosomes mass is fluorescent. Figure 2 shows
examples of negative and positive mitosis. The third step of
the IIF diagnostic procedure aims at recognizing the staining
pattern of interphase cells. HEp-2 samples with nonnegative
fluorescence intensity may reveal different staining patterns,
relevant for diagnostic purposes. The patterns classification
is performed by the topographic survey of the nuclear
fluorescence during the cell cycle. In particular, the chromatin
positivity in the phases of the cycle preceding the cell
division indicates the possible presence of a Homogeneous
pattern. However, this positivity of the chromatin must be
differentiated with respect to the case where the chromatin
positivity is present in aCentromere pattern. On the contrary,
the chromatin negativity is used to direct the classification
to those patterns characterized by such negativity (Speckled,
Nucleolar) (see also http://www.anapatterns.org/).

The most frequent and clinically useful staining patterns
are represented in Figure 3.

It is worth observing how themitotic cell recognition step
is important for two reasons: first, the presence of at least one
mitotic cell confirms with medical doctors the correctness
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Figure 3: IIF images with different staining patterns (from left to right: Homogeneous, Fine Speckled, Coarse Speckled, Nucleolar,
Centromere, Nuclear Dots, and Nuclear Pore Complex).

Positive

Patterns classification (seven SVM)

Fluorescence classification (one SVM)

Negative

Mitosis recognition (two NN)

Unknown image

CAD Immuno 
output

Well classification (one KNN)

Figure 4: CyclopusCAD Immuno working flow: the system aims to reproduce the operations flow made by Immunologist and described in
Section 3.5, by making a classification of fluorescence only for nonnegative images, and by operating a patterns classification and a mitosis
classification; it will then be using the results of these classifications to provide a final output.

of well preparation, so that the well is discarded if no cell
in mitosis is detected; second, the information on the fluo-
rescence pattern of mitotic cells can be used to improve the
ability to discriminate between similar stainings of interphase
cells [22].

3.6. CAD Workflow. The CAD Immuno is able to identify,
on IIF images, the fluorescence intensity and the fluorescence
pattern. In particular, the analysis of fluorescence images for
the positive/negative detection is carried out using a Support
Vector Machine (SVM) classifier.The system is able to recog-
nize the following fluorescence patterns: Homogeneous, Fine
Speckled, Coarse Speckled, Nucleolar, Centromere, Nuclear
Dots, and Nuclear Pore Complex. The system searches and
classifies positive mitosis and negative mitosis within the
image. The classification of mitosis occurs by using two
Neural Network (NN) classifiers. The final decision-making
process for the detection of fluorescence pattern is achieved
by using a 𝐾-Nearest Neighbors (𝐾-NN) classifier, having
nine inputs (seven outputs of patterns classifiers and two
mitosis classifiers). Figure 4 shows the CAD Immuno work-
ing flow.

In several multiclass classification problems, it is prefer-
able to use a number of classifiers equal to the number
of classes and each classifier is trained to discriminate a
class from all the others (binary approach) [23]. In this
system, in addition to differentiating the classification stage
by implementing seven classifiers for seven classes of stain-
ing patterns, the preprocessing, segmentation, and feature

extraction steps are differentiated as well. The CAD Immuno
here presented adopts a nonstandard pipeline for supervised
image classification.

Figure 5 shows the flow of operations adopted in this
work; the generic new image is simultaneously processed by
seven processes, obtaining seven separate outputs represent-
ing how the cell resembles each of the 7 classes analyzed in
this work. The choice of methods, features, and parameters
was performed automatically, using theMean Class Accuracy
(MCA) as a “figure of merit.” The parameters involved are
tuned using a cross validation scheme. The main benefit of
this pipeline consists in offering of a good explanatory faculty,
based on an easily explainable principle.

3.7. Features. Cells patterns analysis clearly shows that differ-
ences between classes are mainly based on the presence and
distribution of bright/dark structures: numbers, sizes (areas),
intensity, and colors. It seems natural to use features provid-
ing an analysis of texture and more specifically features able
to deal with bright/dark speckle-like structure description.

Different staining patterns can be characterized by a
limited set of attributes describing the spatial relationships
between pixels values and main image variations occurring
in each cell type; this information is generally obtained by
mean of textural analysis techniques. These techniques can
be grouped into two major categories: (i) statistical methods
describing the distribution of grey-levels in the image and
(ii) frequency domain measurements of image variations
[24–26]. To achieve the objective of robust classification, we
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Figure 5: Pipeline of patterns classification method: the generic new image is simultaneously processed by seven processes, thus obtaining
seven separate outputs showing how the cell resembles each of the 7 classes analyzed in this work; as an example, out Ho. represents the degree
of similarity between the unknown image and the Homogeneous images.

Table 2: Level of concordance between two Senior Immunologist Readers of 589 wells.

Senior 1
Negative Homog. Fine S. Coarse S. Nucleol. Centrom. Dot TOT

Senior 2

Negative 117 6 10 5 3 141
Homog. 5 110 15 3 1 134
Fine S. 26 22 49 24 1 122

Coarse S. 23 4 20 67 114
Nucleol. 1 38 39
Centrom. 31 31

Dot 1 7 8
TOT 172 142 94 99 44 31 7 589

combined several discriminative visual features known to be
effective for cell classifications with a robust and scalable
multiclass boosting. All classifiers, developed in this project
by CyclopusCAD, use a large number (108) of extracted
features, able to fully characterize the HEp-2 cells. In more
detail, four quantization levels [27] were analyzed (256, 128,
64, and 32), and for each of them the following 27 features
have been extracted [28].

(i) Intensity Based Features (9). They include mean value,
standard deviation, ratio of standard deviation to the mean
value, entropy, moment of inertia, skewness, kurtosis, and
entropy of the contours gradient.

(ii) Geometry-Based Features (8). They include mean radius,
standard deviation of radius, maximum radius, ratio of the
standard deviation to the mean value, circularity, anisotropy,
fractal index, and eccentricity.

(iii) Shape-Morphological-Based Features (8). They include
area, perimeter, convex area, convex deficiency, solidity,
compactness, roundness, and Euler’s number.

(iv) Descriptors-Based Features (2). They include entropy of
HOG (Histogram of Oriented Gradients) and entropy of
HAG (Histogram of Amplitude Gradients).

4. Results and Discussion

In order to evaluate the concordance level, a subsample of
589 wells (each of them with 3 images), reported by two
Senior Immunologists, was analyzed. The results are shown
in Table 2 and revealed a concordance level around 71%
(Cohen’s 𝐾 statistic was 0.64). The maximum level of con-
cordance has been obtained for the Centromere pattern. The
lower concordance level is observed with the Fine Speckled
pattern. This concordance level represents the difficulty of
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Figure 6: Distribution of IIF patterns in the Gold Standard database (number of images 1006 and number of wells 302).

interpretation of IIF images and the obvious need for a
double reading and for Gold Standard. Taking only images
into account, with a concordance of interpretation between
the two Senior Immunologists, a subsample database was
then extracted containing 1006 images, representing all types
of patterns (302 wells corresponding to 906 images) and
including negative tests (100 images).

In this Gold Standard database, the distribution of the
different patterns is given in Figure 6. The overall approach
is resumed in Table 3.

Our objective is to evaluate the added value of the CAD
used as a second Reader. We first tested CAD performance
stand-alone in comparison with two Junior Immunolo-
gists. Four young fundamental Immunologists (Juniors) were
involved as Readers of images already reported by the experts
(Seniors). Before being compared to the CAD, the report-
ing concordances of these Junior Readers were compared
with each other and to those of a Senior Immunologist.
As shown in Table 4, and as expected, the concordance
level between Junior and Senior Immunologists was lower
than that observed when comparing only Seniors. The only
exception to this is with Reader 4, who is a more experienced
fundamental Immunologist but has never been involved in
diagnosis.

We also compared the Junior Readers with one another.
We looked at two pairs: Juniors 1 and 2 against Juniors 3 and
4. The results indicate, for each pair, a concordance level that
is near to the mean concordance of a Senior.

In another step we assessed the performance of two
Juniors reporting on Gold Standard wells (each of them with
3 images). Accuracy was established by considering intensity
on one hand and patterns on the other.

We then compared this performance to that of the CAD,
which gave better results than Junior Immunologists, as
shown in Tables 5 and 6.

Compared with the two Readers, CyclopusCAD Immuno
software showed higher Intensity Accuracy (versus Junior
1 𝑝 = 0.016, versus Junior 2 𝑝 = 0.016), higher Patterns
Accuracy (versus Junior 1 𝑝 < 0.0001, versus Junior 2

Table 3: Number of IIF images in AIDA database: with one or
two reports among which a Gold Standard sample with concordant
reporting was extracted.

Images
With 1 report With 2 reports Gold Standard

Positive 12947 6274 906
Negative 1446 700 100
Total 14393 6974 1006

Table 4: Percent of reporting concordance of Junior Immunologist
versus Senior or Junior Immunologist.

Concordance% of Juniors versus Seniors
Junior Readers 1 2 3 4
Number of wells 117 169 174 141
Concordance 37,6% 53,2% 42,5% 72,3%
Mean 45,8% 57,4%

Concordance% of Junior versus Junior
Juniors pair 1 versus 2 3 versus 4
Number of wells 265 219
Concordance 46,8% 68,5%

Table 5: Comparison of CAD and Junior reporting using Gold
Standard images as reference.

Readers Intensity Patterns
Accuracy Accuracy Mean accuracy Cohen’s 𝐾

Junior 1 66,0% 48,0% 56,7% 0,36
Junior 2 66,0% 66,2% 64,2% 0,58
CAD 85,5% 79,3% 79,4% 0,36

𝑝 = 0.1), and higherMAC (versus Junior 1 𝑝 = 0.0026, versus
Junior 2 𝑝 = 0.057).

In a last step we assessed the performance improvement
of the Junior Immunologist reports with the support of
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Table 6: Accuracy and mean accuracy of CAD compared to Gold Standard used as reference.

CAD Homog. Fine S. Coarse S. Nucleol. Centrom. Dot Other ACC MAC
Homog. 81,1% 9,5% 6,8% 2,7% 0,0% 0,0% 0,0%

79,3% 79,4%

Fine S. 6,5% 54,8% 16,1% 19,4% 3,2% 0,0% 0,0%
Coarse S. 0,0% 9,6% 80,8% 3,8% 3,8% 1,9% 0,0%
Nucleol. 3,3% 10,0% 0,0% 86,7% 0,0% 0,0% 0,0%
Centrom. 3,4% 3,4% 0,0% 3,4% 89,7% 0,0% 0,0%
Dot 0,0% 0,0% 16,7 0,0% 0,0% 83,3% 0,0%
Other 0,0% 0,0% 0,0% 0,0% 0,0% 0,0% 0,0%

Table 7: Accuracy of Junior reporting with the support of the CAD
using Gold Standard images as reference.

Readers
Intensity Patterns
Accuracy Accuracy Mean accuracy Cohen’s 𝐾

Junior 1 76,0% 69,5% 73,9% 0,61
Junior 2 66,0% 68,2% 66,3% 0,60

the CAD. The increase in accuracy, reported in Table 7, is
observed particularly for Junior Reader 1.

With respect to the performance of Junior 1,

(i) Intensity Accuracy varied from 66% to 76%, showing
an increase (𝑝 = 0.21);

(ii) Patterns Accuracy varied from 48% to 69.5% and was
significantly increased (𝑝 = 0.002);

(iii) MAC varied from 56.7% to 73.9% and was signifi-
cantly increased (𝑝 = 0.02);

(iv) Cohen’s𝐾 varied from 0,36 to 0,61.

With respect to the performance of Junior 2,

(i) Intensity Accuracy showed no variation;
(ii) Patterns Accuracy varied from 66.2% to 68.2%, show-

ing a low significance increase (𝑝 = 0.81);
(iii) MAC varied from 64.2% to 66.3, showing a low

significance increase (𝑝 = 0.79);
(iv) Cohen’s𝐾 varied from 0,58 to 0,60.

5. Conclusions

In this paper the AIDA Project and its preliminary results
are presented. The AIDA Project initiative in Italy and Tunis
suggests that a joint effort by Health Professionals, Scientific
Societies, and patients’ associations can make a difference.
Even before its closure the preliminary results produced by
the AIDA Project are very encouraging. The size of the
database, with around 14500 images and each with their
respective report, is the biggest within the field of Indirect
ImmunoFluorescence applied to autoimmune diseases diag-
nosis in the world. Additionally we have compiled around
1000 images with two concordant reports established by
immunology experts and including different patterns, which
have composed our first Gold Standard database. This has

been the basis for “learning” of the CyclopusCAD Immuno
software. This Gold Standard database has proven to be of
great interest and has been considered for use as reference
to evaluate Junior and Fundamental Immunologists and
CAD performance. The automatic CAD system used and
optimized in the AIDA Project has been described and its
performance was evaluated.

In this work the results in terms of performance of Junior
Immunologists, CAD, and Immunologists with the aid of
CAD have also been reported. The CAD system showed
higher Intensity Accuracy (85,5% versus 66,0% and 66,0%),
higher Patterns Accuracy (79,3% versus 48,0% and 66,2%),
and higher MAC (79,4% versus 56,7% and 64.2%).

Another objective of this project is to evaluate the added
value of the CAD used as a second Reader. The analysis
conducted here showed that the CAD support improves the
performances of Junior Immunologists up to asmuch as 45%,
as highlighted by the comparisons reported on Tables 5 and
7.

Considering the concordance level between Fundamental
Immunologists evaluated at 71%, the CAD seems to bring
the same level of performance. Indeed, when compared to
Gold Standard, the CAD showed a mean accuracy of 85% for
intensity evaluation and 79% for pattern recognition.

With these preliminary results, we can conclude that
the objectives of the project are being reached with the
demonstration that the CAD shows a higher performance
than Junior Immunologists and equivalent results with
Immunology Experts. In a further step, the Gold Standard
database should be enriched, including the addition of more
double reported and triple reported images.With such a high
number of images of high-quality reporting, wewould be able
to improve the CADperformance and our quality assessment
approach in order to offer a product of high confidence that
could be used as second Reader to student learning and to
remote diagnosis.

Disclaimer

This document was produced with the financial assistance
of the European Union in the frame of the ENPI CT Italy-
Tunisia 2007–2013. The views expressed herein can in no
way be taken to reflect the official opinion of the European
Union. Sole responsibility for the views, interpretations,
or conclusions contained in this document lies with the
authors.Neither the EuropeanCommissionnorManagement



BioMed Research International 9

Structures of the Program can be held responsible for the
accuracy, completeness, or use of the information contained
herein.

Conflict of Interests

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

Acknowledgments

The authors thank Dr. Marcella Zanetti for the excellent
work and organizational support. The authors thank the
Department of Health of the Sicilian Region (Italy) and the
Public Health Department of Tunis (Tunisia) for the support
provided.

References

[1] M. J. Fritzler, “Toward a new autoantibody diagnostic ortho-
doxy: understanding the bad, good and indifferent,”Autoimmu-
nity Highlights, vol. 3, no. 2, pp. 51–58, 2012.

[2] R. Tozzoli, N. Bizzaro, E. Tonutti et al., “Guidelines for the
laboratory use of autoantibody tests in the diagnosis and moni-
toring of autoimmune rheumatic diseases,”American Journal of
Clinical Pathology, vol. 117, no. 2, pp. 316–324, 2002.

[3] N. Bizzaro and A. Wiik, “Appropriateness in anti-nuclear
antibody testing: from clinical request to strategic laboratory
practice,” Clinical and Experimental Rheumatology, vol. 22, no.
3, pp. 349–355, 2004.

[4] The Autoimmune Diseases Coordinating Committee (National
Institutes ofHealth),Progress in AutoimmuneDiseases Research,
2005.

[5] N. Bizzaro, A. Antico, S. Platzgummer et al., “Automated antin-
uclear immunofluorescence antibody screening: a comparative
study of six computer-aided diagnostic systems,”Autoimmunity
Reviews, vol. 13, no. 3, pp. 292–298, 2014.

[6] N. Agmon-Levin, J. Damoiseaux, C. Kallenberg et al., “Interna-
tional recommendations for the assessment of autoantibodies to
cellular antigens referred to as anti-nuclear antibodies,” Annals
of the Rheumatic Diseases, vol. 73, no. 1, pp. 17–23, 2014.
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The high-field permanent magnetic circuits of 1.2 T and 1.5 T with novel magnetic focusing and curved-surface correction are
developed.Thepermanentmagnetic circuit comprises amagnetic yoke,mainmagnetic steel, nonspherical curved-surfacemagnetic
poles, plugging magnetic steel, and side magnetic steel. In this work, a novel shimming method is proposed for the effective
correction of base magnetic field (𝐵

0
) inhomogeneities, which is based on passive shimming on the telescope aspheric cutting,

grinding, and fine processing technology of the nonspherical curved-surface magnetic poles and active shimming adding higher-
order gradient coils. Meanwhile, the magnetic resonance imaging dedicated alloy with high-saturation magnetic field induction
intensity and high electrical resistivity is developed, and nonspherical curved-surface magnetic poles which are made of the
dedicated alloy have very good anti-eddy-current effect. In addition, the large temperature coefficient problemof permanentmagnet
can be effectively controlled by using a high quality temperature controller and deuterium external locking technique. Combining
our patents such as gradient coil, RF coil, and integration computer software, two kinds of small animal Micro-MRI instruments
are developed, by which the high quality MRI images of mice were obtained.

1. Introduction

Magnetic resonance imaging (MRI) has become more and
more important for clinical and basicmedicine.MRI technol-
ogy has many important characteristics, such as noninvasive,
high soft tissue contrast, and can provide distinct anatom-
ical information of lesions. It has significant advantage in
functional imaging, especially. In addition, a lot of medical
researches have to be done on animals such as rats and mice.
Therefore, the research and development of small animal
MRI instrument are becoming more and more urgent. It
is well known that the stronger magnetic field can provide
a higher signal-to-noise ratio (SNR) and images with good
quality [1]. However, the optimum field strength remains
unknown and depends upon many factors such as leakage
magnet, image inhomogeneities, and eddy currents induced
by fast switching gradients of the magnetic field gradients.

At present, the mainstream of small animal MRI pieces of
equipment with the magnetic field strength ≥7 T [2, 3] is
generally produced on the basis of superconductor technol-
ogy. Moreover, the price of these pieces of equipment is very
high, and the laboratories in some universities cannot afford
them. Actually, it is not necessary to perform small animals
imaging by using ultra-high-field MRI instrument. For per-
manent magnet type MRI instrument, when the magnetic
field strength is about 1.5 T, it can meet the requirements of
small animal structure imaging and preliminary functional
imaging.

𝐵
0
magnet is the most important part of permanent

magnet type MRI instrument. Currently, the magnetic field
strength of 𝐵

0
magnet is generally less than 1 T. In order to

increase magnetic field intensity, reduce leakage magnet, and
achieve shimming, some researchers have adopted different
methods, such as adding yokes [4], pole shoes [5], and
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shim rings [6] in 𝐵
0
magnet. It is reported that 𝐵

0
magnet

can generally be improved by the optimization of magnetic
pole shapes [7], adding adjustable shim pieces to the C-
shaped magnetic poles [8], and changing magnet yokes [9].
At present, a 0.6 T MRI instrument with bore 450mm was
developed successfully [10].The research and development of
1.0 TMRI system is also reported [11, 12]. When the magnetic
field strength of cylindrical permanentmagnet is up to 1.5 T, it
is very difficult to install the compensation coils and solve the
problem of base magnetic field uniformity. Yamada et al. [13]
investigated the potential of such systems in functional MR
imaging (fMRI) of somatosensory cortex activity elicited by
forepaw stimulation in medetomidine-sedated rats by using
a 1.5 T compact imager. Haishi et al. [14] developed a 2.0 T
permanent magnetic circuit for NMR/MRI and obtained
MRI image of a human finger in vivo. Moreover, the images
of a live animal are not obtained in this reference. Tamada
et al. [15] also developed a 2.0 T permanent magnet using a
biplanar single-channel shim coil, but the mass of this kind
of permanent magnet is bigger, and the space utilization of
𝐵
0
magnet is lower. Therefore, the increase of 𝐵

0
magnetic

field in keeping large utilization efficiency of magnetic space
is very important for upgrading permanent magnetic circuit
for NMRI/MRI. The Magnetic Materials Research Center
of Shin-Etsu Chemical Co., Ltd., has successfully developed
the world’s largest large-scale magnetic circuit for a Halbach
type permanent magnet with a total weight of approximately
9.5 tons [16]. Although it is the largest permanent magnetic
circuit generating a strong magnetic field, it will be used
mainly on the production processes for MR sensor for use in
MRAMs (magnetoresistance random access memories) and
encoders for position detection. Moreover, our developed
1.2 T and 1.5 T permanent magnetic circuits for a half-
Halbach type permanent magnet are used mainly for small
animal Micro-MRI instruments.

Shimming is also a key problem in the development
of permanent magnetic circuit [17–20], which consists of
the passive shimming and the active shimming. The passive
shimming technology is invented in the early 1990s [17]. To
date, the passive shimming of permanent magnet mainly
draws from one of the superconducting magnets [21]. There
is no special shimming method tailored to the charac-
teristics of permanent magnet, and the shimming mainly
depends on experiences. So the shimming of permanent
magnet has not made a substantial progress. At present,
many optimization methods [22–29] on permanent magnet
shimming are proposed, such as linear programmingmethod
[22], dynamic programming method [23], linear integer
programming method [24], mixed integer programming
method [25], successive approximation method [26], and
other passive shimming technologies [27–29]. In order to
realize the shimming of permanent magnet, the working
space should be away from shim pieces, which produced an
uneven local small magnetic field. Therefore, the effective
working space will become small. This is also a primary
factor restricting the development of permanent magnet. At
present, it is reported that shimming method adding thin
iron pieces is often used. Owing to the edge effect on thin
iron piece shimming, the effective shimming space becomes

small and the efficiency reduces. In the study, we adopted
the passive shimming method of cutting, grinding, and fine
processing technology in realizing the homogeneity field.The
active shimming of permanent magnet is generally obtained
by adding several high-order current coils. These coils may
correct the complex inhomogeneity of 𝐵

0
magnet. Tamada et

al. [30] proposed a new planar single-channel shim coil in the
magnet gap. The coil design is based on the superposition of
multiple circular currents and the stream functionmethod. In
this study, the active shimming is obtained by adding higher-
order current coils in the remaining spaces of RF coil and
gradient coil, which not only achieves the shimming but also
saves the magnetic field space.

The eddy current problem in permanent magnet is also
very prominent due to the existence of more ferromagnetic
materials. The eddy current will increase when ferromag-
netic pieces and magnetic yokes are directly connected to
permanent magnetic circuit [31–34]. At present, the active
self-shielding [31–33] is a most competent method on solving
the eddy current. The active self-shielding gradient coil may
be obtained by installing a shielding coil outside gradient coil.
When the current phases of self-shielding coil and gradient
coil remain strictly the same, the eddy current of supercon-
ducting magnet may effectively be eliminated. However, it is
not suitable for permanent magnet to install large active self-
shielding coil because the active self-shielding coil takes up a
lot of space.Making an anti-eddy-current board is currently a
popular method of reducing the eddy current for permanent
magnet instrument [34]. Moreover, the anti-eddy-current
board will occupy valuable working space.Therefore, it is also
not an ideal method of reducing eddy current.

To solve these problems, we made the improvement from
three aspects according to the characteristic of permanent
magnet. (1) The improvement on 𝐵

0
magnet of permanent

magnetic circuit: in order to increase the magnetic field
strength of 𝐵

0
magnet, the space efficiency, and unifor-

mity, high-field permanent magnet system with magnetic
focusing and curved-surface correction is developed. (2)The
improvement on the shimming of 𝐵

0
magnet: self-developed

novel shimming scheme is based on passive shimming and
active shimming. In the passive shimming, the traditional
passive shimming method adding shim pieces is subverted,
and the cutting, grinding, and fine processing technology
of magnetic poles is adopted for realizing the homogeneity
field.The active shimming method adding higher-order coils
is proposed, which helps reduce the shimming difficult and
saves the working space. (3) The improvement of the anti-
eddy-current technology on 𝐵

0
magnet: a new magnetic

pole is formed by connecting alloy magnetic pole with main
magnetic steel together. The nonspherical curved-surface
magnetic poles made of the self-developed MRI dedicated
alloy replaced pole pieces and anti-eddy-current board. The
MRI dedicated alloy is a kind of high electrical impedance
permanentmagnetmaterial, whichmay effectively reduce the
eddy current. By using the above technologies, along with
gradient coil [35], RF coil [36], and integration computer
software [37], 1.2 T and 1.5 T small animalMicro-MRI instru-
ments (Figure 1) are developed, by which the high quality
MRI images of mice were obtained.
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(a) (b)

Figure 1: MRI systems with 1.2 T (a) and 1.5 T (b) permanent magnetic circuits.
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Figure 2: Cross-section schematic of permanent magnetic circuit.
1, magnetic yoke, 2, main magnetic steel, 3, nonspherical curved-
surface magnetic poles, 4, plugging magnetic steel, and 5, side
magnetic steel. The arrows represent the direction of magnetic
susceptibility of magnetic steel.

2. Development of
Permanent MRI Instrument

2.1. The Design of Permanent Magnetic Circuit. The cross-
section schematic and stereogram of permanent magnet
circuit are shown in Figures 2 and 3, respectively. Herein
the nonspherical curved-surface magnetic poles made of the
magnetic resonance imaging dedicated alloy are two saddle-
type rotary curved surfaces, have the same shapes, and are
symmetrically distributed at the center of the magnetic yoke.
Two pieces of main magnetic steel (MMS) are, respectively,
positioned behind the two magnetic poles; the plugging
magnetic steel is deviated from the center position and is,
respectively, positioned behind the two magnetic poles and
positioned on the two side surfaces of the main magnetic
steel; the sidemagnetic steel is, respectively, positioned on the
side surfaces of the two magnetic poles and arranged on the
outer side of the plugging magnetic steel. The main magnetic

1234

5

Figure 3: Cross-sectional stereogram of permanent magnetic cir-
cuit.

steel and the plugging magnetic steel are made of permanent
magnet materials with high coercive force; the side magnetic
steel is made of permanent magnet materials with higher
coercive force; the coercive force of the side magnetic steel is
over 20 percent higher than that of the main magnetic steel.

The specific sizes of permanent magnetic circuit are
determined by the inverse design of magnetic field distribu-
tion, and the design generally consists of three stages. First,
the magnetic field distribution of permanent 𝐵

0
magnet is

determined within the magnetic field theory. Second, the
magnetic circuit and the sizes of permanent magnet and
ferromagnetic parts are determined according to magnetic
properties of special alloy and NdFeB material, magnet
working gap, and magnetic flux density (see Figure 4). In
order to correct the error causingmore simplified processing,
the structure parameters of permanent 𝐵

0
magnet are further

optimized by means of MATLAB simulation. At last, the
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Figure 4: The boundary schematic of selected 1/4 permanent
magnet in computation. 𝐿

1
is the boundary parallel to magnetic

induction lines. 𝐿
2
denotes the symmetrical boundary perpendicu-

lar to magnetic induction lines. 𝐿
3
denotes the border between two

materials such as iron and NdFeB, air and NdFeB, magnetic poles
alloy andNdFeB, andmagnetic poles alloy and air. 𝐿 is the boundary
of magnetizing current.

exact sizes of permanent magnetic circuit are determined on
the basis of the experiments of magnetic field design and
permanent magnetic circuit manufacture. Considering high
symmetry of closed permanent magnet circuit, the sizes of
two-dimensional permanent magnet circuit are determined
firstly, by which the ones of three-dimensional permanent
magnet circuit are deduced. The electromagnetic field equa-
tion of the simplified main magnet model is given as in [38].
We only drew boundary schematic of symmetric permanent
magnetic circuits in Figures 9 and 10.Ω(𝐿

1
∪ 𝐿
2
∪ 𝐿
3
∪ 𝐿) in

(1) denotes the entire solution domain:

𝜕
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1
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𝜕𝑛
)

𝐿
−

= 𝑗, 𝐿, (5)

where 𝐴 is the undetermined magnetic vector potential. The
reluctivity V is equal to the reciprocal of the permeability
𝜇. 𝜇 denotes the relative permeability of permanent mag-
netic material along the easy magnetization direction. The
permeability 𝜇 is regarded as the permeability of vacuum

𝜇
0
in computation. 𝑗 is the density of bound current. It

is very difficult to obtain analytical solutions of the above
equations. The sizes of magnetic poles and side magnets are
obtained using the finite elementmethod and theCUDAGPU
software. The objective function of utilization coefficient on
permanent magnet is given as

𝑀 =

∫𝜐
𝑐

𝐵𝑐


2
𝑑𝑉

∫ 𝜐
𝑚

𝐽0
2 𝑑𝑉

, (6)

where 𝜐
𝑐
denotes the space area between two poles of 𝐵

0

magnet, 𝐵
𝑐
is the magnetic density, 𝜐

𝑚
denotes the volume of

space occupied permanent magnet, and 𝐽
0
is the modulus of

residual magnetization vector in permanent magnetic mate-
rial. In practical design, we selected the utilization coefficient
as large as possible (𝑀 = 0.7). The permanent magnet is
made of N50-type high-grade steel (residual magnetic flux
𝐵
𝑟
= 1.4T) [39]. Based on numerical calculation and man-

ufacturing experience, the angles between main magnetic
steel, nonspherical curved-surface magnetic poles, plugging
magnetic steel, and side magnetic steel are determined. The
sizes of each part of 1.2 T and 1.5 T permanent circuits are also
determined. Their specific sizes may be seen in Figures 5, 9,
and 10 and Tables 1–3.

The shape and structure schematic of nonspherical
curved-surface magnetic poles is demonstrated in Figure 5.
The magnetic poles (3 in Figure 2) with saddle-type rotary
curved surfaces are symmetrically distributed at the center
of the magnetic yoke. The closest distance 𝑑 between two
magnetic poles is the magnetic poles gap, 𝑥 is the distance
from a location point on the curved surface to the center of
the magnet, and 𝑦 is the distance between the corresponding
location points of two rotating curved surfaces. In designing
the curved-surface magnetic poles, the magnetic poles gap
(𝑑)must have higher precision at any angle.The relative error
of 𝑑 is less than 0.0003mm (0.3 𝜇m).The two curved surfaces
must have higher symmetry, and the relative error is less than
0.0003mm (0.3 𝜇m). And the two curved surfaces must be
high symmetrical on the center dotted line, whose relative
error is less than 0.0005mm (0.5 𝜇m). In Table 1, the size
of magnetic poles with saddle-type rotary curved surfaces is
demonstrated by using the quadratic interpolation. The data
error in Table 1 is generally less than 0.1%. By the adoption of
a magnetic focusing technology, high-field 1.2–2.1 T intensity
can be achieved. The uniform field of a magnet is corrected
by the curved surfaces, so that extremely high space efficiency
and more than ten times the uniformity are achieved.

2.2. 𝐵0 Magnet Shimming. The highly homogeneous mag-
netic field is required in permanentmagnet typeMRI system.
The basic magnetic field cannot meet the high uniformity
requirement of MRI systems, so it is rather important to
achieve the shimming of 𝐵

0
magnet. At present, the shim-

ming methods mainly include the active shimming and the
passive shimming. The passive shimming adding ferromag-
netic pieces is a popular method of achieving permanent
magnet shimming. Moreover, the uneven local small mag-
netic field generating shim pieces seriously interferes with the
basic magnetic field. In order to weaken the interference of
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Table 1: The size of magnetic poles with saddle-type rotary curved surfaces. 𝑑 is the magnetic poles gap, 𝑥 is the distance from a location
point on the curved surface to the center of the magnet, and 𝑦 is the distance between the corresponding location points of two rotating
curved surfaces.

𝑥/𝑑 0.00 0.4 0.8 1.2 1.6 2.0 2.4 2.8 3.2 3.24 3.28 3.32 3.36 3.4 3.52
𝑦/𝑑 1.08 1.076 1.063 1.042 1.014 1.0 1.0 1.023 1.18 1.21 1.24 1.27 1.30 1.34 1.46

Table 2: The size of permanent magnetic circuit with the magnetic field strength 1.5 T. 𝑥 is the distance from a location point on the curved
surface to the center of the magnet. 𝑦 is the distance between the corresponding location points of two rotating curved surfaces. The units of
𝑥 and 𝑦 are mm.

𝑥 0 12 24 36 48 60 72 84 96 97.2 98.4 99.6 100.8 102
𝑦 43.2 43.04 42.54 41.69 40.56 40.0 40.0 40.93 47.38 48.41 49.53 50.74 52.05 53.46

Table 3: The size of permanent magnetic circuit with the magnetic field strength 1.2 T. 𝑥 is the distance from a location point on the curved
surface to the center of the magnet. 𝑦 is the distance between the corresponding location points of two rotating curved surfaces. The units of
𝑥 and 𝑦 are mm.

𝑥 0 28 56 84 112 140 168 196 224 226.8 229.6 232.4 235.2 238
𝑦 75.6 75.32 74.44 72.95 70.98 70.0 70.0 71.63 82.91 84.72 86.67 88.80 91.08 93.55

x

y
d

3

3

Figure 5: The shape and structure schematic of nonspherical
curved-surface magnetic poles is demonstrated.Themagnetic poles
(see label 3 in Figure 2) with saddle-type rotary curved surfaces are
symmetrically distributed at the center of the magnetic yoke.

the local small magnetic field, the working space should be
away from these shim pieces.Therefore, the effective working
space and the space utilization efficiencywill greatly decrease.
In keeping the invariable working space, the magnetic gap
should become large, which will lead to the decrease of the
magnetic field strength. It is well known that the utilization
space of permanent magnet is proportional to the cube of 𝐵

0

magnet sizes.Themagnetic steelmass will greatly increase for
keeping the same base magnetic field, which also increases
the difficulty of manufacturing permanent magnet system.
In addition, the mutual interference between ferromagnetic
pieces and magnetic poles will further increase the difficulty
of achieving the shimming of permanent magnet. The above
factors are also the main reasons hindering the breakthrough
of high-field permanent Micro-MRI instrument so far. In
this study, the cutting, grinding, and polishing techniques
of aspheric optical components were transplanted to the
processing of magnetic poles surface and the shimming
practice, by which the shimming difficulty of permanent
magnet is reduced.

The good shimming is dependent on a high-precision
measurement technology. In order to achieve high-accuracy
shimming of permanent magnet, it is necessary to have a
high-precision measurement technology. In designing per-
manent magnet system, the magnetic field data of 2048
collected points are measured point by point by using
frequency-spectrum method, and then the processing plan
is determined according to measuring magnetic field data
of these points. In the practical work, measurement and
high-precision processing may be carried out synchronously
without the interferences of shim pieces, and the cutting,
grinding, and polishing technology does not need to occupy
much space. Therefore, the computation difficulty will dra-
matically decrease. Based on accumulated fine processing
experience, the magnet poles with high-fineness surface are
obtained by using the processing technology. The surface
evenness of magnetic poles can be controlled in 0.3∼0.1 𝜇m,
and so the magnetic field homogeneity of 𝐵

0
magnet will

increase. The magnetic field after passive shimming needs
further optimization by adding several groups of current
coils on two-opposite-poles surface of magnet. The basic
magnetic field is a constant field, and the scalar magnetic
potential 𝑉 satisfies Laplace equation; that is, Δ𝑉 = 0.
The expansion equation of magnetic field 𝐵

𝑧
in rectangular

coordinate system is given as [38]

𝐵
𝑧
(𝑥, 𝑦, 𝑧) = 𝐴
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(7)
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Generally, only 𝐵
𝑧
is computed in the shimming. The first

term in (7) is a uniformity field value preserved in shimming.
The nonuniformity parts of the base magnetic field after
passive shimminghave usually a certain gradient.The second,
third, and fourth terms denote linear gradients along 𝑥, 𝑦,
and 𝑧 coordinate axes, respectively. The fifth, sixth, seventh,
and eighth terms are second-order nonuniformity parts. The
ninth, tenth, eleventh, and twelfth terms are third-order
nonuniformity parts. The developed high-order gradient
coils still retain the early MRI technique characteristic of
compensating the gradient of base magnetic field. When the
magnetic field induced by these high-order gradient coils
exactly offsets the gradient of main magnet itself in a specific
direction, these high-order gradient coils are regarded as the
shimming coils. In addition, when the resonance frequencies
of these points in the high uniform magnetic field tend to
be the same, the vibration amplitude of every point is the
biggest, by which 27 groups of higher-order shimming coils
including 𝑥, 𝑦, 𝑧, 𝑥𝑦, 𝑦𝑧, 𝑥𝑧, 𝑥2 − 𝑦

2, 𝑅2, 𝑅3, 𝑅𝑧2, (𝑥2 −
𝑦
2
)𝑧, 𝑦3, 𝑥𝑦𝑧, and other third-order parts are preliminary

designed. The shimming method adding high-order current
coils is named as the active shimming. In the study, a novel
shimming scheme is based on passive shimming and active
shimming. In addition, we took a year to track the imaging
of small animal permanent magnet type MRI instrument
and fulfill correction of magnetic poles continuously. A good
shimming of permanent magnet is obtained when the high-
order shimming coils reduce to 9 groups.

2.3. Eddy Current of Permanent Magnet. In the conven-
tional permanent magnetic circuit, two possible magnetic
flux routes generating gradient magnetic field are shown
in Figure 6. Although the pole shoes are made from high
permeability and impedance material, it is also very difficult
for permanent magnetic poles to prevent the closed gradient
magnetic flux passing through magnetic yokes. At present,
adding an anti-eddy-current board between gradient coils
and magnetic poles is the most mainstream and effective
method of eliminating the eddy current in permanent
magnetic circuit. However, the anti-eddy-current board will
occupy large working space. It is also not an ideal method of
reducing eddy current. In order to eliminate the eddy current,
we replaced pole pieces and anti-eddy-current board with
an alloy magnetic pole. These magnetic induction lines of
magnetic circuits 1 and 2 in Figure 7 interrupt in nonspherical
curved-surface alloy magnetic poles, which may effectively
prevent generation of eddy current. Considering the symme-
try of the magnetic circuit, the upper part of the magnetic
circuit schematic diagram was given in Figures 6 and 7.

The medical magnetic resonance imaging system can be
regarded as the magnetic field stacking a rapidly changed
gradient magnetic field based on the uniform magnetic field.
The system consists of𝑋, 𝑌, 𝑍 three groups of gradients. The
spatial information is determined by changing the sizes of
𝑋, 𝑌, 𝑍 gradients. So the accuracy and switching speed of
the gradient magnetic field determine the imaging quality.
The main factor affecting the accuracy and switching speed
of the gradient magnetic field is the eddy current inducing

Pole Magnetic pole

Yoke
1 1

2 2

shoe

Figure 6: Magnetic circuits with traditional gradient coils.

MMS

Alloy pole

Yoke

1 1

22

Figure 7: High-impedance special alloy magnetic poles without
pole shoes. The magnetic circuit may block the gradient pulse and
prevent the eddy currents.

the nearest magnetic poles extreme. The eddy current is a
result of the interaction between the magnetic field and the
current inducing the conductor in the variablemagnetic field.
Adding the active self-shielding coils is an effective method
of reducing the eddy currents in superconducting magnetic
circuit to date. Moreover, it is not very ideal for permanent
magnetic circuit to add the active self-shielding coils. The
active self-shield coils will take up too much space and need
to pay a high price [31]. At present, making magnetic poles
with the amorphousmagnetic material, sheet lamination and
silicon steel splicing are the popular solution methods of
eliminating the eddy current. The above schemes can only
be used below the 1.0 T magnetic resonance system owing to
the low saturation magnetic intensity. In order to eliminate
the eddy currents, themagnetic resonance imaging dedicated
alloy with high-saturation magnetic field induction intensity
and high electrical resistivity is developed, and nonspherical
curved-surface magnetic poles made of the dedicated alloy
replaced traditionalmagnetic poles and pole pieces which are
easy to induce the eddy currents. A preparation method of
the magnetic resonance imaging dedicated alloy is given as
follows.The dedicated alloy is Fe-Co-Al fe-co-based alloy, the
mass percent of the Co content is 5%–35%, the mass percent
of Al content is 2%–6%, the mass percent of Si content is
0.5%–1%, the mass percent of Mo content is 2%-3%, required
impurities include C, P, S, and Ni which are smaller than
0.01%, and the rest is Fe.The electrical resistivity of the alloy is
larger than 50 ∗ 10−8Ω/m, the saturation flux density is larger
than 1.4–2.3 T, the initial permeability is larger than 2000, the
magnetic permeability at 1.0–1.5 T is larger than 10000, and
preparation is performed by a vacuum metallurgy method.
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Figure 8: (a) Gradient coil. (b) RF coil. (c) The optimal allocation of all kinds of coil. 1, shimming coil. 2, gradient coil. 3, RF coil. 4, DSV.

According to the magnetic resonance imaging dedicated
alloy and the preparation method, high-saturation magnetic
field induction intensity and high electrical resistivity can be
achieved, the alloy is a magnetic pole material that is used for
1.0 T–2.1 T permanent magnet magnetic resonance imager,
and the anti-eddy effect is good.

2.4. Gradient Coil, RF Coil, and Temperature Control. We
developed a self-shielding gradient coil with straw-hat
curved-surface shape. The self-shielding gradient coil with
high linearity, high efficiency, and small size is not only
different from cylindrical superconducting gradient coil,

but also different from the planar gradient coils. The eddy
currents are effectively minimized by installing three groups
of high-order gradient coils in small animal permanent MRI
system at 0.5 T [40]. When the main magnetic field strength
is up to 1.5 T [41], the stronger eddy current which worsens
the linearity of the gradient magnetic field cannot effectively
be eliminated by only adding self-shielding gradient coils.
In addition, the magnetic resonance imaging dedicated alloy
replaced traditionalmagnetic poles and pole pieces which are
easy to induce the eddy currents. The self-shielding gradient
coil picture is shown in Figure 8(a). Self-developed RF coil
not only absorbs the advantage in which the saddle-shaped
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coil can provide the uniform RF field in the vertical direction
of 𝐵
0
magnetic field, but also absorbs the advantage of the

solenoid-shaped coil with high sensitivity and uniformity
field. The single-channel integral coil formed orthogonal
transmitter coil and receiver coil avoids the complex array coil
circuit. The single-channel integral coil has a faster imaging
speed owing to selecting higher magnetic field strength and
superior gradient coils. The RF coil picture is also shown in
Figure 8(b). For improving the space utilization of magnetic
poles gap and reducing the volume of 𝐵

0
magnet, all kinds

of coils were arranged scientifically in Figure 8(c). Taking
the curved type gradient coils, for example, three groups of
coils were placed in the remaining gaps between the uniform
field coils. This design not only obtained the self-shielding
gradient coil, but also did not take up too much space.

The spatial distribution of the magnetic field may also
vary with temperature. The stability of 𝐵

0
magnetic field

determines the image quality. Therefore, the frequency or
current compensation is an effective method of obtaining
the stable magnetic field. Haishi et al. [42] developed a
1.0 T MR microscope using a NdFeB permanent magnet,
and they developed an internal NMR locking technique
or the imaging sequences because the magnetic field of
the permanent magnet had a large temperature coefficient
(−1200 ppm/deg.). In the study, the temperature drift can be
effectively controlled by using a high quality temperature
controller and “deuterium external locking” technique. The
“deuterium external locking” technique is a method of com-
pensating the magnetic field drift by the additional magnetic
field inducing the current of the lock field coil, and the current
of the lock field coil is adjusted by detecting the deuterium
signal.The temperature drift is controlled around 1 ppm in 10
minutes (2∼3 ppm/h) in imaging experiments.

3. Discussion

As the experiment, two kinds of permanent magnetic circuits
are developed. One magnetic circuit is with a main mag-
netic field strength 1.5 T, a magnetic gap 43mm, a cylinder
shimming space with 35mm (diameter) × 60mm (height),
and a space utilization efficiency of 81% (the space utilization
efficiency is the ratio of the volume of the working space to
the volume between magnetic poles); the static homogeneity
is 1 ppmhomogeneity over 20mmDSV.According to the data
in Table 2, the specific dimensions of the 1.5 T permanent
magnetic circuit are given in Figure 9. The other one is
with a main magnetic field strength 1.2 T, a magnetic gap
70mm, a cylinder shimming space with 60mm (diameter) ×
100mm (height), and a space utilization efficiency of 85%; the
static homogeneity is 1 ppm homogeneity over 20mm DSV.
According to the data in Table 3, the specific dimensions of
the 1.2 T permanent magnetic circuit are given in Figure 10.
1.2 T and 1.5 T permanent magnetic circuits, gradient coils,
RF coils, and integrated software systems with independent
intellectual property rights are assembled into 1.2 T and
1.5 T MRI instruments. The high quality images of mice are
obtained by using self-developed two kinds of Micro-MRI
instruments. The 1.2 T and 1.5 T Micro-MRI instruments are
demonstrated in Figure 1.
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Figure 9: The size of each part of 1.5 T permanent magnetic circuit.
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Figure 10:The size of each part of 1.2 T permanent magnetic circuit.

In order to implement mice imaging, 12 healthy male
mice with the age of 4 weeks were obtained from Shanghai
Experimental Animal Center. Their masses are between 17
and 20 grams. With the approval of the Ethical Committee
of North China University of Science and Technology, the
experiment of live mice and the injection of carcinogenic
urethane to livemicewere performed.Thedosage of urethane
anesthesia injecting into the abdomen of the healthy male
mice is 1 g/kg. It took 4 minutes to 10 minutes for one 3D-
T1 data set of one mouse under the anesthesia. The imaging
scans of mice were performed after 5 minutes. The coronal
images of a live mouse are obtained by using the 1.2 T small
animalMRI instrument.The cross-sectional images of a dead
mouse are obtained by using the 1.5 T small animal MRI
instrument.
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51 53 55 57 59

Figure 11: Coronal images of the 51st, 53rd, 55th, 57th, and 59th layer slices on live mice are demonstrated from left to right. Parameters of
MRI at 1.2 T: TR/TE = 100ms/15ms, cylindrical shimming volume 60mm × 100mm, FOV = 60mm × 100mm, slice thickness 0.3mm, data
matrix 512 × 36 × 256, and imaging matrix 1024 × 1024.
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Figure 12: Cross-sectional images of the 60th, 90th, 93rd, 96th, and 104th layer slices on a dead mouse are demonstrated from left to right.
Parameters of MRI at 1.5 T: TR/TE = 200ms/15ms, cylindrical shimming volume 35mm × 60mm, FOV = 35mm × 60mm, slice thickness
0.4mm, data matrix 32 × 512 × 256, and imaging matrix 512 × 512.

The SE sequence and T1-weighted images of mice are
obtained by using self-developed 1.2 T and 1.5 T small animal
MRI instruments. 𝑥 and 𝑦 direction phase codes, 𝑧 direction
frequency code, and sinc form RF pulse are selected in
coronal and cross-sectional scans of several mice. The 128
layers images of a live mouse are obtained in every imaging
experiment. The imaging parameters of 1.2 T and 1.5 T MRI
instruments are set as follows, respectively. (1) Coronal
imaging parameters on the 1.2 T MRI instrument: TR/TE
= 100ms/15ms, cylindrical shimming volume is 60mm ×

100mm, the field of view (FOV) = 60mm × 100mm, slice
thickness is 0.3mm, data matrix is 512 × 36 × 256, and
imaging matrix is 1024 × 1024. The 51st, 53rd, 55th, 57th, and
59th layer coronal images of a live mouse were demonstrated
in Figure 11. These randomly selected coronal images of mice
from head to tail can be clearly observed. (2) Cross-sectional
imaging parameters on the 1.5 T MRI instrument: TR/TE
= 200ms/15ms, cylindrical shimming volume is 35mm ×

60mm, FOV = 35mm × 60mm, slice thickness is 0.4mm,
data matrix is 32 × 512 × 256, and imaging matrix is 512 × 512.
The randomly selected 60th, 90th, 93rd, 96th, and 104th layer
cross-sectional images of a dead mouse were demonstrated
in Figure 12. The internal organs of the dead mouse can be
clearly observed in Figure 12. The results show that higher
field intensity of permanent magnet may improve greatly the
imaging quality of small animals.

4. Conclusions

In the study, we developed a magnetic resonance imaging
dedicated alloywith high-saturationmagnetic field induction
intensity and high electrical resistivity, and high-field perma-
nent magnetic circuits of 1.2 T and 1.5 T with novel magnetic
focusing and curved-surface correction. The nonspherical
curved-surface magnetic poles made of the dedicated alloys

are two saddle-type rotary curved surfaces, have the same
shapes, and are symmetrically distributed at the center of
the magnetic yoke. A new magnetic pole is formed by
connecting the nonspherical curved-surface alloy magnetic
pole with main magnetic steel together, which replaced
traditional magnetic pole and poles pieces easily induced
the eddy currents. The plugging magnetic steel is deviated
from the center position and is, respectively, positioned
behind the two magnetic poles and positioned on the two
side surfaces of the main magnetic steel; the side magnetic
steel is, respectively, positioned on the side surfaces of the
two magnetic poles and arranged on the outer side of the
plugging magnetic steel; the main magnetic steel and the
plugging magnetic steel are made of permanent magnet
materials with high coercive force; the side magnetic steel is
made of permanent magnet materials with higher coercive
force; the coercive force of the side magnetic steel is over
20 percent higher than that of the main magnetic steel.
By the adoption of a magnetic focusing technology, high-
field 1.2–2.1 T intensity can be achieved, and the uniform
field of a magnet is corrected by the curved surfaces. In
terms of shimming, the conventional passive shimming field
method adding shim pieces is abandoned, and a telescope
aspheric cutting, grinding, and fine processing technology
of the nonspherical curved-surface magnetic poles is used.
Meanwhile, the active shimming technology adding higher-
order gradient coils is adopted, which effectively corrects
the uniform field of 𝐵

0
magnet. Based on accumulated fine

processing experience, the magnet poles with high-fineness
surface are obtained by using the telescope aspheric cutting,
grinding, and fine processing technology. The surface even-
ness of magnetic poles can be controlled in 0.3∼0.1 𝜇m. After
adding third-order shimming coils, the static homogeneity
is 1 ppm homogeneity over 20mm DSV. In addition, the
large temperature coefficient problem of permanent magnet
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can be effectively controlled by using a good temperature
controller and “deuterium external locking” technique; the
newmagnetic poles and gradient coils are optimally designed
in terms of shape and structure. The shimming coils occupy
the space between gradient coil and concave magnetic poles.
Therefore, all the parts are optimally arranged and occupy the
smallest magnetic field space. Combining our patents such
as gradient coil, RF coil, and integration computer software,
1.2 T and 1.5 T small animal Micro-MRI instruments are
developed, by which the high quality coronal and cross-
sectional images of mice are obtained. Therefore, it is very
necessary to strengthen the study of permanent magnet
system for updating small animal MRI instruments.
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Tagging CMR has been established as the standard reference for measurement of myocardial strain. The current 2D tagging
technique requires multiple breath-holds to cover the whole heart and cannot show the 3D motions of the left ventricle.
We performed fast 3-breath-hold 3D tagging with localized tagging preparation and complementary spatial modulation of
magnetization in 10 patients with hypertrophic myocardial diseases and 6 normal volunteers. The left wall motion was observed
at any view angle, which allowed for the identification of regional and global hypokinesis using the fast 3D tagging. Although a
decrease in the circumferential strain and LGE were observed at the basal septum in hypertrophic cardiomyopathy, they were not
located together in each patient. In hypertensive heart disease, the decrease in circumferential strain was observedmorewidely than
LGE, and the summed strain of all segments was significantly decreased.The decrease in strain and LGE were observed diffusely in
cardiac amyloidosis. In conclusion, fast 3-breath-hold 3D tagging is feasible for the regional and global strain analysis.The location
of reduced circumferential strain is not necessarily the same as that of LGE and is related to the global cardiac function in patients
with hypertrophic myocardial diseases.

1. Background

Myocardial hypertrophy is induced by genetic mutations,
storage diseases, or reaction to hypertension, aortic valvular
disorders, or obstruction of the left ventricular outflow tract.
Myocardial hypertrophy may lead to a decrease in coronary
reserve flow, which is related to adverse cardiac events [1, 2].

Cardiac magnetic resonance (CMR) is used to quan-
tify regional and global cardiac function and myocardial
thickness and mass and to detect myocardial scarring [3–
5]. In particular, late gadolinium enhancement (LGE) CMR
is valuable for the identification of the myocardial scarring
associated with hypertrophic myocardial diseases including
hypertrophic cardiomyopathy (HCM), hypertensive heart
disease (HHD), and amyloidosis, and LGE is strongly related

to serious complications and the prognosis of the patients [6–
9]. Tagging CMR is another useful method that quantifies
the regional or global strain related to myocardial fiber
architecture, estimates cardiac dyssynchrony, and identifies
subclinical systolic impairment [10–13]. In HCM and HHD,
the regional heterogeneity of the strain, decrease in circum-
ferential strain, or abnormal apical rotation is observed using
tagging CMR [13, 14].

Although tagging CMR has been established as the
standard reference for measurement of myocardial strain and
motion, current 2-dimensional (2D) tagging CMR requires
multiple breath-holds to cover the whole heart.The 2D imag-
ing technique cannot show the 3-dimensional (3D) motions
of the left ventricle. Ryf et al. [15] developed 3D tagging
with complementary spatial modulation of magnetization
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(CSPAMM). A detraction of 3D tagging is its lengthy scan
time. Rutz et al. [16] developed fast 3D tagging by using
line tagging in the 3 spatial directions, the spatial localized
pulse for the second tagging preparation, and echo-planar
imaging (EPI) readout. The fast 3D tagging allows for the
whole heart to be imaged with 3D tagging with only 3-
breath-holds and was applied to 5 patients with myocardial
infarction. However, to our knowledge, there have been no
previous studies to evaluate the myocardial strain with the
fast 3D tagging technique in patients with nonischemic,
hypertrophic myocardial diseases with myocardial stiffness
and regional scarring.

In the present study, we sought to evaluate the feasibility
of fast 3-breath-hold 3D tagging for the assessment of the cir-
cumferential strain in patients with hypertrophic myocardial
diseases. We also compared the locations with the abnormal
strain with those of LGE.

2. Methods

2.1. Subjects. Ten patients with a maximum wall thickness ≥
15mm were recruited between June 2014 and August 2015.
They were 9 men and 1 woman ranging in age from 35
to 92 years (68.2 ± 16.1 years). They comprised 5 patients
with HCM, 3 with HHD, and 2 with cardiac amyloidosis.
One patient with HHD had associatedmyocardial infarction.
The diagnosis of the hypertrophic myocardial diseases was
made by endomyocardial biopsy or from a combination
of family history of HCM, past history, electrocardiogram
(ECG), and imaging studies [6–9]. For comparison, 6 healthy
male volunteers (age: 30–61 years; 42.0±14.4) underwent the
fast 3D tagging. This study followed our institutional ethical
guidelines given by the IRB.

2.2. CMR Protocol. CMR studies were performed using a
3.0 T unit (Achieva, Philips Healthcare, Best, The Nether-
lands). A cardiac phased-array coil was used for signal
reception, and vector ECG was used for cardiac gating.
After localizer scanning, short-axis 2D cine steady-state
free precession was performed with the following image
parameters: repetition time (TR), 4.1ms; echo time (TE),
2.0ms; flip angle, 45–55∘; in-plane resolution, 1.6 × 1.7mm2;
slice thickness, 8mm with a 2mm gap; and 20–24 phases
per cardiac cycle. Thereafter, fast 3-breath-hold 3D tagging
was performed with imaging parameters as follows: TR,
6.5ms; TE, 3.0ms; flip angle, 17∘; EPI factor (i.e., echo
train length), 7; in-plane resolution, 4.4 × 4.4mm2; slice
thickness, 8.8mm; slice partition, 14; and 24 phases per
cardiac cycle. A ramped flip angle was used to prevent the
tag fading. The line tagging with 8mm spacing was applied
in 3 orthogonal directions. The second tagging preparation
was the spatial localized pulse, which allows for a half field-
of-view without a wrapping-around artifact (Figure 1) [15–
17]. The position of the diaphragm during 3-breath-holds
was maintained identically using a navigator technique with
a 15mm window and a correction factor of 0.6 [18]. These
imaging techniques in combination with CSPAMM induced
fast 3-breath-hold 3D tagging of the whole heart (3D Tag,
GyroTools, Zurich, Switzerland) [11, 15, 16]. Approximately

Tag RF + EPI readout

Figure 1: Imaging sequence for fast 3-breath-hold 3D tagging. The
line tagging (blue box and red triangle) was applied in 3 orthogonal
directions. The second tagging preparation (red triangle) was the
spatial localized pulse, and its use and echo-planar imaging readout
(gray box) in combination with CSPAMM allow for fast 3-breath-
hold 3D tagging of the whole heart.

12min after the injection of gadolinium-based contrast agent
at a dose of 0.10–0.15mmol/kg, LGE CMR was performed
with the imaging parameters as follows: TR, 10ms; TE, 2.9ms;
flip angle, 15∘; pixel size, 1.8 × 1.2mm2; and slice thickness,
10mm.The inversion time to null the signal from the normal
myocardium was adjusted for each patient.

2.3. Image Analysis. Ejection fraction (EF), maximum wall
thickness, and myocardial mass of the left ventricle were
acquired from the cine data.The presence of myocardial LGE
was determined when its mean signal intensity was above 6
SD of the mean signal intensity of the nullified myocardium.
In cases of amyloidosis, the LGE was identified as global and
diffuse LGE as it was in previous studies [9, 19].

One radiologist with 18-year experience of CMR analyzed
the fast 3D tagging using dedicated software (TagTrack
3D, GyroTools, Zurich, Switzerland). The harmonic phase
method was used to track the myocardial wall motion after
the correction of magnetic inhomogeneity and smoothing
the boundaries with a bandpass filter [16]. The midwall
contour at the basal, middle, and apical levels was divided
according to a 16-segment model from the American Heart
Association [20]. The circumferential strain was defined as
the fractional change (%) in the myocardial length in the
direction tangential to the epicardial wall [13, 14] (Figure 2).

First, we assessed the technical feasibility of fast 3-breath-
hold 3D tagging based on the success rates of the scanning,
reconstruction of cine 3D surface representation, and acqui-
sition of the quantitative regional strain data. Second, we
compared the circumferential strain of the patientswith those
of the healthy volunteers at the 16 myocardial segments. In
the present study, we defined the decrease in strain as being
20% less than the mean strain value of the normal volunteers.
In addition, the comparison for circumferential strain was
made between the normal volunteers and HCM patients
at each segment, or the summed strain of all 16 segments
was compared between the normal volunteers and patients
with HCM, HHD, or cardiac amyloidosis. An unpaired t-
test was used to assess the difference, and 𝑃 < 0.05 was
defined as statistically significant. Third, the circumferential
strain was compared with the presence of LGE at each
myocardial segment. A Fisher test was used to assess the
relationship between the circumferential strain and LGE
when appropriate, and 𝑃 < 0.05 was considered significant.
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Circumferential strain = (Cs − Cd)/Cd
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Figure 2: How circumferential strain is obtained is shown. 𝐶
𝑑

and
𝐶
𝑠

represent circumferential length at diastole and systole related to
the strain, respectively.

3. Results

Fast 3-breath-hold 3D tagging was completed in all of
the 10 patients and 6 healthy volunteers. The 3D surface
representation in cine mode was successfully generated in all
of the subjects.The circumferential strain was estimated in all
of the myocardial segments of all subjects enrolled (Figure 3,
Supplemental video in Supplementary Material available
online at http://dx.doi.org/10.1155/2016/3749489, andTable 1).

Table 1 shows the circumferential strain in patients and
controls. Because the normal strain values were below zero
as expected [10–13], the decrease in strain was defined as that
above zero or that being 20% less than the absolute value of
the normal mean strain. In HCM, the circumferential strain
reduced at the inferior septal segment at the basal level and
apical septal segment. However, there were no significant
differences in the strain between the normal volunteers and
patients with HCM at any segments (𝑃 > 0.14). In HHD,
the circumferential strain predominantly decreased at the
mid septal and posterior segments and apical segments.
The circumferential strain was also reduced at the basal
anterior segment. The circumferential strain was decreased
in 10 and 12 of the 16 segments in the 2 patients with
cardiac amyloidosis. The summed strain of all segments was
significantly decreased in patients with HHD (−8.3 ± 7.6;
𝑃 = 0.010), but not in those withHCM (−17.3±11.8) or those
with amyloidosis (−11.0 ± 6.8), compared with the normal
volunteers (−14.1 ± 18.4).

LGE was observed in HCM, whereas the segments with
LGEwere not identical to those with reduced circumferential
strain in each patient. There was no relationship between the
reduced circumferential strain and LGE in HCM patients
(𝑃 = 0.73). In HHD, the segments with reduced cir-
cumferential strain were observed more widely than those
with LGE. LGE was expectedly observed diffusely in cardiac
amyloidosis.

4. Discussion

Fast 3-breath-hold 3D tagging successfully provided 3D sur-
face representation in cine mode and circumferential strain
data. Compared with the normal volunteers, the patients

Figure 3: Reconstructed 3-dimensional image and source images in
the 3 orthogonal directions are shown.

with HCMorHHD showed reduced circumferential strain at
several myocardial segments.The segments showing reduced
circumferential strain were not identical to those with LGE
in HCM, and the reduced strain was distributed more widely
than LGE in HHD. The reduced strain and LGE were
observed extensively in patients with cardiac amyloidosis.
Thus, the fast 3-breath-hold 3D tagging may be feasible for
detection of the circumferential strain decrease, which is not
necessarily associated with myocardial scarring in patients
with hypertrophic myocardial diseases.

The scan time for 3D tagging was reduced by using
line tagging in the 3 spatial directions, a spatial localized
pulse for the second tagging preparation, and an EPI readout
[16]. The position of the diaphragm during breath-hold
was maintained identically during the 3-breath-holds using
navigator technique [18]. Thereby, fast 3-breath-hold 3D
tagging successfully provided 3D surface representation in
cinemode and the regional circumferential strain in all of the
subjects.

The circumferential strain deteriorated even in HCM
patients with a preserved EF. A hypertrophied basal septum
and apical septum tended to show a decrease in circumfer-
ential strain in HCM, which indicates the dominant changes
in the septal myocardial architecture [21]. The segments with
reduced circumferential strain were not concordant with
those showing LGE. This result was not consistent with that
of the previous study [22], partly because the patchy midwall
LGE might not affect the circumferential strain in HCM.
Aletras et al. [23] indicated that LGE does not necessarily
explain reduced strain,which is estimated using displacement
encoding with stimulated echoes, in HCM. When summing
the strain at all segments, we did not find the reduction in
circumferential strain in patients with HCM. Thus, the 3D
tagging identified only regional wall abnormality in HCM
patients with preserved EF.
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Table 1: Circumferential Strain (%) Estimated by 3-Breath-Hold 3D Tagging CMR in Patients with Hypertrophic Myocardial Diseases and
Normal Volunteers.

segment 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 EF (%)

HCM

−14.0 −20.0 28.0 −10.0 −22.0 23.0 6.8 −33.0 −25.0 −15.0 −25.0 17.0 −6.7 −24.0 −27.0 −23.0 62.5
−22.0 −15.0 −14.0 −7.9 −20.0 −11.0 −35.0 −13.0 −19.0 −23.0 −25.0 −26.0 −15.0 −25.0 −16.0 −25.0 79.7
−14.0 −22.0 −10.0 −13.0 −5.4 −14.0 −19.0 −14.0 −24.0 −12.0 −9.4 −14.0 −12.0 −15.0 −21.0 −27.0 67.1
−10.0 −22.0 6.0 −12.0 −22.0 −22.0 −12.0 −18.0 −23.0 −5.3 −16.0 −25.0 −14.0 −22.0 −31.0 −9.8 54.0
−16.8 −28.1 −13.6 −17.9 −21.5 −10.6 −22.6 −17.6 −16.9 −23.9 −31.7 −24.3 −35.7 −28.3 −18.2 −19.4 56.8

mean −15.4 −21.4 −0.7 −12.2 −18.2 −6.9 −16.4 −19.1 −21.6 −15.8 −21.4 −14.5 −16.7 −22.9 −22.6 −20.8 64.0

HHD
−1.6 −17.0 −39.0 −6.5 −13.0 −1.6 −16.0 −9.9 −17.0 9.0 −4.2 −20.0 −6.7 −7.5 −12.0 −6.7 22.7
−10.0 −20.0 −8.6 −6.9 −5.3 −14.0 6.9 −9.2 −10.0 3.8 −4.0 −12.0 −5.2 −19.0 −12.0 −7.6 13.8
7.9 −14.1 −7.1 8.0 −9.4 −8.7 −14.0 −9.1 −18.0 −20.0 10.0 −16.0 −8.4 −12.0 −11.0 −6.9 33.5

Amyl −22.0 −10.0 −11.0 −4.8 −10.0 −15.0 −18.8 −9.9 −17.6 −3.9 −18.5 −18.2 −13.5 −22.0 −10.2 −17.1 31.0
0.3 −7.6 0.6 −9.8 −2.4 −1.9 −1.9 −1.6 −14.0 −10.4 −3.0 −0.9 −0.7 −21.9 −12.7 −20.4 60.8

Normal −14.3 −20.3 −15.4 −8.4 −12.9 −9.5 −9.2 −18.5 −23.5 −11.0 −6.0 −8.6 −25.5 −22.7 −17.7 −23.7 NA
Italic: abnormal circumferential strain (%), bold: segments with late gadolinium enhancement (LGE).HCM: hypertrophic cardiomyopathy,HHD: hypertensive
heart disease, Amyl: cardiac amyloidosis, Normal: normal volunteers, NA: not available. The mean value of circumferential strain was shown in normal
volunteers. In HCM, the segments with LGE were not identical to those with reduced strain in each patient. In HHD with low ejection fraction, the segments
with reduced strain were observed more widely than those with LGE. The reduction in strain and LGE were observed diffusely in cardiac amyloidosis.

In the 3 patients withHHDand low EF, the reduced strain
was distributed more widely than LGE. The mid septal-to-
posterior segments showed reduced circumferential strain in
our study.These segments tend to have LGE in HHD patients
with congestive heart failure [7, 9]. Foell et al. [24] showed
a reduction in the radial and longitudinal strain of the mid
posterior areas. Therefore, fast 3D tagging can identify the
changes in myocardial architecture changes that preceded
LGE in patients with HHD. In addition, the 3D tagging
showed a decrease in the summed strain of allmyocardial seg-
ments in patients with HHD, all of whom had decreased EF.

In cardiac amyloidosis, a decrease in circumferential
strain and LGE were observed diffusely, as expected [9, 19].

There are several limitations to this study. First, the study
population was small. The statistical analyses were affected
by this limitation. In addition, almost all of the subjects were
men because HCM andHHD are predominantly observed in
men.Thus, the present resultsmight not be possible to extrap-
olate the findings to female patients. Second, the volunteers
were younger than the patients. Because there were some
segments with reduced circumferential strain, subclinical
myocardial disorders could not be excluded in the volunteers.
The “normal” heterogeneity of the strain was also considered
for the lower values of the strain [25]. Third, we defined the
decrease in the strain as being 20% less than the mean strain
value of the volunteers; this definition is somewhat arbitrary.
Fourth, we investigated thewhole left ventricularmotion only
in 3D surface representation and analyzed the regional strain
only at 3 levels, because the volume of data acquired with 3D
fast tagging was enormous relative to software capability.The
development of sophisticated software to analyze 3 types of
myocardial strain in all of the left ventricular regions (e.g., 6
segments × 14 slices × 24 cardiac phases) is warranted. Last,
we did not compare the strain and histology. Endomyocardial
biopsy provided a diagnosis of HHD or cardiac amyloidosis,
whereas the biopsy was conducted without referring to the
3D fast tagging.Moreover, the circumferential strain data was

acquired at the midwall, while the histological samples were
acquired from themyocardium close to the ventricular cavity.

5. Conclusions

Fast 3-breath-hold 3D tagging allows for regional and global
wall strain analysis. The location of reduced circumferential
strain was not necessarily the same as that of LGE in patients
with hypertrophic myocardial diseases. Fast 3D tagging may
be feasible for the detection of myocardial strain changes
which are not necessarily associatedwithmyocardial scarring
in the patients with HCM or HHD.
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Soft tissue images from portable cone beam computed tomography (CBCT) scanners can be used for diagnosis and detection of
tumor, cancer, intracerebral hemorrhage, and so forth. Due to large field of view, X-ray scatteringwhich is themain cause of artifacts
degrades image quality, such as cupping artifacts, CT number inaccuracy, and low contrast, especially on soft tissue images. In this
work, we propose the X-ray scatter correction method for improving soft tissue images. The X-ray scatter correction scheme to
estimate X-ray scatter signals is based on the deconvolution technique using the maximum likelihood estimation maximization
(MLEM)method.The scatter kernels are obtained by simulating the PMMA sheet on the Monte Carlo simulation (MCS) software.
In the experiment, we used the QRM phantom to quantitatively compare with fan-beam CT (FBCT) data in terms of CT number
values, contrast to noise ratio, cupping artifacts, and low contrast detectability. Moreover, the PH3 angiography phantom was also
used to mimic human soft tissues in the brain. The reconstructed images with our proposed scatter correction show significant
improvement on image quality.Thus the proposed scatter correction technique has high potential to detect soft tissues in the brain.

1. Introduction

Cone beam computed tomography (CBCT) scanners have
been initially developed for dental applications.Dental CBCT
images usually represent only bone structures due to limited
contrast resolution of X-ray detectors. In recent years, flat
panel detectors (FPDs) were tremendously improved in their
capability of detecting small differences in attenuation of X-
ray beam, thus providing soft tissue detectability, such as
tumor, muscle, and intracerebral hemorrhage (ICH) [1–4].
This particular FPD model has been introduced in portable
CBCT scanners with large field of view (FOV) to cover the
head region.The portable CBCT scanner can be freelymoved
where rapid diagnosis is needed such as in the emergency
and operation rooms [2–4].The scanner can perform patient
screening before treatment, during operation, and after oper-
ation. For having a large FPD, soft tissue images from CBCT

scanner are usually degraded as more artifacts occur such as
lag, glare [5], motion artifact [4, 5], beam hardening effects
(BHE) [4–6], and X-ray scattering effects [5–7]. However, it
is well known that the most critical artifact is caused by the
X-ray scattering effect which reduces image quality. X-ray
scatter signals directly affect contrast and CT numbers of soft
tissue images.Thenumber ofX-ray scatter signals is increased
as an increase in FOV and object thickness [7].

There are many methods to reduce X-ray scatter signals
in FPDs, such as antiscatter grid plate [8], beam stop array
plate [9], primary modulation methods [10], Monte Carlo
simulation (MCS) software [11, 12], and X-ray scattering
models [13–18]. The antiscatter grid plate can reduce X-ray
scatter signals to increase image quality; however, it is not
sufficient for improving image quality on soft tissue images
[8], and the apparent dose increase is always undesired.
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A beam stop array plate [9] can be used for measuring X-
ray scatter signals; however, this method is not practical
in clinics. The primary modulation method was to place a
high frequency attenuation plate between an X-ray source
and an object to obtain a modulated projection image,
and then this modulated projection image was filtered to
eliminate low-frequency components due to X-ray scatter
signals by a high-pass filter [10]. Monte Carlo simulation
software based on Geant4 libraries [11, 12] has been used
widely to design the simulated system for estimating high
accuracy X-ray scatter signals. Generally, the MCS software
usually utilized expensive computation time. The technique
proposed by Star-Lack et al. [14] described efficient X-ray
scattering correction on the large ellipse phantom using
asymmetric kernels. Since our work aims to reduce the X-ray
scatter signals in the patient’s head only, symmetric kernels
can be assumed. Several iterative techniques were proposed
for scatter correction including subtraction from measured
data [14, 15] and deconvolution by the statistical method
[13, 16, 17].The problem of the subtraction method is that the
corrected value can become negative as discussed in [16].

In this work, we propose the X-ray scattering correction
method for improving soft tissue images on the large flat
panel detector of portable CBCT.We apply the deconvolution
technique based on the maximum likelihood expectation
maximization (MLEM) method [13, 16, 17] for estimating
the primary signal. First, the MCS software is used to form
the shape and the amplitude of the X-ray scatter signals as
a point spread function (PSF) and a scatter fraction (SF)
function according to actual parameters of the CBCT system.
Second, we match equivalent thickness in projection images
to obtain subprojection images. Third, those subprojection
images are convolved with the prepared kernels or PSFs and
combined to obtain a convolved projection image. Finally, the
convolved projection image is used in the MLEM method
to estimate the primary signal, and the process is iterated
until convergence to FBCT data. Once the primary signal
is estimated, the reconstruction algorithm based on filtered
backprojection (FBP) technique [19] is employed. In the
experiment, our proposed technique will be tested with the
QRM-ConeBeam phantom by QRM GmbH, Germany [20],
and the PH3 angiographic CT head phantom ACS by Kyoto
Kagaku Co., Ltd., Japan [21]. The experimental results are
compared with FBCT data.

2. Materials and Methods

2.1. Materials. Our prototype portable CBCT scanner pro-
totype consists of the flat panel detector (Varian PaxScan
4030CB) and the high frequency X-ray source which shoots
X-ray pulses by synchronizing with exposure time of the flat
panel detector. The distance from source to detector (DSD)
and the distance from source to an object (DSO) are 500mm
and 786mm, respectively.The dynamic gain was operated for
the pixel size of 0.388mm. This system used 90 kVp, 9mA,
and the total filtration of 0.5mm Aluminum. A full rotation
of scanning was achieved. In this work, we used PSF and SF
fromMCS software to simulate X-ray scatter signals by using
PMMA sheets with a pencil beam as shown in Figure 1.

A pencil beam

PMMA sheets

X-ray detectors

Figure 1:The X-ray scatter signal measurement model in theMonte
Carlo simulation software.

The MCS software computed the X-ray scatter signals by
simulating a pencil beam with the PMMA sheets; one set of
the PMMAsheets was 38mm thick and the total of 10 sets was
used.Themeasured X-ray scatter signals at each thickness are
interpolated to achieve X-ray scatter signals at thickness of
1mm. We used 2 phantoms in the experiments: the QRM-
ConeBeam phantom by QRM GmbH, Germany [20], is a
cylindrical tissue equivalent phantom at 120 kVp with the
diameter of 160mm and the height of 160mm and the PH3
angiographic CT head phantom ACS by Kyoto Kagaku Co.,
Ltd., Japan [21], is a life-size adult phantommade of Urethane
base resin (SZ-50) and Epoxy base resin as shown in Figure 2.

2.2. Method. According to the fundamental law of physics,
while the X-ray beam travels to penetrate each layer inside
an object, there exist three phenomena of interactions: pho-
toelectric effect, Compton scattering, and Rayleigh Scattering
of X-ray photons. The Compton scattering effect is essential
for cross section images reconstruction. The X-ray beam
that penetrates an object and goes directly to the flat panel
detector is desired; however, scattered X-rays from other
directions are usually combined at the same sensor position
of the flat panel detector.This degrades image quality, such as
cupping artifacts, low contrast, and inaccurate CT numbers.
We can write the measured X-ray signal model as follows:

𝐼
𝑚
(𝑥, 𝑦) = 𝐼

𝑝
(𝑥, 𝑦) + 𝐼

𝑠
(𝑥, 𝑦) , (1)

where 𝐼
𝑚

is the measured signal, 𝐼
𝑝
is the primary signal

which is the expected signal to be used in cross section image
reconstruction, 𝐼

𝑠
is the scatter signal, and (𝑥, 𝑦) denotes the

pixel coordinate in the projection image. The scatter signal
can be written in the form of the primary signal convolved
with the kernel function,𝐾, as follows:

𝐼
𝑠
(𝑥, 𝑦) = 𝐾 (𝑥, 𝑦) ∗ ∗𝐼

𝑝
(𝑥, 𝑦) , (2)

where ∗∗ denotes a 2D convolution operator. The statistical
method is based on Bayes’ rule as discussed in [13]. The aver-
age value of the statistical method is considered by the X-ray
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Figure 2: (a) QRM-ConeBeam phantom and (b) PH3 angiography CT head phantom.

photons behind an object as Poisson distribution [13]. The
maximum likelihood is used to estimate the primary signal,
𝐼
𝑝
, and can be written in the form of the MLEM [13, 16, 17]

algorithm as follows:

𝐼
𝑛+1

𝑝
(𝑥, 𝑦) =

𝐼
𝑛

𝑝
(𝑥, 𝑦) 𝐼

𝑚
(𝑥, 𝑦)

𝐼𝑛
𝑝
(𝑥, 𝑦) + 𝐼𝑛

𝑝
∗ ∗𝐾 (𝑥, 𝑦)

, (3)

where 𝐼𝑛
𝑝
is the estimated primary signal at the 𝑛th iteration.

Thekernelmeasurement at different thickness,𝐾
𝑡
, is obtained

according to the thickness of the PMMA sheet, so 𝐼𝑛
𝑝
is

divided according to thickness, 𝐼𝑛
𝑝,𝑡
. We can rewrite the above

equation as follows:

𝐼
𝑛+1

𝑝
(𝑥, 𝑦) =

𝐼
𝑛

𝑝
(𝑥, 𝑦) 𝐼

𝑚
(𝑥, 𝑦)

𝐼𝑛
𝑝
(𝑥, 𝑦) + ∑

𝑡
𝐼
𝑛

𝑝,𝑡
∗ ∗𝐾
𝑡
(𝑥, 𝑦)
. (4)

The scatter correction method starts by creating a database
of kernels according to thickness of PMMA sheets using the
MCS software and initializing the primary signal, 𝐼0

𝑝
.The next

step is to match each pixel of the primary signal with the
estimated PMMA equivalent thickness; that is, the projection
image data are divided into different groups or subprojection
image data according to thickness. The subprojection image
data sets of the primary signal are convolved with the kernels
and summed up to obtain the convolved projection image.
Then the convolved projection image is used to perform
deconvolution by theMLEM algorithm. Finally, we check the
condition for convergence. If it does not converge, we will
return to the thickness mapping process again. In summary,
all steps of the scatter correction can be illustrated as in
Figure 3.

2.2.1. Kernel Measurements. Kernel measurements in this
work are obtained by measuring different thickness of the
object. Generally, kernels can be measured from experiments
or simulated by theMCS software. For accuracy ofmeasuring
theX-ray scatter signal, we used theMCS software to simulate

Prepare database of kernels as MCS software

Initial primary signal value, I0p(x, y) by
the measured signal Im

Match Inp(x, y) with PMMA

Convolve sub-projection image data set with
updated kernel

Deconvolve using MLEM to estimate
In+1p (x, y)

Does In+1p (x, y) converge?

Obtain the scatter corrected image

Find the PMMA
Ktequivalent

equivalent thickness

Figure 3: The scatter correction process.

the scatter signals according to the actual CBCT scanner
system: 90 kVp Voltage as a pencil beam and the total flat
filtration of 5.5mm Al. The pencil beam penetrates through
PMMA sheets. We used the total of 10 sets of PMMA sheets
with the thickness of 38mm each set. The measured scatter
signals are interpolated to obtain the scatter signal at each
1mm thickness, so the total of 380 scatter signals is obtained.
The example of scatter signals using this work is shown in
Figure 4. They are normalized to obtain the point spread
function (PSF) according to thickness, PSF

𝑡
. The kernel at

each thickness can be described as follows:

𝐾
𝑡
(𝑥, 𝑦) = 𝐴 (𝑡) SF (𝑡)PSF

𝑡
(𝑥, 𝑦) , (5)

where 𝑥 and 𝑦 denote the spatial coordinate, 𝑡 is PMMA
thickness, and 𝐴 is the compensating value from the experi-
ments, which depends on thickness. The values of 𝐴 used in
this work are shown in Table 1. Moreover, the scatter fraction
values are measured as an average at the center region of each
kernel for a suitable size of region of interest (ROI). In the
experiments, we employ linear curve fitting to the measured



4 BioMed Research International

Table 1: Compensating value of 𝐴 in each thickness range.

0 < 𝑡 ≤ 40mm 40 < 𝑡 ≤ 80mm 80 < 𝑡 ≤ 120mm 120 < 𝑡 ≤ 160mm 160mm < 𝑡
𝐴 1.0 1.0 1.75 1.75 2.0
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Figure 4: Profiles of scatter signals at each thickness of PMMA
sheet.

average value of scatter fraction. The scatter fraction, 𝐼
𝑠
/𝐼
𝑚
,

can be described as follows:

SF (𝑡) = 𝑎
1
𝑡 + 𝑎
2
, (6)

where 𝑎
1
and 𝑎

2
are coefficients of the linear function. The

SF value depends on object thickness and highly affects the
amount of scatter correction.

2.2.2. Thickness Map Measurements. We match the projec-
tion image data to obtain the subprojection image data set
according to PMMA thickness. First, we create the log signal
function from pure PMMA plates for thickness mapping. We
divide thickness of the projection image, 𝑡PMMA, by using
Beer’s law [11, 12, 19] as follows:

𝑡PMMA =
1

𝜇PMMA
log(
𝐼
𝑝,0

𝐼
𝑝

) , (7)

where 𝜇PMMA is the linear attenuation coefficient at the
effective energy, 𝐼

𝑝,0
is the measured primary signal without

attenuation, and 𝐼
𝑝
is the primary signal. We divide the pro-

jection image data of the object into the subprojection image
data set as the log signal function of PMMA sheet thickness.
Themeasured primary signal 𝐼

𝑝
at different PMMA thickness

from the MCS software can create the log signal function as
the relationship between actual PMMA thickness and the log
signal value. This function is used for transferring the log
signal value to the equivalent value of PMMA thickness.

2.2.3. Evaluation. Evaluation in the experimental results
starts as checking the performance of the MLEM method

whether it converges according to the log likelihood function,
𝐿 [13]. For simplicity, we ignore the insignificant terms as
follows:

𝐿 = ∑

𝑥,𝑦

[𝐼
𝑚
(𝑥, 𝑦) log (𝐼𝑛

𝑝
(𝑥, 𝑦)) − 𝐼

𝑛

𝑝
(𝑥, 𝑦)] . (8)

To verify our proposed algorithm, we will compare both pro-
jection images and cross section images with the FBCT data.
The CT number in the reconstructed images is calibrated
by using the water average value in the CT number section
of the QRM-ConeBeam phantom as shown in Figure 5(a).
Note that the water average value is measured by using FBCT
instead of CBCT to avoid scatter effects. We can normalize
the Hounsfield unit (HU) as follows:

CT# = 1000 ×
(𝑚
𝑥
− 𝑚water,FBCT)

𝑚water,FBCT
, (9)

where 𝑚
𝑥
is the average value of any material in the cross

section images and𝑚water,FBCT is the water average value from
FBCT. To measure the low contrast detectability, we use Sec-
tions A, B, and C of the QRM-ConeBeam phantom. Section
A has higher contrast between inserts and background than
Sections B and C, while Section C has the lowest contrast.
Here wemeasure the density value at numbers 1 to 4 as shown
in Figure 5(b). Different gray level values represent different
density values.

After estimating scatter correction, the contrast is
increased; however, the noise signal value in the projection
images is increased as well. In this study, we measure the
contrast value between two different inserts and its contrast
to noise ratio (CNR) as follows:

Contrast = 𝑚
𝑥
− 𝑚background,

CNR =
(𝑚
𝑥
− 𝑚background)

√𝜎
2

𝑥
+ 𝜎
2

background

,

(10)

where 𝑚background is the average value in the background
region and𝜎

𝑥
and𝜎background are the standard deviation (STD)

value of any insert material and the background, respectively.
However, we also measure percentage of cupping in the cross
section images in order to evaluate the proposed method and
the remaining beam hardening effect as follows:

% cupping =
(CT#edge − CT#center) × 100

(CT#edge + 1000)
, (11)

where CT#edge is an average CT number value from four
peripheral ROIs in the uniform areas and CT#center is the
average CT number value at the center.
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Figure 5: Sections in the QRM-ConeBeam phantom: (a) CT number section and (b) the pattern of low contrast section in Sections A, B, and
C.

Table 2: Parameter setting for the proposed scatter correction
method.

SF(𝑡) = 𝑎
1
⋅ 𝑡 + 𝑎

2
Thickness of each group Number of groups

𝑎
1
= 0.0038, 𝑎

2
= 0.1 40mm 5

3. Results

All parameters used in this study are shown in Tables 1 and 2.
Table 2 shows the implementation parameters including the
coefficient values of the SF function: 𝑎

1
= 0.0038, 𝑎

2
= 0.1;

number of groups: 5; and the thickness of each group: 40mm.
From the experiment, we tried dividing into different groups
and found that five groups with 40mm thickness in each
groupwere sufficient for acceptable estimation of the primary
signal. Moreover, according to the experiment, the proposed
method did not introduce any additional artifacts.

3.1. Scatter Correction Results in the Projection Image. The
scatter correction results in the projection images were
compared with the FBCT data. FBCT was obtained from the
narrow-collimated scan of the CBCT system.The collimation
was made of 3mm thick leaded blades with 3mm opening in
the vertical direction. Due to narrow collimation, the FBCT
profile data contain less scatter signal than the profile data
obtained fromCBCT. In the experiment, we used the PMMA
sheet (thickness of 60mm) that is attachedwith the lead sheet
(thickness of 3mm) formeasuring the scatter signal value and
comparing its profile with FBCT as shown in Figure 6.

Ideally, the profile data obtained from FBCT should be
almost identical to the actual primary signal; therefore, the
FBCT data are used as the benchmark in comparison with
the estimated data from CBCT. However, FBCT acquisition
is limited to only a small strip around the center of the X-ray
beam. Figure 7 shows comparison among uncorrected CBCT
and corrected CBCT and FBCT profiles of the projection
data acquired from the QRM-ConeBeam phantom. The log
likelihood values calculated using (8) are plotted versus the
number of iterations as shown in Figure 8.The log likelihood
values seem to converge as the number of iterations increases.
One of the stopping criteria can be monitored from the con-
vergence of the log likelihood values. After the convergence

of the log likelihood value, the reconstructed cross section
images of the proposed scatter correction method should be
close to the cross section image of the FBCT.

3.2. Measurements in the CT Number Section. Corrected
projection images are reconstructed by the filtered back-
projection method [19] using the Shepp Logan filter with
the cutoff at 0.6 and the voxel size of 0.3mm. The cross
section images in the CT number section are measured
and compared with FBCT data. Figure 9 shows the cross
section images with and without scatter correction and their
profiles comparison. All reconstructed images in Figure 9 are
displayedwith the windowwidth and level (𝑊/𝐿) of 1500 and
1000, respectively.

The profile data comparison is plotted across the bone
insert and the air hole in the CT number section as shown
in Figure 9(d). The proposed profile is almost identical to the
profile from FBCT as the cupping effect is reduced. The CT
number values are calculated by using the average value of
the water insert according to theQRM-ConeBeam phantom’s
specifications [20]. Since the X-ray spectrum we used cannot
clearly discriminate the density value of water and soft tissue
(background), we used the soft tissue value instead. In the
experiment, we measured the CT numbers of three inserts
up to 10 iterations as shown in Table 3.

The accuracy of the CT number value at each insert
increases as the number of iterations increases; however,
once convergence is reached the accuracy of CT number
value stays the same even when we perform more number
of iterations. These CT number values are considered to be
valid for diagnosis after convergence is achieved. However,
noise is also increased after scatter correction. We evaluated
the contrast value between bone and soft tissue inserts and
the influence of noise by measuring the contrast to noise
ratio as shown in Table 4. In Table 5, to calculate percentage
of cupping, we compare the center average value with the
average value of four peripheral areas using (11).

From Table 5, the cupping artifacts are significantly
reduced, comparing with FBCT data; however, the small
effect from beam hardening is still present even with FBCT.
As the log likelihood value is decreased, the CT number
values of bone, air, and soft tissue as well as the contrast values
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Table 3: CT number value comparison in the QRM-ConeBeam phantom.

FBCT No correction Scatter correction at different iterations
2 iterations 4 iterations 6 iterations 8 iterations 10 iterations

HU STD HU STD HU STD HU STD HU STD HU STD HU STD
Bone 752 122 141 82 436 105 648 128 713 139 736 145 742 148
Air −1000 63 −760 57 −809 76 −905 77 −923 70 −940 67 −943 66
Soft tissue 0 112 −197 63 −60 85 −2 108 6 117 7 120 7 121
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Figure 6: (a) The projection image from CBCT, (b) the projection image from FBCT, and (c) CBCT and FBCT profile data comparison.

are significantly improved; however, noise is also increased.
In this study, we did not perform noise suppression after
scatter correction, so this would affect the CNR.

3.3. Measurement Results in the Low Contrast Sections and
the PH3 Phantom. There are three sections of low contrast
detectability in the QRM-ConeBeam phantom, namely, Sec-
tions A, B, and C. They have the same pattern as shown in
Figure 5(b), but the density values of the inserts within each
section are different.The results of three low contrast sections
after 5 iterations of scatter correction are reconstructed by
the FBP method using the Hamming filter with the cutoff

frequency of 0.6 and the voxel size of 0.6mm and then
compared with FBCT as shown in Figure 10. We measured
the CT numbers in each section according to numbers 1 to
4 as shown in Figure 5(b) and the errors were calculated by
using the absolute different value of the corrected results with
FBCT.

Themeasured HU values in three sections of low contrast
are shown in Tables 6–8. Note that one of the reasons that the
error after scatter correction in Section A seems to be a little
higher than Sections B andCmight be because the position of
Section A is further away from the central ray than Sections
B and C.
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Figure 7: (a) The projection image of QRM-ConeBeam phantom in CBCT, (b) the projection image of the QRM-ConeBeam phantom in
FBCT, and (c) comparison of profiles data before and after scatter correction with FBCT data.
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Figure 8: Log likelihood value versus number of iterations.
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Figure 9: (a) Reconstructed image without scatter correction, (b) with scatter correction, (c) FBCT, and (d) comparison of profile data with
and without scatter correction and FBCT data.

Table 4: Contrast and CNR values between bone and soft tissue.

FBCT No correction Scatter correction at different iterations
2 iterations 4 iterations 6 iterations 8 iterations 10 iterations

Contrast 752 338 496 650 707 729 735
CNR 5.10 3.38 3.72 3.93 3.97 3.96 3.95

Table 5: Percentage of cupping artifacts.

FBCT No correction Scatter correction at different iterations
2 iterations 4 iterations 6 iterations 8 iterations 10 iterations

% cupping 10 28.83 19.57 10.34 7.54 6.68 6.40

Table 6: HU values of different inserts in Section A of the QRM-ConeBeam phantom.

FBCT CBCT without correction CBCT with scatter correction
Mean (HU) Mean (HU) Different value (HU) Mean (HU) Different value (HU)

A1 −165 −269 104 −187 22
A2 −91 −223 132 −112 21
A3 −69 −210 141 −90 21
A4 −45 −195 150 −68 23
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(a) Section A, FBCT (b) Section A, without correction (c) Section A, with correction

(d) Section B, FBCT (e) Section B, without correction (f) Section B, with correction

(g) Section C, FBCT (h) Section C, without correction (i) Section C, with correction

Figure 10: Result comparison between CBCT with and without scatter correction and FBCT in each section of low contrast detectability
(window/level: 500/−50).

Table 7: HU values of different inserts in Section B of the QRM-ConeBeam phantom.

FBCT CBCT without correction CBCT with scatter correction
Mean (HU) Mean (HU) Different value (HU) Mean (HU) Different value (HU)

B1 −8 −164 156 −6 2
B2 7 −156 149 8 1
B3 11 −154 143 12 1
B4 16 −148 132 17 1
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Table 8: HU values of different inserts in Section C of the QRM-ConeBeam phantom.

FBCT CBCT without correction CBCT with scatter correction
Mean (HU) Mean (HU) Different value (HU) Mean (HU) Different value (HU)

C1 17 −156 139 18 1
C2 21 −152 131 22 1
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Figure 11: (a) CBCT without correction, (b) CBCT with correction, (c) FBCT, and (d) profile comparison.

Results in three sections of low contrast indicate better
image quality. The low contrast values in three sections can
be discriminated; thus the contrast is significantly improved.
Moreover, some inserts appear after correction. In addition
to the QRM-ConeBeam phantom, we applied the proposed
method to another phantom using the same parameters and
the results are shown in Figures 11 and 12. The reconstructed
images in these two figures are displayed with the window
width and level of 900 and −100, respectively. Figure 11 shows
the cross section images of the PH3 phantom along with
profile data comparison. The ventricles region in the PH3
angiographic CT head phantom is significantly improved as
shown in Figure 11(b). The corrected profile in Figure 11(d)

is very close to the FBCT profile. Figure 12 shows the
reconstructed images with and without scatter correction in
the coronal and sagittal planes. Although image quality is
improved, the beam hardening effect still presents in these
planes.

4. Discussion

Although the log likelihood function seems to converge as
the number of iterations increases, image quality after scatter
correction may not be approaching FBCT exactly according
to the log likelihood function. The small change in the log
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Figure 12: (a) The sagittal plane with correction, (b) the sagittal plane without correction, (c) the coronal plane with correction, and (d) the
coronal plane without correction.

likelihood value after several iterations may result in over-
correction in the reconstructed images as indicated by the
percentage of cupping in Table 5. For example, the percentage
of cupping at 10 iterations is smaller than that of FBCT.
Therefore, to ensure convergence and avoid overcorrection,
only 5 iterations seem to be sufficient (Figures 10–12). In this
work, we attempt to improve image quality of low contrast
by applying the proposed method to the three sections of
low contrast in the QRM-ConeBeam phantom. The results
of three sections in Figure 10 are significantly improved; that
is, visibility of some inserts in Section C can be observed.
Moreover, in Table 5, the percentage of cupping artifacts in
FBCT is about 10%whichmeans that other causes of cupping
artifacts besides scattering are present. One of them could be
beam hardening effects, which is ignored in this study.

5. Conclusions

In this paper, we propose the scatter correction method
to improve image quality of soft tissue images acquired
from portable CBCT. Our proposed technique is based
on estimation of X-ray scatter signals using the MLEM
method and kernel modeling with Monte Carlo simulation.
By benchmarking with FBCT, the scatter correction results
with CBCT show significant improvement on image quality.
With the QRM-ConeBeam phantom, the cupping artifacts
are reduced, CT numbers of inserts are approaching FBCT,
contrast is increased, and low contrast detectability becomes

more apparent. Moreover, scatter correction in the recon-
structed images of the PH3 angiographic CT head phantom
can bring out soft tissue structures prominently. Therefore,
our proposed scatter correctionmethod has a high possibility
to detect soft tissue images using portable CBCT. For future
work,wewill test our proposed technique on real patient data.
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Purpose. The purpose of this study was to investigate statistical differences with MR perfusion imaging features that reflect the
dynamics of Gadolinium-uptake in MS lesions using dynamic texture parameter analysis (DTPA). Methods. We investigated 51
MS lesions (25 enhancing, 26 nonenhancing lesions) of 12 patients. Enhancing lesions (𝑛 = 25) were prestratified into enhancing
lesions with increased permeability (EL+; 𝑛 = 11) and enhancing lesions with subtle permeability (EL−; 𝑛 = 14). Histogram-
based feature maps were computed from the raw DSC-image time series and the corresponding texture parameters were analyzed
during the inflow, outflow, and reperfusion time intervals. Results. Significant differences (𝑝 < 0.05) were found between EL+ and
EL− and between EL+ and nonenhancing inactive lesions (NEL). Main effects between EL+ versus EL− and EL+ versus NEL were
observed during reperfusion (mainly in mean and standard deviation (SD): EL+ versus EL− and EL+ versus NEL), while EL− and
NEL differed only in their SD during outflow. Conclusion. DTPA allows grading enhancingMS lesions according to their perfusion
characteristics. Texture parameters of EL− were similar to NEL, while EL+ differed significantly from EL− and NEL. Dynamic
texture analysis may thus be further investigated as noninvasive endogenous marker of lesion formation and restoration.

1. Introduction

MR-based imaging biomarkers are integral parts of the diag-
nosis workup of multiple sclerosis since more than 20 years
[1]. These biomarkers include baseline MRI lesion count,
lesion load, and topography, as well as T1-associated signa-
tures of axonal damage [2]. The most common phenotype of
MS—relapsing-remitting MS—is characterized by recurrent
perivenous inflammation and demyelination of brain tissue
resulting in progressive neurological dysfunction triggered by
immunopathogenic mechanisms that are not fully explored
until now [3]. In particular, dysregulation and disruption
of the blood-brain barrier (BBB) are a critical event in the
pathological evolution of MS lesions [4]. Absence of Gd-
enhancement does not preclude BBB breakdown and vice

versa [5], although a temporal change of enhancement is
frequently considered as a surrogate marker for BBB restora-
tion. Thus, in daily clinical practice, most commonly the
tissue is thus simply characterized as “enhancing” or “nonen-
hancing” and the dynamic aspects of lesion enhancement
are frequently waived [6]. Beyond T1-weighted static MRI,
perfusion imaging offers an alternative to quantify the
amount of vascular permeability [7] and to analyze the time-
dependency of the BBB disruption [8, 9]. Since perfusion
imaging can be standardized according to the amount, flow,
and timing of Gd-administration, lesion morphology may be
reevaluated according to changes in microstructural perfu-
sion and leakage during the first pass of the bolus passage.
A recently proposed method, dynamic texture parameter
analysis (DTPA), allows investigating these spatiotemporal
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characteristics to describe specific features of enhancing and
nonenhancing lesions in MS [10]. DTPA enables a quantita-
tive grading of MS lesions and discriminates lesions accord-
ing to their statistical metrics. In this study, we aimed to
investigate whether contrast agent extravasation is associated
with characteristic metrics derived from dynamic textures
of histograms during the first pass of the perfusion and
early reperfusion. We hypothesized (i) that microstructural
perfusion analysis can be used to subcategorize enhancing
lesions according to their vascular permeability [11] and
(ii) that statistical texture analysis segregates enhancing MS
lesions by lesion-specific time-dependent patterns.

2. Materials and Methods

2.1. Patients. 12 patients (9 women, 3 men) with relapsing-
remitting MS (RR-MS, 𝑛 = 9) and secondary progressive
MS (SP-MS, 𝑛 = 3) according to the revised McDonald
criteria of 2010 [12] were included into this retrospective
analysis. The 3 SPMS patients presented with an initial
course of RRMS followed by stepwise deterioration with
superimposed relapses. Median age was 43 y (range 23–74
years). All data were derived from an ongoing prospective
study that incorporates perfusion MRI as part of the MS
imaging protocol. Inclusion criteria were (i) at least one
lesion with enhancement on T1-weighted images and (ii) at
least one lesion without enhancement on T2/FLAIR images
and normal hematocrit (0.34–0.47) [13]. The study was
approved by the local ethics committee (Cantonal Ethics
Commission Bern, Switzerland). All patients gave written
informed consent to participate in this study.

2.2. MRI Sequences and Parameters. All subjects under-
went an MRI examination with the same 3 T MRI system
(Siemens Magnetom Trio, Siemens AG, Erlangen, Germany)
equipped with a 32-channel head coil.The entireMS protocol
encompassed (i) diffusion weighted imaging (TR 6100ms,
TE 102ms, FoV read 230mm, FoV phase 100%, voxel size
1.8 × 1.8 × 4.0mm, acquisition time 1 : 45min. 19 parallel
images with a slice thickness of 4.0mm), (ii) T1-weighted
MPR pre- and postgadobutrol i.v. (TR 2530ms, TE 2.96 s,
FoV read 250mm, FoV phase 87.5%, voxel size 1.0 × 1.0
× 1.0mm, flip angle 7∘, acquisition time 4 : 30min, slices
per slab 160, and slice thickness 1.0mm), (iii) T2-weighted
imaging (TR 6580ms, TE 85ms, FoV read 220mm, FoV
phase 87.5%, voxel size 0.7 × 0.4 × 3.0mm, flip angle 150∘, and
acquisition time 6 : 03min. 42 parallel images were acquired
with a slice thickness of 3.0mm), (iv) 3D FLAIR imaging
(TR 5000ms, TE 395ms, FoV read 250mm, FoV phase 100%,
voxel size 1.0 × 1.0 × 1.0mm, and acquisition time 6 : 27min.
176 parallel images were acquired with a slice thickness of
1.0mm), and (v) T1-weighted imaging postgadobutrol i.v. (TR
297ms, TE 2.67ms, FoV read 220mm, FoV phase 87.5%,
voxel size 0.8 × 0.6 × 3.0mm, flip angle 70∘, and acquisition
time 4 : 14min. Forty-two parallel images were acquired with
a slice thickness of 3.0mm). All patients received gadobutrol
(Gadovist) 0.1mL⋅kg−1 bodyweight.The flow rate was 5mL/s,
followed by 20mL of sodium chloride with the same flow

rate. Patients were positioned comfortably in the head coil
and padding on either side of the head was used to help
immobilization.The intravenous linewith a long tubewas put
before examination to avoid unnecessary MRI table moving
during data acquisition. Perfusion analysis was performed
using DSC in addition to the standard sequences in all
patients (TR 1400ms, TE 29ms, averages 1, FoV read 230mm,
FoV phase 100%, voxel size 1.8 × 1.8 × 5.0mm, flip angle
90∘, 80 repetitions, and acquisition time 1 : 59min. 19 parallel
images were acquired with a slice thickness of 5.0mm).

2.3. Preclassification of Enhancing and Nonenhancing Lesions
for Texture Analysis. Demyelinating lesions were identi-
fied on T2-weighted and fluid attenuated inversion recov-
ery (FLAIR) MR-images. Further enhancing supratentorial
lesions were identified in the T1-weighted sequence after
Gd administration. To compare active lesions with inactive
lesions in the perfusion images, at least one supratentorial
nonenhancing lesion per patient was selected for comparison
within the same vascular territory.

2.4. Preclassification of Gd-Enhancing Lesions according to
Their Permeability. To determine the effect of leakage on
postcontrast T1-weighted MPR images, we used a commer-
cially available software (NordicIce Version 2.3; NordicNeu-
roLab AS, Bergen, Norway). We preselected enhancing MS
lesions according to their leakage coefficient K2 following
Boxerman et al. [11], a correction method in which contrast
extravasation is estimated in each voxel by determining
the voxel-wise deviation from a “nonleaky” reference tissue
response curve. K2 refers to the leakage rate detected during
DSC imaging.Themethod utilizes linear fitting to determine
the leakage coefficient, a first-order estimate of vascular
permeability proportional to the leakage, the product of
permeability, and the surface area. In short, this method
assumes that the contrast agent exhibits T2 or T2∗ effects
(“negative contrast effect”) in the intravascular compartment
but assumes that the contrast effect is mainly driven by T1-
shortening once the agent leaks into the extracellular space
(“positive contrast effect”). The K2 measured with DSC per-
fusion MR imaging reflects a combination of all these factors
on vascular leakiness. The K2 estimation has been previously
employed to investigate differences in vascular permeability
between gliomas of different grades and between primary
CNS lymphomas and glioblastoma multiforme [7, 11]. For
further texture analysis within the perfusion images, lesions
were subdivided into enhancing lesions with a detectable K2
cutoff that exceeded 0.010, indicating increased permeability
and enhancing lesions with a K2 cutoff lower than 0.010,
indicating low permeability resembling normal appearing
white matter, as suggested in a previous study of patients with
cerebral gliomas [7] (see Figure 1).

2.5. Dynamic Texture Parameter Analysis. The concept of a
texture refers to the appearance of a tissue defined by its
shape, composition, arrangement, and proportion of its ele-
mentary parts. DTPA focuses on a quantification of regional
tissue inhomogeneity according to its individual texture
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Figure 1: Prestratification of demyelinating lesions according to their leakiness. The upper row shows an enhancing lesion classified as EL+
(arrow), (a) T1w post-Gd after postprocessing with NORDIC Ice: the red area reflects the lesion with high permeability above the predefined
cutoff value of 0.01; (b) T1w post-Gd; (c) FLAIR sequence; (d) T1w pre-Gd. The lower row shows an enhancing lesion classified as EL−
(arrowhead); (e) T1wpost-Gd, after postprocessingwithNORDIC Ice: the lesionwas classified as lowpermeability lesion below the predefined
cutoff value of 0.01; (f) T1w post-Gd; (g) FLAIR sequence; (h) T1w pre-Gd.

during the bolus passage of Gd. The method uses a model-
free approach to analyzing MR texture parameter maps at
different time points between the first recorded image during
the baseline and the subsequent images during bolus passage.
The bolus passage was further divided into three epochs,
namely, the inflow, the outflow, and the reperfusion time
periods following a previous study to investigate lesion effects
and leakage on the capillary level separately for arteries and
veins [14]. The inflow and outflow time intervals are patient-
dependent; they depend on the patient cardiac health state
but also on the vascular state of the patient (e.g., stenosis).
The inflow period was in the order 2 to 3 seconds; the outflow
period was a little longer around 3–5 seconds. The baseline
period was defined as the period between the start of the
bolus injection and the time point where 2 subsequent data
points exceeded 3 standard deviations of the concentration
curve noise level. The inflow period was defined as end
of the baseline period to the peak of the concentration
time curve. The outflow period was defined as 1st time
point after the peak maximum to the first local minimum.

The recirculation period encompasses the 1st time point
after the local minimum until the last image. To facilitate
interindividual comparisons and to account for noise and
image nonuniformity due to magnetic field inhomogeneity,
a twofold normalization procedure has been performed. The
normalization consisted of (i) a normalization of the normal
appearing white matter (NAWM) in the frontal white matter
reference region to the numerical value of 1000, followed
by (ii) a normalization of the time integral of NAWM over
encompassing the inflow and outflow period which was set to
a reference value of 200. A detailed mathematical description
of the computational procedure is provided in [10].

Texture parameter maps (TPMs) were computed from
the raw DSCE-images using an in-house developed com-
puter JAVA-application. The original raw DSC EPI image
series constitutes a texture parameter map itself and was
further denoted by “TPM-ORIG.” The difference image time
series computed from TPM-ORIG were denoted by “TPM-
DIFF” and calculated by a subtraction of the first steady
state baseline image from every subsequent image during
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Table 1: Detailed patient information.

Pt.
number

Sex Diagnosis Age
(years)

EDSS Disease duration Therapy
Acute disease

exacerbation/start
before MRI

Symptoms of acute
disease exacerbation

1 F RR-MS 56 3 29 y No No —
2 F RR-MS 44 4 First relapse 5 months ago No No —
3 F RR-MS 23 1 4.5 months No No —

4 F SP-MS 35 5 14 y No Yes/5 months Mild paresis left
leg/impaired walking

5 F RR-MS 42 4 5 months No Yes/2–5 months Tetraspasticity/urinary
urgency

6 F SP-MS 60 7.5 19 y No Yes/2 d Subacute hemiparesis left

7 F RR-MS 50 3.5 8 y Yes (interferon
beta 1b) No —

8 M SP-MS 74 7 25 y No Yes/1 d Worsening of paraparesis

9 F RR-MS 44 4 22 months No Yes/3 weeks Vertigo, weakness in right
leg, tongue sensation left

10 M RR-MS 30 1.5 12 months Yes (interferon
beta 1b) Yes/10 d Weakness in left leg and

arm

11 M RR-MS 28 2.5 7 months No Yes/3 months Retrobulbar pain, eye lid
twinkles

12 F RR-MS 24 3 3.5 y Yes (glatiramer
acetate) Yes/1 month Urinary urgency/vertigo

Note: RRMS: relapsing-remitting MS, SPMS: secondary progressive MS, and EDSS: Expanded Disability Status Scale.

bolus passage. Additionally, we calculated the TPM-standard
deviation “TPM-SD” and TPM-variance “TPM-VAR” maps.
The TPM-SD and TPM-VAR maps were computed from
the TPM-DIFF map by computing pixel-by-pixel the pixels
local standard deviation and local variance for a 5 × 5 pixel
region. These maps are thus computed in the same fashion
as one would compute a moving average filtered version
of an image. The regions of interest (ROI) were manually
segregated by a board certified neuroradiologist on the raw
images and copied to the TPMs. For each TPMwe calculated
the following statistical parameters, that is, themean intensity
(“mean”), standard deviation (“SD”), variance (“VAR”), and
variance of variance (“VARVAR”). For instance, the mean
value of a regiondefined in theTPM-SDmeasures the average
local standard deviation of the TPM-DIFF-map and hence
may act as a surrogate marker for tissue heterogeneity. The
other statistical parameters (SD, VAR, etc.) are features that
measure higher order statistical properties of the TPMs.

2.6. Statistical Analysis. We used the statistical software SPSS
(IBM Corp. Released 2011. IBM SPSS Statistics for Windows,
Version 20.0. Armonk, NY: IBM Corp., USA) for the statis-
tical analysis of the acquired data. We aimed to investigate
which TPMs differentiate lesions according to severe versus
marginal leakage.

Differences between nonenhancing inactive lesions
(NEL), enhancing lesions with increased permeability (EL+),
and enhancing lesions with subtle permeability (EL−) as

determined by their K2 cutoff were analyzed. First, we
analyzed the statistical distribution of all TPM in order to be
able to select the correct test statistics. A WELCH-ANOVA
was performed for all TPM within the prestratified epochs
(baseline, inflow, outflow, and reperfusion period) due
to heteroscedasticity. For post hoc multiple comparisons
between NEL, EL+, and EL−, the Games-Howell method
was selected for all texture parameters at a given 𝑝 value of
𝑝 < 0.05 in the WELCH-ANOVA.

3. Results

The Expanded Disability Status Scale (EDSS) of the 12
patients (9 female; median age 43 y) ranged between 1 and
7.5 (mean 3.83, SD 1.95). A detailed description of the clinical
data is provided in Table 1. Nine of 12 patients were drug
naive, the remaining 3 were treated with stable dosage of
disease-modifying drugs (interferon 1b or glatiramer acetate).
Eight of 12 patients showed acute neurological symptoms,
while the remaining 4 showed none. The active lesions were
located in the deep white matter (3), juxtacortical (6), and
periventricular (16).TheNELwere selected pairwise from the
corresponding regions of the EL.

A total of 52 lesions were identified (26 EL and NEL).
One EL had to be withdrawn from final analysis due to an
equivocal Gd-uptake, resulting in 51 lesions available for final
analysis. The 25 enhancing lesions were subdivided into 11
EL+ and 14 EL− according to a K2 cutoff value of 0.01. The
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Table 2: One-way ANOVA of the texture parameter maps (TPMs):
number of significant differences in the different time periods. A
total of 19 out of 48 (12 × 4) tests revealed statistical significant
differences.

IF OF RP Total
TPM-ORIG 0 0 2 2
TPM-DIFF 1 2 4 7
TPM-SD 0 1 4 5
TPM-VAR 0 2 3 5
Total 1 5 13 19
Note: ORIG: raw image, DIFF: difference image, SD: standard deviation,
VAR: local variance, IF: inflow, OF: outflow, and RP: reperfusion.

average lesion size in this study was 146.62mm3 (±95.82) for
NEL, 156.59mm3 (±154.29) for EL+, and 143.00mm3 (72.65)
for EL−, with no significant volume differences among the
three cohorts. The average lesion size was 9 voxels (1.8 ×
1.8 × 5mm). A multivariate analysis was performed on the
features extracted from the four texture parameter maps
(TPM-ORIG, TPM-DIFF, TPM-VAR, and TPM-SD): for this
analysis the within-lesion mean intensity (mean), standard
deviation (SD), variance (VAR), skewness, and kurtosis values
were analyzed. A one-way ANOVA with Welch correction
identified 19/48 TPM features that discriminated among the
3 lesion subtypes (Table 2).

The TPMs that appeared most sensitive to discriminate
EL+ and EL−were TPM-DIFF (7 features), followed byTPM-
SD (5 features) and TPM-VAR (5 features). The major effects
were observed during late perfusion epochs, outflow (5), and
reperfusion (13). A detailed description is provided inTable 4.

A post hoc Games-Howell test indicated significant dif-
ferences between EL+ and NEL in 8 and between EL+ and
EL− for 6 features (Table 3). The strongest discriminators
between EL+ versus NEL and EL− were observed during
reperfusion (9 features) and outflow (5 features). EL− and
NEL were discriminated exclusively by the TPM-SD during
outflow. No single test discriminated between all the three
subgroups. The results are summarized in Table 3.

4. Discussion

DTPA enables a quantitative tissue characterization of MS
lesions based on histogram-based textural features. Previous
studies investigated the feasibility of contrast-free static and
contrast-enhanced dynamic perfusion texture analyses to
differentiate EL from NEL [10, 15]. Here, we demonstrated
that EL can be further categorized into EL+ and EL− and
that EL− behave similarly to NEL by post hoc analysis of
texture parameters derived fromDSCperfusion imaging.The
dynamic texture features of EL+ and EL− correlated with the
amount of vascular permeability, reflecting predominantly
statistic differences in the local texture dynamics during
outflow and reperfusion. The texture parameter changes are
statistical measures that segregated lesions visually overall
classified as “enhancing MS plaques.” The mean contrast
differences and standard deviations of the computed texture

parameter maps were remarkably different between EL+ and
EL− and the derived features reflect the net effect of the
contrast extravasation on the dynamic signal intensity curves.
In contrast, kurtosis and skewness did not differ between
the two cohorts, indicating that only first- and second-
order moments had discriminative power and that steepness
and asymmetry of the contrast agent distribution played a
less important role in our analysis. Beyond a statistically
significant T2∗ effect caused by intralesional extravasation of
Gd during outflow and reperfusion, significantly increased
Gd concentrations and accelerated inflow were observed in
EL+ compared to NEL. Both may reflect a net inflammation-
related vasodilatation in acute and more aggressive lesions.
There was a strong similarity in the textures of EL− and
nonenhancing inactive lesions, reflecting a delayed Gd peak
concentration during venous outflow (Figure 2(a)), with only
subtle differences in the TPM-DIFF for “mean” and “SD.”

Pathological features that encompass the evolution of
acute versus subacute Gd-enhancing MS lesions have been
recently investigated by high-resolution dynamic contrast-
enhanced MRI [9]. Longitudinal enhancement dynamics of
initially nodular lesions revealed a centrifugal pattern while
older ring-like lesions enhanced centripetally with delayed
lesion filling.Thefindings indicate lesions growoutward from
a disrupted BBB along the central vein with a secondary
opening of the BBB in peripheral vessels. Later, partial
closure of BBB along the central vein and its contiguous
vessels results in a reduction of the central enhancement
and/or reduction in perfusion of the lesion core. The DTPA
features may reflect similar changes in lesion formation from
an early disruptive process continuously into the late stage
of a hypometabolic plaque. The tissue response to plaque
formation encompasses an inflammatory response and may
end up in an impaired microcirculation in late stages of EL−
and after closure of the BBB in nonenhancing inactive lesions.
Dynamic enhancement data may thus offer a time-effective
alternative for a more detailed characterization of the stages
of lesion development.

This study has limitations: We have currently not inves-
tigated longitudinal DTPA characteristics to follow whether
characteristics of EL+ turn into EL− and NEL over time,
which will be substance of subsequent investigations. We
selected a limited number of patients with RR-MS and
relapsing SP-MS that were stratified into EL+ and EL− based
on a preselection of T1 Gd-enhancing lesions according to
their vascular permeability.This enabled us to identify texture
features of lesions with high versus low- or nonpermeable
lesions. DTPA does not require a perfusion model such as
deconvolution methods or model-fitting of the bolus passage
function for quantification of theDSC image series. However,
the required normalization procedure may be affected by
local T1 effects due to increased permeability in the periven-
tricular NAWM. In order to minimize this effect, we normal-
ized the data by setting the reference region for the normal-
ization into the NAWMclose to the gray/white matter border
zone with a maximum spatial distance to the MS lesions.

DTPA features reflect statistic properties of enhancing
MS lesions beyond descriptions of “enhancement” or “no
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Table 3: Post hoc analysis (Games-Howell test) of all 19 texture parameter maps (TPMs) that discriminated significantly between EL+, EL−,
and NEL in one-way ANOVA.

Stat. par. Time period 𝑝 values
ANOVA EL+ versus EL− EL+ versus NEL EL− versus NEL

TPM-ORIG SD RP <0.001∗ 0.018∗ 0.035∗ 0.695
TPM-ORIG VAR RP <0.001∗ 0.035∗ 0.05 0.82
TPM-DIFF Mean IF 0.02∗ 0.117 0.009∗ 0.356
TPM-DIFF Mean RP <0.001∗ 0.018∗ 0.019∗ 1
TPM-DIFF SD OF <0.001∗ 0.029∗ 0.003∗ 0.429
TPM-DIFF SD RP <0.001∗ 0.044∗ 0.030∗ 0.323
TPM-DIFF VAR OF 0.03∗ 0.084 0.030∗ 0.642
TPM-DIFF VAR RP 0.006∗ 0.248 0.231 0.254
TPM-DIFF VARVAR RP 0.039∗ 0.295 0.332 0.967
TPM-SD Mean OF <0.001∗ 0.2 0.013∗ 0.022∗

TPM-SD Mean RP <0.001∗ 0.032∗ 0.012∗ 0.063
TPM-SD SD RP 0.06∗ 0.247 0.209 0.641
TPM-SD VAR RP 0.037∗ 0.396 0.388 0.786
TPM-SD VARVAR RP 0.023∗ 0.412 0.301 0.295
TPM-VAR Mean OF 0.006∗ 0.364 0.128 0.119
TPM-VAR Mean RP 0.002∗ 0.201 0.167 0.11
TPM-VAR SD OF 0.035∗ 0.479 0.231 0.372
TPM-VAR SD RP 0.022∗ 0.353 0.331 0.385
TPM-VAR VARVAR RP 0.03∗ 0.373 0.368 0.517
Note: ORIG: raw image, DIFF: difference image, SD: standard deviation, VAR: local variance, IF: inflow, OF: outflow, RP: reperfusion, EL+: enhancing lesions
with increased permeability, EL−: enhancing lesions with subtle permeability, and NEL: nonenhancing inactive lesions; ∗𝑝 < 0.05.

enhancement” as currently used in daily routine. The tech-
nique identifies characteristic textural features that appear
during lesion evolution from severe inflammation to recov-
ery. Noteworthy, even though EL− are classified as active
lesions in daily practice, their perfusion characteristics in
terms of dynamic texture changes resemble that of NEL.
This is a novel finding in MS that motivates the incorpo-
ration of these features into machine learning approaches,
for example, into decision forest classifiers that can handle
high-dimensional input data in larger datasets. Our data
further support previous findings of tissue dependency in
microcirculation [10] that may be further extended into the
refinement and differentiation of white matter lesions other
than MS in future.

Abbreviations

BBB: Blood brain barrier
CNS: Central nervous system
DIFF: Difference image
DSC: Dynamic susceptibility contrast perfusion

imaging
DTPA: Dynamic texture parameter analysis
EDSS: Expanded Disability Status Scale
EL+: Enhancing lesions with increased

permeability

EL−: Enhancing lesions with subtle permeability
FoV: Field of view
Gd: Gadolinium
IF: Inflow phase
T1w MPRage: T1-weighted magnetization prepared rapid

gradient echo sequence
MS: Multiple sclerosis
NAWM: Normal appearing white matter
NEL: Nonenhancing lesions
OF: Outflow phase
ORIG: Raw image
RP: Reperfusion phase
RRMS: Relapsing remitting multiple sclerosis
SD: Standard deviation
SPMS: Secondary progressive multiple sclerosis
TE: Echo time
TPM: Texture parameter maps
TR: Repetition time
VAR: Variance
VARVAR: Variance of variance.
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Figure 2: The averaged temporal dynamics of NEL, EL−, and EL+ are exemplarily provided for the mean (a) and SD (b) of the DIFF-TPM.
(a) Mean of the DIFF-TPM for NEL, EL−, and EL+: the bars reflect the perfusion intensity of the lesion subtypes during baseline, inflow,
outflow, and reperfusion. Significant differences between EL+ and NEL are detected during the inflow (𝑝 = 0.009) and between EL+ and
EL− (𝑝 = 0.018) and EL+ and NEL (𝑝 = 0.019) during the reperfusion. The mean values for NEL and EL− increase until the end of the OF
with subsequent normalization to baseline during the RP. In contrast the mean values of EL+ increase only until IF, followed by a decrease
during outflow and reperfusion with negative values during reperfusion due to local leakage effects. (b) SD of the DIFF-TPM for NEL, EL−,
and EL+: the bars reflect the perfusion homogeneity of the lesion subtypes during baseline, inflow, outflow, and reperfusion. The temporal
dynamics of the EL− are similar to that of the NEL, indicating similar perfusion characteristics of EL− and NEL (n.s.). EL+ are characterized
by increasing inhomogeneity during outflow and reperfusion. The SD segregated EL+ from EL− during OF (𝑝 = 0.029) and RP (𝑝 = 0.044)
and EL+ from NEL during OF (𝑝 = 0.003) and RP (𝑝 = 0.03). The persistence of increased SD during RP indicates local leakage effects as
observed in (a).
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We sought to elucidate the correlation between shear wave velocity (SWV) and fibrosis in thyroid by precisely assessing pathological
structures inside 5 × 5mm2 regions of interest (ROIs) of resected specimens, under conditions that excluded physical artifacts.
The materials were unselected thyroid and lymph node specimens resected during thyroid surgery. Immediately after surgery,
fresh unfixed thyroid and metastatic lymph node specimens were suspended in gel phantoms, and SWV was measured. Upon
pathological examination of each specimen, the extent of fibrosis was graded as none, moderate, or severe. A total of 109 specimens
were evaluated: 15 normal thyroid, 16 autoimmune thyroiditis, 40 malignant nodules, 19 benign thyroid nodules, and 19 metastatic
lymph nodes.When all specimens were classified according to the degree of fibrosis determined by pathological imaging, the mean
SWV was 1.49 ± 0.39m/s for no fibrosis, 2.13 ± 0.66m/s for moderate fibrosis, and 2.68 ± 0.82m/s for severe fibrosis. The SWVs of
samples with moderate and severe fibrosis were significantly higher than those of samples without fibrosis. The results of this study
demonstrate that fibrosis plays an important role in determining stiffness, as measured by SWV in thyroid.

1. Introduction

Conventional elastography using manual compression eval-
uates stiffness of the target tissue relative to that of the
surrounding tissue, whereas a recently developed elastogra-
phy technique using acoustic radiation force impulse (ARFI)
evaluates the local elastic characteristics of the target tissue
itself [1]. In thismethod, a target regionwith fixed dimensions
of 5 × 5mm2 is identified as the region of interest (ROI),
and shear wave velocity (SWV) is detected by a sonographic
detection pulse in the ROI. The characteristics are expressed
by the SWV of the tissue, which reflects tissue elasticity,
as calculated using Young’s modulus under the assumption
that tissue density is 1 g/cm3 and has Poisson’s ratio of 0.5
[2, 3]. Thus, shear wave elastography (SWE) is thought to be
useful for quantitatively evaluating tissue hardness. However,

it remains unclear what types of pathology affect tissue
hardness.

In liver, many clinical studies of SWE have been con-
ducted, and SWV is thought to be affected by liver fibrosis
[4, 5]. Currently, shear wave elastography is frequently used
to evaluate liver fibrosis.

Many clinical studies have evaluated the usefulness of
SWE for differentiating benign versus malignant thyroid
nodules [6–10], and a recent report described the usefulness
of SWE for diagnosing autoimmune thyroiditis [11, 12]. In
a previous clinical study, we investigated the correlation
between SWV and the pathological structure of thyroid
lesions and reported that the shear wave is accelerated as
the extent of elastic fibrosis increases [1]. Other authors also
pointed out the possibility of elevated SWV in fibrotic thyroid
tissue [13, 14]. In past reports, however, the assessment
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(a) (b)

Figure 1: (a) Fresh unfixed specimens were suspended in gel phantoms, and the SWV was measured. (b) Histologic slides were created in
the same plane used for ultrasonography imaging.

of pathologies inside a 5 × 5mm2 ROI, as reflected by
measurement of SWV, may not be correct because the SWVs
were measured in vivo. In particular, malignant tumors have
multifaceted pathology, so it is possible that pathological
structures change when the clinician’s view is displaced by
several millimeters. Indeed, SWVs measured in papillary
thyroid cancer (PTC) tend to vary [1, 7, 9]. In light of these
observations, in this study we sought to clarify the correlation
between SWV and fibrotic pathology of thyroid specimens
by precisely assessing the pathological structures inside a 5
× 5mm2 ROI, as determined by SWV, under conditions that
excluded physical artifacts. The results of this study indicate
the most appropriate use of SWE in the thyroid.

2. Materials and Methods

2.1. Materials. Informed consent was obtained, and the study
was performed in accordance with the ethical guidelines
of the Helsinki Declaration. The ethics committee and the
institutional review board of Tottori University approved the
study protocol. The study period was from November 2011 to
April 2014. The materials were unselected thyroid and lymph
node specimens resected in thyroid surgery, at least 10mm in
diameter, so that they would encompass the entire ROI.

2.2. Methods. We used the Virtual Touch Quantification
system (Siemens Medical Systems, Forchheim, Germany) to
perform SWE using an ACUSON S2000 ultrasound system
(Siemens Medical Systems) with a 9 MHz B-mode-ARFI
combination linear transducer (ACUSON 2000; Siemens
Medical Systems).

Immediately after surgery, fresh unfixed thyroid and
metastatic lymph node specimens were suspended in gel

phantoms and SWV generated by ARFI was measured (Fig-
ure 1). In each case, we scanned the specimens on B-mode,
defined an ROI of 5 × 5mm2, andmeasured SWV at the same
point five times [15]. The 5 × 5mm2 ROI was entirely within
the thyroid specimen. Histologic slides corresponding to the
ultrasonography imaging plane were created, and the degrees
of fibrosis determined by imaging and SWV were compared.

2.3. Pathological Findings. All resected thyroid lesions and
lymph nodes were analyzed pathologically. Collagen fiber on
histologic slides was stained with Masson T stain (Figure 2),
and the degree of fibrosis was assessed in 5 × 5mm2 micro-
scope fields in the plane used to measure SWV. Degree of
fibrosis was classified into three groups: no fibrosis, moderate
fibrosis, and severe fibrosis. The ImageJ software (version
1.48;Wayne Rasband, National Institutes ofHealth, Bethesda,
MD, USA) was used to calculate the degree of fibrosis. Severe
fibrosis was defined as extended fibrosis in over 50% of
the area of 5 × 5mm2 microscope fields, whereas moderate
fibrosis indicated findings intermediate between no fibrosis
and severe fibrosis. The correlation between SWV and the
degree of fibrosis on pathological findings was evaluated.

2.4. Statistical Analysis. Statistical analysis was performed
using SPSS software (version 22; IBM SPSS, Chicago, IL,
USA). The SWVs of measured specimens (normal thyroid,
autoimmune thyroiditis, benign nodule, malignant nodule,
and metastatic lymph node) were expressed as the mean
value ± standard deviation (SD) and compared using the
Kruskal-Wallis test. The fibrosis grades of all targets were
compared with their SWVs using the Kruskal-Wallis test.
We then compared the SWVs between benign nodules and
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Table 1: Number and characteristics of specimens of each lesion.

Normal AIT Benign nodule Malignant nodule Lymph node
𝑁 15 16 19 40 19
Measurable 15 16 19 36 16
SWV (mean ± SD) 1.40 ± 0.20 2.01 ± 0.42 1.34 ± 0.37 2.30 ± 0.82 1.72 ± 0.57

Fibrosis
No 15 3 19 12 9

Moderate 0 8 0 20 8
Severe 0 5 0 8 2

Note: SWV, shear wave velocity; SD, standard deviation; AIT, autoimmune thyroiditis.

200𝜇m

Figure 2: Collagen fibers were stained with Masson T stain.

malignant nodules, depending on the fibrosis grade, using the
Kruskal-Wallis test.

3. Results

A total of 109 specimens were evaluated: 15 normal thyroid,
16 autoimmune thyroiditis (AIT) (2 Hashimoto’s thyroiditis
and 14 Basedow disease), 40 malignant nodules (36 papillary
thyroid carcinoma [PTC], 4 follicular carcinoma), 19 benign
thyroid nodules, and 19 metastatic lymph nodes. Seven
specimens were not measurable. The mean SWV was 1.40 ±
0.20m/s for normal thyroid, 2.01 ± 0.42m/s for autoimmune
thyroiditis, 1.34±0.37m/s for benign nodule, 2.30±0.82m/s
for malignant nodules, and 1.69m/s for metastatic lymph
node (Table 1, Figure 3). The SWVs of AIT and PTC were
significantly higher than those of normal thyroid (𝑃 = 0.009
for AIT, 𝑃 < 0.001 for PTC). Additionally, the SWVs of
AIT and PTC were significantly higher than those of benign
nodules (𝑃 = 0.002 for AIT, 𝑃 < 0.001 for PTC). There was
no difference in SWVs between normal thyroids and benign
nodules.

When all specimens were classified according to the
degree of fibrosis determined by pathological imaging, the
mean SWVwas 1.49±0.39m/s for no fibrosis, 2.13±0.66m/s
for moderate fibrosis, and 2.68 ± 0.82m/s for severe fibrosis
(Figure 4). The SWVs of samples with moderate and severe
fibrosis were significantly higher than those with no fibrosis,
but there was no difference in SWV between samples with
moderate fibrosis and severe fibrosis. SWV increased with
fibrosis severity (Spearman’s 𝜌 = 0.608).
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Figure 3: Mean SWV of each lesion.

When SWVs of thyroid nodules were compared accord-
ing to fibrotic grade, SWVs of malignant nodules with mod-
erate or severe fibrosis were significantly higher than those of
benign nodules with no fibrosis (𝑃 < 0.001) (Figure 5).There
was no difference in SWVs between benign nodules without
fibrosis and malignant nodules without fibrosis (Figure 5).

The pathologies of the 7 unmeasurable lesions were 3
calcifications, 2 cysts, and 2 heterogeneous tissues.

4. Discussion

We clarified the correlation between SWV and the precise
pathological structure of targets inside the ROI by directly
measuring resected thyroid specimens. The results revealed
that fibrosis increased SWV, and that the variability of SWVs
measured in malignant nodules was caused by variability in
the fibrotic degree. Additionally, we showed that the results of
SWV under conditions free of physical artifacts were similar
to the results of previous clinical studies.

Shear waves are transverse waves that are very slow
in comparison with acoustic waves and are therefore pre-
dicted to be easily affected by factors in the physiological
environment such as carotid artery pulsation, respiratory
movements, and reflections off the tracheal cartilage [1, 11, 16].
However, the degree to which such physical artifacts affect



4 BioMed Research International

∗∗∗

∗∗∗

n.s.

Symbols indicate outliers
n.s.: not significant

Moderate SevereNo
0.0

1.0

2.0

3.0

4.0

5.0

SW
V

 (m
/s

)

∗∗∗
P < 0.001

Figure 4: SWVs of specimenswith no,moderate, and severe fibrosis
when all specimens were classified according to the degree of
fibrosis.
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Figure 5: SWVs of thyroid nodules were compared according to
fibrotic grade.

shear waves is unknown. The SWVs of each lesion, mea-
sured in resected specimens under conditions that excluded
physical artifacts, were similar to the results of past clinical
research in which SWVs were measured in vivo [1, 11, 12, 17–
19].The SWVs of AIT and PTCwere significantly higher than
those of normal thyroid or benign nodules, and there was
no difference in SWVs between normal thyroids and benign
nodules. Our results were also similar to the results of clinical
studies [1, 9, 17–19].The actual impact of the effect of the phys-
iological environment upon SWVwas judged to be negligible.

When the specimens were classified according to the
degree of fibrosis determined by pathological imaging, and
the SWVs of each fibrotic grade were compared, the results

obviously showed that SWV increased with the severity of
fibrosis. In this study, we observed no difference in SWV
between moderate and severe fibrosis, probably because the
moderate grade included a very wide range, from slight
to 50%. There was no difference in SWV between normal
thyroid and benign nodules, although the cell density obvi-
ously differed between these types of samples. As in a past
study, the effect of cell density on SWV was thought to be
small [1]. SWVs at solid cell patterns did not differ between
normal controls, benign nodules, and PTCs. However, SWVs
in fibrotic regionswere significantly higher than those in non-
fibrotic regions, and the SWV increased with fibrosis severity.

Several studies of SWV in the thyroid region have
reported the usefulness of this technique for differentiating
between benign and malignant thyroid nodules [8, 9, 20].
However, the SWVs of malignant nodules were variable.
When we classified the malignant nodules according to the
degree of fibrosis, the results revealed that the SWVs of
malignant nodules differed significantly according to the
degree of fibrosis. The SWVs of malignant nodules without
fibrosis were not different from those of benign nodules.
In general, benign nodules often have some fibrosis at the
capsule. However, no fibrosis was observed in 5 × 5mm2
microscope fields of benign nodules, because in this study we
measured SWV inside the nodules and placed the 5 × 5mm2
ROI entirely within the thyroid specimens. Fibrotic changes
occur in most of PTC. Therefore, SWE may be helpful as
an auxiliary diagnostic method for differentiating between
benign and malignant nodules by measuring within an ROI
encompassed within the thyroid nodule.

In this study, the SWVs of resected specimens were not
measurable when the pathologies were calcifications, cysts,
or heterogeneous tissues. Some authors also reported that
these lesions were unmeasurable [1, 17, 18]. In the cases
of calcifications or cysts, we believe that ARFI was not
transmitted (due to reflection or absorption, resp.), and
consequently no shear wave was generated. On the other
hand, heterogeneous tissues were probably unmeasurable
due to errors caused by the measurement principle of the
ACUSON S2000 ultrasound system [1].

The findings of this study have potential clinical impact.
In particular, measurement of SWVmay be useful for choos-
ing biopsy sites or predicting the extent of cancer invasion.

There were some limitations in this study. First, the
efficiency of propagation of ARFI may differ in gel and in
vivo. Consequently, the degree of generated SW may also
differ between these conditions. Therefore, the proportion of
unmeasurable samples was lower than in an in vivo study
[1]. Second, the SWVs were measured in resected thyroid
specimens under conditions very different from those that
arise in vivo; in particular, there was no blood flow, and it is
possible that this influenced the SWVs. Third, it is possible
that unknown factors other than fibrosis and cell density
influence SWV.

5. Conclusions

In this ex vivo study, we created histologic slides correspond-
ing to the ultrasonography imaging plane. Comparison of
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the imaging and SWV findings revealed that the SWV of the
target tissue was affected by its pathology. Fibrosis played an
important role in the stiffness, measured by SWV, in thyroid
tissue.
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The monoexponential model is widely used in quantitative biomedical imaging. Notable applications include apparent diffusion
coefficient (ADC) imaging and pharmacokinetics.The application of ADC imaging to the detection of malignant tissue has in turn
prompted several studies concerning optimal experiment design formonoexponentialmodel fitting. In this paper, we propose a new
experiment design method that is based on minimizing the determinant of the covariance matrix of the estimated parameters (D-
optimal design). In contrast to previous methods, D-optimal design is independent of the imaged quantities. Applying this method
to ADC imaging, we demonstrate its steady performance for the whole range of input variables (imaged parameters, number of
measurements, and range of 𝑏-values). Using Monte Carlo simulations we show that the D-optimal design outperforms existing
experiment design methods in terms of accuracy and precision of the estimated parameters.

1. Introduction

Themonoexponential model has been used inmany different
engineering applications. It is frequently used in modeling
biomedical phenomena to estimate biologically meaningful
parameters. Its applications in quantitative biomedical imag-
ing include apparent diffusion coefficient (ADC) imaging
[1], monitoring metabolic reactions [2], and pharmacoki-
netics [3]. ADC imaging has a wide range of applications
including the classification of brain disorders [4], detection
of malignant breast lesions [5], identifying stages of cerebral
infarction [6], and diagnostic imaging of the kidney [7,
8], prostate [9, 10], and ovaries [11, 12]. ADC imaging is
also used to solve challenging clinical problems such as the
differentiation of Parkinson’s disease from multiple system
atrophy and progressive supranuclear palsy [13].

The usefulness of ADC imaging as a quantitative imaging
tool has motivated several studies that have investigated the
reliability and reproducibility of ADC estimates [7, 14, 15].

From a mathematical point of view, the variance of the
estimated ADC values can be minimized by optimizing
experiment design. In the case of ADC imaging, experiment
design equates to the choice of the 𝑏-values applied for
measurements and their repetitions. In the case of enzyme
kinetics, it equates to the sample collection time (𝑡).The range
of valid sampling points is determined by the biophysical
aspects of the problem at hand. For instance, perfusion
contamination at low 𝑏-values [15, 16] and SNR drop at
high 𝑏-values [1] limit the applicable range of 𝑏-values. An
intuitively appealing experiment design is the equidistant
(ED) distribution of sampling points on a valid range of the
independent variable (𝑏 or 𝑡). The ED experiment design
method is widely used in the literature [7, 17–19]. However,
many studies use nonsystematic and random experiment
designs [9, 20] that can considerably influence the results.

Some studies have tried to find the optimal experiment
design by empirically evaluating a variety of experiment
designs [17]. In contrast, others have developed a theoretical
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framework by minimizing the variance of the estimated
parameters [21–23].The former strategymay potentially miss
the global optimum because of the discretization of the
problem and a nonexhaustive search. On the other hand,
studies pursuing the latter strategy are based on the Gaussian
noise assumption. The Cramer-Rao lower bound (CRLB) of
the ADC value is minimized in [23] assuming a Gaussian
noise distribution. Hereinafter, we call this method GCRLB.
The optimal experiment design in the GCRLB method
(briefly described inAppendix B) depends on theADCvalues
to be imaged. Thus the optimal design must be revised for
different applications and even for imaging different organs.
Moreover, in applications where the noise assumption is vio-
lated, the GCRLB design becomes suboptimal. In this paper,
we develop a theoretical framework for optimal experiment
design of monoexponential model fitting problems with less
restrictive assumptions on noise distribution. Our Monte
Carlo simulations using the proposed design method for
ADC imaging show that, in the presence of Rician noise, it
outperforms the GCRLB and ED methods. In addition, the
proposed design is independent of the imaged parameters
and provides more robust results.

The remainder of the paper is organized as follows.
The next section elaborates the proposed experiment design
method. Section 3 presents results of extensive evaluations
and comparisons. A discussion of different aspects and the
potential impact of this work is given in Section 4. Finally the
conclusion is presented in Section 5.

2. Proposed Experiment Design Method

Without loss of generality, hereinafter we focus on ADC
imaging as an example of monoexponential model fitting
problems. The model for ADC imaging is given by

𝑚 = 𝑚
0
exp (−𝑏𝐷) , (1)

where𝑚 is the measured signal when the diffusion weighting
factor 𝑏 is applied, 𝑚

0
is the observed signal in the absence

of such a weighting factor, and 𝐷 is the apparent diffusion
coefficient. The parameters to be estimated are 𝑚

0
and 𝐷.

In ADC imaging the parameter of interest is 𝐷. However,
there exist applications in which 𝑚

0
is also important such

as (6) in [2]. Although mathematically two measurements
suffice, in practice 𝑁 > 2 measurements are acquired to
maximize precision. Depending on the problem at hand, one
is permitted to choose the independent variable (𝑏 in this
case) such that 𝑏min ≤ 𝑏 ≤ 𝑏max. Log-linear least square fitting
is frequently used because of its computational efficiency [18].
It can be formulated as follows:

ln𝑚
𝑖
= ln𝑚

0
− 𝑏
𝑖
𝐷, ∀𝑖 = 1, . . . , 𝑁. (2)

For𝑁measurements we obtain

y = Ax, (3)

where y ∈ R𝑁 contains measurements (ln𝑚
𝑖
), x ∈ R2

contains unknown parameters (x = [ln𝑚
0
𝐷]
𝑇), and A is the

design matrix below:

A =
[
[

[

1 −𝑏
1

⋅ ⋅ ⋅ ⋅ ⋅ ⋅

1 −𝑏
𝑁

]
]

]

. (4)

The least squares estimator (LSE) of x is given by x̂ =

(A𝑇A)−1A𝑇y. The precision of the estimation problem above
is dependent on the experiment design A. For independent
and zero-mean measurement noise (on y) with constant
variance 𝜎

2 the LSE is unbiased and has the following
covariance matrix [24]:

Cov (x̂) = 𝜎
2M−1, (5)

where M = A𝑇A and is usually called the “information
matrix.” Optimal experiment design entails making the
covariancematrix small in some sense. It is usual tominimize
a scalar function of the covariance matrix. One design
approach is to minimize the determinant of the information
matrix (D-optimal design). In this paper, we solve the D-
optimal experiment design problem for ADC imaging.

Remark 1. The noise distribution on the diffusion attenuated
signal (denoted by 𝑚) is usually assumed to be Rician. To
investigate the significance of our noise assumptions in the
case of ADC imaging, we use Monte Carlo simulations. Let
|𝑚 + 𝑤| model the measured diffusion signal, where 𝑚 is
the true value of the signal and 𝑤 = 𝑤

𝑅
+ 𝑗𝑤
𝐼
is the

complex-valued measurement noise. The noise components
are Gaussian distributed: 𝑤

𝑅
∼ N(0, 𝜎

2

𝐺
), 𝑤
𝐼
∼ N(0, 𝜎

2

𝐺
).

We perform Monte Carlo simulations with Rician noise (on
𝑚) and the following setup: number of Monte Carlo trials
𝑁MC = 20000, 𝜎

𝐺
= 20, and 𝑚 varies from 5 to 20𝜎

𝐺
with

equal step size of 5. As can be seen in Figure 1, the zero-
mean assumption (on 𝑦

𝑖
= ln𝑚

𝑖
) holds for SNR > 2 while the

equal variance on log-measurements (y) holds for SNR > 10.
Overall, this shows that both zero-mean and equal variance
assumptions hold for SNR > 10.Thus, we expect the proposed
method to have diminished performance for high 𝑏-values
and high𝐷 values.

2.1. D-Optimal ExperimentDesign forMonoexponentialModel
Estimation. The D-optimal experiment design is based on
minimizing the determinant of the covariance matrix of the
LSE.TheD-optimal experiment design for ADC imaging can
be written as follows:

min det (M−1)

s.t.: M ≥ 0,

𝑏min ≤ 𝑏
𝑖
≤ 𝑏max, 𝑖 = 1, . . . , 𝑁,

(6)
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Figure 1: Results of Monte Carlo simulations show that if SNR > 10,
then zero-mean and equal variance noise assumptions hold forADC
imaging. Simulation setup: number of Monte Carlo trials 𝑁MC =

20000, 𝜎
𝐺
= 20, and𝑚 varies from 5 to 20𝜎

𝐺
(equal step size of 5).

where the explicit expression forM is

M =

[
[
[
[
[

[

𝑁 −

𝑁

∑

𝑖=1

𝑏
𝑖

−

𝑁

∑

𝑖=1

𝑏
𝑖

𝑁

∑

𝑖=1

𝑏
2

𝑖

]
]
]
]
]

]

. (7)

Noting that minimizing det(M−1) is equivalent to maximiz-
ing det(M) we obtain the following problem formulation:

max det (M)

s.t.: M ≥ 0,

𝑏min ≤ 𝑏
𝑖
≤ 𝑏max, 𝑖 = 1, . . . , 𝑁.

(8)

2.2. Solutions to the D-Optimal Design Problem. The explicit
form of the objective function of the optimization problem in
(8) is

det (M) = 𝑁

𝑁

∑

𝑖=1

𝑏
2

𝑖
− (

𝑁

∑

𝑖=1

𝑏
𝑖
)

2

. (9)

It can be seen that, in contrast to previous studies, the D-
optimal design is independent of the unknown parameters.
Thus, it can be used when imaging different organs as well
as in other applications. For 𝑁 = 2 the objective function
becomes det(M) = (𝑏

1
−𝑏
2
)
2. Therefore the D-optimal design

is 𝑏
1
= 𝑏min, 𝑏2 = 𝑏max. For 𝑁 = 3 the objective function

becomes det(M) = (𝑏
1
− 𝑏
2
)
2
+ (𝑏
1
− 𝑏
3
)
2
+ (𝑏
3
− 𝑏
2
)
2.

Consequently, the D-optimal design is 𝑏
1
= 𝑏
2
= 𝑏min, 𝑏3 =

𝑏max or equivalently 𝑏1 = 𝑏
2
= 𝑏max, 𝑏3 = 𝑏min. Generally, one

can see that for arbitrary𝑁 the D-optimal experiment design
is obtained when

𝑏
𝑖
= 𝑏min ∀𝑖 = 1, . . . , 𝑛,

𝑏
𝑖
= 𝑏max ∀𝑖 = 𝑛 + 1, . . . , 𝑁,

(10)

where 𝑛 = 𝑁/2 if𝑁 is even; otherwise 𝑛 = (𝑁 + 1)/2. In the
next section we compare the D-optimal design with the ED
and GCRLB designs.

3. Evaluation and Simulation Results

In this section we evaluate the proposed D-optimal experi-
ment design method and compare it with existing optimal
design methods. We run Monte Carlo simulations using the
pseudo-algorithm given in Appendix A. In our simulations
we use the Rician noise distribution. While this does not
match the noise assumptions of our theoretical framework,
it permits a more realistic evaluation of the results for
ADC imaging. We use the range [0.1, 3] × 10

−3mm2/s of 𝐷
values that are reported for human brain studies [4, 23]. In
abdominal organs the range extends up to 5 × 10

−3mm2/s
[7]. In the text to follow we note that (i) the units associated
with 𝐷 and 𝑏 have been omitted for readability (all 𝑏-values
are stated in s/mm2) and (ii) 𝐸(𝑥) = (1/𝑁MC) ∑

𝑁MC
𝑖=1

𝑥. It is
also noteworthy that we used LSE throughout the paper for
parameter estimation.

3.1. Comparison to GCRLB. Given that the GCRLB method
[23] is specifically designed for ADC estimation and is in
good agreement with previous studies [21, 22], herein we
compare the proposed D-optimal design with the GCRLB
method. Figure 2 shows the standard deviation of estimated
ADC values (𝜎

𝐷
) for a range of𝐷 values, where𝑁 = 2, 𝑏min =

0, 𝑏max = 2000, 𝑚
0
= 500,𝑁MC = 20000, and SNR = 𝑚

0
/𝜎
𝐺
.

According to table 3 in [23] the optimal two-point design for
𝐷 ∈ [0.1, 3] × 10

−3 is 𝑏
1
= 0, 𝑏

2
= 820 while the D-optimal

method suggests 𝑏
1
= 0, 𝑏

2
= 𝑏max. Several key observations

can be drawn from Figure 2. (i) Increasing the SNR from 4 to
10 significantly improves the performance of the GCRLB. In
addition, the performance of theGCRLB is heavily dependent
on the𝐷 values to be measured. In contrast, the performance
of the D-optimal design is very consistent, demonstrating
robustness to changes in SNR and 𝐷. (ii) The D-optimal
design outperforms the GCRLB over the entire range of 𝐷
values and SNRs. (iii) For small 𝐷 values and high SNR,
where the Rician distribution can be fairly approximated by a
Gaussian distribution [25], the performance of the GCRLB
is close to that of the D-optimal design. (iv) Though the
Rician noise model does not match our theoretical noise
assumption, the precision of 𝐷 is independent of its actual
value,𝐷.

Figure 3 compares the GCRLB and D-optimal designs
in terms of error (computed as |𝐸(𝐷)−𝐷|) and standard
deviation of 𝐷 (illustrated as vertical bars for each 𝐷 value),
where 𝑁 = 10, 𝑏min = 0, 𝑏max = 2000, 𝑚

0
= 500, 𝑁MC =

20000, and SNR = 𝑚
0
/𝜎
𝐺

= 10. According to table 3 in
[23] the optimal ten-point design for 𝐷 ∈ [0.1, 3] × 10

−3 is
𝑏
1
= 𝑏
2
= 0, 𝑏

3
= 𝑏
4
= ⋅ ⋅ ⋅ = 𝑏

8
= 700, and 𝑏

9
= 𝑏
10

= 𝑏max
while the D-optimal design suggests 𝑏

1
= ⋅ ⋅ ⋅ = 𝑏

5
= 0,

𝑏
6
= ⋅ ⋅ ⋅ = 𝑏

10
= 𝑏max. It can be seen in Figure 3 that the

D-optimal design performs better in terms of accuracy and
precision. Figure 4 shows, for the same test, plots of the bias
(computed as𝐸(�̂�

0
)−𝑚
0
) and standard deviation of �̂�

0
. It can

be seen that the proposed method leads to both accurate and
precise estimation of 𝑚

0
. In addition, the D-optimal design

shows very consistent performance over the whole range of
𝐷 values. It is noteworthy that the GCRLB method severely
underestimates𝑚

0
for high𝐷 values.
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3.2. Sensitivity Analysis and Comparison to the ED Design.
In this section we evaluate the sensitivity of the D-optimal
design to changes in input parameters such as 𝐷, 𝑁, 𝑏max,
and SNR. The input variable 𝑏min is not considered because
it is usually set to 𝑏min = 0.

The ADC value may vary depending on tissue type,
pathological/developmental changes, and aging. The error
and standard deviation of𝐷 and �̂�

0
are illustrated in Figure 5

for the range 𝐷 ∈ [0.1, 5] × 10
−3, where 𝑁 = 10, 𝑏min = 0,

𝑏max = 2000, 𝑚
0
= 500, 𝑁MC = 20000, and SNR = 𝑚

0
/𝜎
𝐺
=

10. It can be seen that the D-optimal design outperforms the
ED design in terms of accuracy and precision. Notably, the
difference in estimation of 𝑚

0
is extremely large. This can

have a significant impact on studies that use the diffusion
signal itself as a biomarker (as in [14]). Note that, for the
D-optimal design, the variance of 𝜎

𝐷
is almost fixed for
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for the range

𝐷 ∈ [0.1, 5] × 10
−3, where𝑁 = 10, 𝑏min = 0, 𝑏max = 2000,𝑚

0
= 500,

𝑁MC = 20000, and SNR = 𝑚
0
/𝜎
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= 10. The D-optimal design is

compared to the ED design (where 𝑏
𝑖
s are equidistantly distributed

between 𝑏min and 𝑏max).

𝐷 ∈ [1, 5] × 10
−3. This consistency of performance is also

apparent in the estimation of𝑚
0
.

The number of measurements is in general limited by the
available clinical scan time. Here, we consider a range of 𝑁
that is feasible for clinical studies according to the literature.
The error and standard deviation of 𝐷 and �̂�

0
are illustrated

in Figure 6 for the range𝑁 = 2 to𝑁 = 20, where𝐷 = 1×10
−3,

𝑏min = 0, 𝑏max = 2000, 𝑚
0
= 500, 𝑁MC = 20000, and
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𝑁 = 2 to 𝑁 = 20, where D = 1 × 10
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SNR = 𝑚
0
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𝐺

= 10. It shows that the D-optimal design
outperforms the ED design in terms of standard deviation
(vertical bars) of 𝐷 and �̂�

0
. As 𝑁 increases, the variance of

the estimated parameters decreases for both design methods
while the accuracy is almost constant. Note that for 𝑁 = 2

the two design methods lead to the same solution. Deviating
fromD-optimal solution, accuracy/precision of �̂�

0
for the ED

method considerably decreases even with higher number of
measurements (cf.𝑁 = 2 with𝑁 = 4).

Different 𝑏max values are recommended in the literature
for different target organs/tissues. For example, [1] suggests
𝑏max = 700 for kidney while 𝑏max = 1500 is used for head and
neck imaging [20] and 𝑏max = 2000 for brain imaging [18].
The error and standard deviation of 𝐷 and �̂�

0
are illustrated

in Figure 7 for the range 𝑏max = 700, 800, . . . , 2000, where
𝐷 = 1 × 10

−3, 𝑁 = 10, 𝑏min = 0, 𝑚
0
= 500, 𝑁MC =

20000, and SNR = 𝑚
0
/𝜎
𝐺

= 10. It can be seen that the
D-optimal design outperforms the ED design in terms of
standard deviation (vertical bars) of 𝐷 and �̂�

0
. For the ED

design, as 𝑏max increases it does not make a considerable
difference to the estimation of𝐷 but it does negatively impact
on the estimation of 𝑚

0
producing increasingly larger errors

for values of 𝑏max beyond 1600. In contrast, the D-optimal
design shows a better and relatively consistent performance
over the whole range (with almost constant accuracy and
precision).

The signal-to-noise ratio also affects the accuracy and
precision of the estimation problem.We investigate the effect
of SNR on the proposed experiment design as follows. The
error and standard deviation of 𝐷 and �̂�

0
are illustrated in

Figure 8 as a function of SNR (defined as𝑚
0
/𝜎
𝐺
), where𝐷 =

1×10
−3,𝑁 = 10, 𝑏min = 0, 𝑏max = 2000,𝑚

0
= 500, and𝑁MC =

20000. It shows that, over the whole range of SNR values, the
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= 10. The D-optimal design is compared to the
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Figure 8: Error and standard deviation of 𝐷 and �̂�
0
as a function

of SNR (defined as 𝑚
0
/𝜎
𝐺
), where 𝐷 = 1 × 10

−3, 𝑁 = 10, 𝑏min = 0,
𝑏max = 2000, 𝑚

0
= 500, and𝑁MC = 20000. The D-optimal design is

compared to the ED design.

D-optimal design leads to minimum variance estimation of
the unknown parameters. For ED design, the accuracy and
precision of both 𝐷 and �̂�

0
improve with increasing SNR

while for the D-optimal design an improvement is only seen
for𝐷.

3.3. Tests on a Mean Diffusivity Map. To illustrate the impact
that experiment design may have on diffusion-weighted



6 BioMed Research International

(a) (b)

Figure 9: Original mean diffusivity map considered as ground truth (a) and an example noisy image produced by adding Rician distributed
noise, where SNR = 5 (b). The original image is taken from [18].
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Figure 10: Error in estimation of diffusion signal computed as |𝐸(�̂�
0
) −𝑚
0
| for the D-optimal (a) and ED (b) design methods. The color bar

ranges from 0 to 31.

images, we perform the following test. We take figure 4.(a)
in [18] as the ground truth image. Then we add Rician
distributed noise pixelwise (SNR = 5).The original image and
an example of noisy images are shown in Figure 9.

Let 𝐼(𝑖, 𝑗) denote a pixel intensity in the original image.
Then we run Algorithm 1 with the following setting for all
pixels: 𝑚

0
= 𝐼(𝑖, 𝑗), SNR = 𝑚

0
/5, 𝑁 = 20, 𝐷 = 1 × 10

−3,
𝑏min = 0, 𝑏max = 2000, and 𝑁MC = 20000. The resultant
images computed as error in estimation of �̂�

0
(|𝐸(�̂�

0
) −𝑚
0
|)

and its standard deviation are shown in Figures 10 and 11,
respectively. Figure 10 shows that one can accurately estimate
diffusion signal using the D-optimal design. The accuracy
is almost independent of the signal level. In contrast, the
ED design produces large errors for high signal levels. In
applications that consider statistics in small ROIs (such as
[11]) this may be misleading.

The optimal experiment design is fundamentally based
on improving the precision of the estimation problem. This
can be seen in Figure 11, where we illustrate the standard
deviation of �̂�

0
. It can be seen that the D-optimal design

consistently produces lower variance than the ED design. It
is noteworthy that Figures 10 and 11 represent the sensitivity
analysis with respect to 𝑚

0
and confirm the stable perfor-

mance of the D-optimal design.

4. Discussions

Although the current work focuses on ADC imaging, the
proposed method can be applied in experiment design for
other applications of the monoexponential model. As an
example, empirical evaluations in [17] show that addingmore
measurements on 𝑏min improves the results of model fitting
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Figure 11: Standard deviation in estimation of �̂�
0
. The D-optimal design (a) produces more precise estimates compared to the ED design

(b). Note that the standard deviation is multiplied by 100 to enhance the visualization.

Data:𝐷,𝑚
0
,𝑁, 𝑏min, 𝑏max, 𝜎𝐺 and𝑁MC, number of Monte Carlo trials.

Result: Mean value and standard deviation of𝐷 and �̂�
0

(i) Choose an algorithm ED/GCRLB/D-opt. to assign 𝑏
𝑖
∀𝑖 = 1, . . . , 𝑁.

(ii) Set𝑚
𝑖
= 𝑚
0
exp(−𝑏

𝑖
𝐷).

for 𝑟 = 1 to𝑁MC do
(i) Add Rician distributed noise to𝑚

𝑖
s to obtain SNR =𝑚

0
/𝜎
𝐺
;

(ii) Compute the unknown parameters𝐷 and �̂�
0
;

(iii) Record the mean value and standard deviation of𝐷 and �̂�
0
.

Algorithm 1: Pseudo-algorithm to evaluate an experiment design.

in enzyme kinetics (compared to the ED design). This is in
agreement with our findings.

Comparing the proposed method to previous studies, we
see that it (i) is based on less restrictive noise assumptions
and thus covers a wider range of applications, (ii) shows
that the optimal design is not necessarily dependent on the
imaged parameters, (iii) outperforms the ED and GCRLB
methods (based on evaluations using simulated data), and
(iv) is applicable even if the noise assumptions are partly
violated.

Figures 3 and 5 show that (i) in contrast to the findings
in [23] there exist 𝐷-independent optimal designs that
minimize variance of the estimated ADC values and (ii) even
using optimal designs𝐷 values greater than 1.1×10−3 cannot
be estimated accurately. In other words, the error of 𝐷 is
larger than 10% when 𝐷 > 1.1 × 10

−3. This means that
ADC values reported for cartilage, muscle [23], and normal
white matter [4] are accurate/reliable while high ADC values
reported for normal kidney [7] should arguably be treated
with caution. This warrants further investigation using real
data.
Noise Distribution. The noise assumptions (independency
and equal variance) are necessary for tractable theoretical

derivations but do not necessarily limit the proposedmethod
to Gaussian noise. For example, these assumptions hold for
scenarios with independent but nonidentical noise distribu-
tions provided that they have equal variances. We have eval-
uated the proposed method in realistic cases (independent
Rician noise with nonequal variances). However, in mod-
ern scanners with phased arrays and multicoil acquisition
[26], the noise is noncentrally 𝜒-distributed [27]. The D-
optimal design problem for such kind of noise distributions
is intractable. In addition, relaxing the “equal variance”
condition, the D-optimal design becomes dependent on the
imaged parameters. Thus, we can not find an optimal design
that performs well over the whole range of the imaged
parameters.

Estimation Method. One can use other estimation methods
instead of LSE. Possibilities include themedian estimator [18],
maximum likelihood estimator (MLE), and weighted least
squares (WLS) [28]. The exact formulation of the D-optimal
design problem for these estimation techniques is dependent
on the noise distribution and often becomes intractable. In
the case of Gaussian noise theMLE leads to the same solution
as LSE.
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Physical Considerations. Given that the proposed method
takes the minimum and maximum 𝑏-values as the input, one
can adjust the range to avoid the signal distortion caused by
physical phenomena such as the perfusion effect at low 𝑏-
values and non-Gaussian behavior at high 𝑏-values.

5. Conclusion

The need for precise estimation of biomedical quantities has
given rise to studies concerning optimal experiment design
for monoexponential model fitting. In this paper, we formu-
lated the problem as a D-optimal design problem that is a
convex optimization problem. In contrast to previous studies,
we did not restrict our theoretical framework tomodel fitting
in the presence of Gaussian noise. Solving this problem and
evaluating the results for ADC imaging on simulated data, we
showed that the optimal design is independent of the imaged
parameters. Furthermore, Monte Carlo simulations showed
that the D-optimal design outperforms the ED and GCRLB
methods. Moreover the proposed method is applicable to a
wider range of problems because of its less restrictive noise
assumptions. Our evaluations show that it is applicable even
if the noise assumptions are partly violated. An important
practical result is that accurate estimation of highADCvalues
is not possible even using optimal experiment design.

Appendices

A. Evaluation of an Experiment Design

Here we provide a pseudo-code for the algorithm used in
Section 3 (see Algorithm 1).

B. GCRLB Experiment Design

In an estimation problem, the lower bound of the variance of
a parameter𝑥

𝑗
,𝜎2(𝑥
𝑗
), is given by the corresponding diagonal

element of the inverse of the Fisher information matrix:

𝜎
2
(𝑥
𝑗
) ≥ (F−1)

𝑗𝑗
. (B.1)

This is known as the Cramer-Rao lower bound (CRLB).
Assuming zero-mean Gaussian noise on 𝑚 in (1), one can
obtain the following Fisher information matrix for ADC
imaging [23]:

F =
1

𝜎
𝐺

[
[
[
[
[

[

𝑁

∑

𝑖=1

exp (−2𝑏
𝑖
𝐷) −

𝑁

∑

𝑖=1

𝑏
𝑖
𝑆
0
exp (−2𝑏

𝑖
𝐷)

−

𝑁

∑

𝑖=1

𝑏
𝑖
𝑆
0
exp (−2𝑏

𝑖
𝐷)

𝑁

∑

𝑖=1

𝑏
2

𝑖
𝑆
2

0
exp (−2𝑏

𝑖
𝐷)

]
]
]
]
]

]

. (B.2)

In the derivation above x = [𝑆0 𝐷]. The GCRLB experiment
design entails minimizing the CRLB of 𝐷, (F−1)

22
, with

respect to 𝑏
𝑖
s for a given value/range of 𝐷. The reader is

referred to [23] for more details.
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The analysis and interpretation of high-resolution computed tomography (HRCT) images of the chest in the presence of interstitial
lung disease (ILD) is a time-consuming task which requires experience. In this paper, a computer-aided diagnosis (CAD) scheme is
proposed to assist radiologists in the differentiation of lung patterns associated with ILD and healthy lung parenchyma. Regions of
interest were described by a set of texture attributes extracted using differential lacunarity (DLac) and classical methods of statistical
texture analysis. The proposed strategy to compute DLac allowed a multiscale texture analysis, while maintaining sensitivity to
small details. Support Vector Machines were employed to distinguish between lung patterns. Training and model selection were
performed over a stratified 10-fold cross-validation (CV). Dimensional reduction was made based on stepwise regression (𝐹-test, 𝑝
value < 0.01) during CV. An accuracy of 95.8 ± 2.2% in the differentiation of normal lung pattern from ILD patterns and an overall
accuracy of 94.5± 2.1% in amulticlass scenario revealed the potential of the proposed CAD in clinical practice. Experimental results
showed that the performance of the CAD was improved by combining multiscale DLac with classical statistical texture analysis.

1. Introduction

Interstitial lung disease (ILD) is a common name for a
heterogeneous group of complex disorders affecting lung
parenchyma. The ILD affects similar lung regions and has
identical clinical, radiological, and functional tests which
hinder the differential diagnosis. However, ILD subtypes have
different prognoses and treatments, so a correct diagnosis is
essential [1]. High-resolution computed tomography (HRCT)
imaging of the chest can offer such good image quality that it
has become essential in the detection, diagnosis, and follow-
up of ILD [2]. HRCT images of patients affected with ILD
have specific patterns whose distribution and visual content
analysis is particularly relevant in elaborating an accurate
diagnosis [3].

Multidetector row computed tomography (CT) scanners
generate a huge volume of data that must be visually
examined by radiologists. This task is very time-consuming

and requires experience, especially in the presence of ILD.
Computer-aided diagnosis (CAD) for ILD is seen as a
necessary tool to reduce interobserver and intraobserver vari-
ations, as well as to improve diagnostic accuracy by assisting
radiologists in the detection, characterization, and quantifi-
cation of pathological regions [3–13].

In this paper, a CAD scheme is presented allowing for
a classification of regions of interest (ROIs), from HRTC
images, in four classes of lung patterns: normal (NOR),
ground glass (GG), honeycombing (HC), and emphysema
(EMP). A scenario of binary differentiation, NOR class versus
pathological class, is also considered. A generic flowchart
of the proposed approach is shown in Figure 1. Classical
statistical methods were used to extract and quantify texture
information. The first-order (FO) analysis, the Spatial Gray
Level Dependence Method (SGLDM), and the Gray Level
Run-Length Method (GLRLM) allowed the estimate of
statistical properties of individual pixel values and of the
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Figure 1: The proposed CAD scheme.

spatial interaction between two or more pixel values. These
methods have frequently been used in texture analysis of
medical images, namely, in the description of ILD patterns
[4, 8–13]. Given the heterogeneity of lung parenchyma in
healthy subjects or in the presence of pathologies, amultiscale
texture analysis was proposed using differential lacunarity
(DLac). Lacunarity has been successfully used in analyzing
medical images of different organs or structures, acquired
by different types of equipment. In [14, 15], fractal lacu-
narity analysis was applied to lumbar vertebra magnetic
resonance images in order to extract relevant parameters,
allowing for differentiation among three types of trabecular
bone structure, from female subjects with different age and
physiopathological status. In [16], lacunarity was combined
with mean fractal dimension to differentiate between aggres-
sive and nonaggressive malignant lung tumors, in sequence
of contrast-enhanced CT images. An 83.3% accuracy can
be valuable information in the choice of the appropriate
treatment procedure. In [17], lacunarity analysis was applied
for discriminating endoscopic images, obtained through a
wireless capsule endoscopy technique, related to a common
interstitial disease: ulceration. A promising classification
accuracy of over 97% was obtained. In [18], lacunarity was
applied to HRCT images of the chest to differentiate between
normal and emphysematous regions of lung parenchyma.
The preliminary results showed the potential of the proposed
lacunarity features.

After a feature selection procedure, the obtained features
were used to classify each ROI through a Support Vector
Machines (SVM) algorithm. This learning algorithm has
its origin in statistical learning theory and structural risk
minimization [19, 20]. It emerged as an efficient technique
for solving classification problems. A comparative study

between SVM and other popular classifiers was performed
by Meyer et al. [21]. The results highlight that SVM classifiers
are among the best. In [5], five common classifiers were
compared according to their ability to differentiate six lung
tissue patterns inHRCT images.The results showed that SVM
provides the best trade-off between the error rate and the
capacity for generalization, an important aspect to take into
consideration given the diversity of pulmonary patterns.

2. Materials and Methods

2.1. Texture Analysis. Texture is a major component in the
interpretation of HRTC images in the presence of ILD. The
most difficult aspect of texture analysis is to define a set
of meaningful features that describe the texture associated
with different lung patterns. Each ROI of 𝑀 × 𝑁 pixels was
represented by a set of𝑚 features extracted using themethods
described in the sections below.

2.1.1. First-Order Statistics Analysis. The CT attenuation of
each ROI was described through FO statistical features
extracted from ROI normalized histogram. Considering that
𝐿 is the number of gray levels used in ROI quantization, the
normalized histogram ℎ(𝑧

𝑖
), 0 ≤ 𝑖 < 𝐿, gives the probability

of observing the gray level 𝑧
𝑖
in the ROI. From ℎ(𝑧

𝑖
),

six statistics features were computed: the mean, variance,
skewness, kurtosis, energy, and entropy [22].

2.1.2. Spatial Gray Level Dependence Method. Themethod of
texture analysis proposed by Haralick et al. [23] describes
the spatial dependence of gray level distribution between
neighboring pixels. In the SGLDM, the second-order joint
conditional probability distribution 𝑝(𝑖, 𝑗 | 𝑑𝑥, 𝑑𝑦) can be
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estimated for a defined length and along a defined direc-
tion given by offsets in 𝑥 and 𝑦 direction: 𝑑𝑥 and 𝑑𝑦. So,
𝑝(𝑖, 𝑗 | 𝑑𝑥, 𝑑𝑦) is the probability that two pixels at a distance
given by (𝑑𝑥, 𝑑𝑦) have the gray levels 𝑖 and 𝑗. The function
𝑝(𝑖, 𝑗 | 𝑑𝑥, 𝑑𝑦) is defined as follows:

𝑝 (𝑖, 𝑗 | 𝑑𝑥, 𝑑𝑦)

=

∑
𝑀

𝑘=1
∑
𝑁

𝑞=1
𝛿 (𝑖,ROI (𝑘, 𝑞)) ⋅ 𝛿 (𝑗,ROI (𝑘 + 𝑑𝑥, 𝑞 + 𝑑𝑦))

𝑇 (𝑑𝑥, 𝑑𝑦)
,

where 𝛿 (𝑖, 𝑗) =

{

{

{

1 if 𝑖 = 𝑗

0 if 𝑖 ̸= 𝑗.

(1)

ROI(𝑘, 𝑞) is the intensity at pixel (𝑘, 𝑞) and 𝑇(𝑑𝑥, 𝑑𝑦) is the
total number of pixels pairs belonging to theROI in the length
and direction given by (𝑑𝑥, 𝑑𝑦).The functions 𝑝(𝑖, 𝑗 | 𝑑𝑥, 𝑑𝑦)

can be written in matrix form Ω(𝑑𝑥, 𝑑𝑦) = 𝑝(𝑖, 𝑗 | 𝑑𝑥, 𝑑𝑦),
0 ≤ 𝑖, 𝑗 < 𝐿, where 𝐿 is the maximum gray level of the ROI.
For each pair (𝑑𝑥, 𝑑𝑦), a different matrix Ω(𝑑𝑥, 𝑑𝑦) can be
computed. Often, each matrix Ω(𝑑𝑥, 𝑑𝑦) is calculated taking
into account a given offset and its opposite, giving rise to
symmetrical matrices. In this study, from each matrix, six
textural measures were extracted: angular second moment,
entropy, inverse difference moment, correlation, contrast,
and variance [23, 24].

2.1.3. Gray Level Run-Length Method. Run-length primitives
were computed by the GLRLM [25]. A run-length primitive
is a consecutive and collinear set of pixels with the same gray
level. These primitives can be characterized by their length,
direction, and gray level. Each chosen direction gives rise
to a run-length matrix Ψ(𝜃) whose elements represent the
number of runs with gray level intensity 𝑎 and length 𝑟, along
the direction 𝜃:

Ψ (𝜃) = 𝑀 (𝑎, 𝑟 | 𝜃) , 0 ≤ 𝑎 < 𝐿, 0 < 𝑟 ≤ 𝑁
𝑟
, (2)

where 𝐿 is the number of gray levels and 𝑁
𝑟
is the possible

maximum run-length in ROI along 𝜃 direction. From each
run-lengthmatrixΨ(𝜃), eleven featureswere extracted, listed,
and described in [24–27].

2.1.4. Lacunarity Analysis. Most of the textures and natural
surfaces tend to have a fractal dimension (FD) that can be
seen as a measure of irregularity [28]. However, different
textures and natural surfaces can share identical FD. In order
to differentiate these types of fractal patterns, Mandelbrot
[29] proposed lacunarity, a complementary measure of FD
that describes the texture of a fractal or their deviation from
translational invariance [30]. More recent studies introduced
lacunarity analysis as a technique that can be used to describe
general spatial patterns, regardless of whether it is a fractal
[31]. By using lacunarity, it is possible to distinguish the
texture of spatial patterns through the analysis of their
distribution gap sizes, at different scales.

Due to the extensive range of gray levels used in CT
images acquisition, an appropriate algorithm to calculate
lacunarity is that proposed in [32], called DLac. It is based
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Figure 2: Differential box counting algorithm. Amoving window of
9 × 9 pixels and a gliding box of 3 × 3 pixels are used to compute the
box mass. A column of 3 cubic boxes is generated. The differential
height of the column is 𝑛 (1, 1) = 3 − 1 − 1 = 1.

on the gliding box [33] and the differential box counting
algorithms [34].

According to DLac algorithm, the ROI is divided into
overlapped windows of size 𝑤 × 𝑤 pixels, which scans the
entire ROI, and a box of size 𝑟 × 𝑟 pixels, which scans each
window (𝑟 < 𝑤). The box is placed on the left corner of the
window𝑤 and a column of accumulated cubes of size 𝑟×𝑟×𝑟

is used to cover the ROI intensity surface in the box place
(Figure 2). A sequential number is assigned to each cubic box,
frombottom to top. Considering that themaximumandmin-
imum pixel values lie in the cubic box V and 𝑢, respectively,
the differential height of the column is given by 𝑛(𝑖, 𝑗) =

V−𝑢−1, where (𝑖, 𝑗) is the box position.The boxmass𝑀 of the
window𝑤, at specific coordinates, is obtained gliding the box
inside the entire window 𝑤:

𝑀 = ∑

𝑖,𝑗

𝑛 (𝑖, 𝑗) . (3)

Considering 𝑛(𝑀, 𝑟), the number of windows𝑤with box
mass𝑀 calculated through a box 𝑟, the respective probability
function 𝑄(𝑀, 𝑟) is obtained by dividing 𝑛(𝑀, 𝑟) by the total
number of windows. The DLac of the ROI for a box 𝑟, given
a window 𝑤, is defined as follows:

Λ (𝑟) =
∑
𝑀

𝑀
2
𝑄 (𝑀, 𝑟)

[∑
𝑀

𝑀𝑄(𝑀, 𝑟)]
2
. (4)

2.2. Feature Selection. After performing feature extraction,
it is important to proceed with the selection of the most
informative features. The resulting set of optimal features
improves the classifier performance, while providing a reduc-
tion of the general data, as well as a better understanding
of the data. The feature selection methods can be divided
into two main groups: the filter methods and the wrapper
methods. In the filter methods, the features are ordered based
on a relevance index. In the wrapper methods, the process
of feature selection involves the predictor. In these methods,
subsets of features are scored during the learning machine
training according to their predictive power [35].
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In this work, the reduction of dimensionality was per-
formed using the filter method stepwise regression [36]. In
this systematic method, terms are added or removed from
the multilinear model based on their statistically significant
𝑝 value of 𝐹-statistics. The method begins with an initial
model to which terms that have𝑝 values less than an entrance
tolerance are added, step by step, and the model terms with
𝑝 values greater than an exit tolerance are removed from the
model.

2.3. SupportVectorMachines. Thereducednumber of param-
eters that need to be tuned as well as the good trade-off
between the error rate and the capability of generalization
of SVM classifier algorithm was decisive for its choice in the
classification of lung patterns [5, 21].

The SVMstrategy, known as the kernel trick, is tomap the
input data space into a higher dimension feature space, via a
nonlinear function kernel B : R𝑚 → I, where separability
between classes is improved. The distance between the near-
est points of the two classes (margin) is maximized, creating
an optimal separating hyperplane (OSH).

Considering the training data {x
𝑖
, 𝑦
𝑖
}, 𝑖 = 1, . . . , 𝑙, x

𝑖
∈

R𝑚, 𝑦
𝑖

∈ {+1, −1}, each instance x
𝑖
is characterized by a

vector of 𝑚 features (or attributes) and is associated with a
class +1 or−1.The SVMmachine learning solves the following
quadratic optimization problem:

min
𝑤,𝑏,𝜉

1

2
‖w‖
2
+ 𝐶

𝑙

∑

𝑖=1

𝜉
𝑖

subject to 𝑦
𝑖
(w ⋅B (x

𝑖
) + 𝑏) ≥ 1 − 𝜉

𝑖

𝜉
𝑖
≥ 0, 𝑖 = 1, . . . , 𝑙,

(5)

where w is a normal vector to OSH and 𝑏 is the bias. In hard
margin SVM all the examples have to stay outside the margin
and be well classified. However, in real datasets, it is necessary
to deal with outliers that can be inside the margin or on
the wrong side of the classification boundary. The solution
proposed in [37], as the soft margin SVM, is to introduce
constraint slack variables 𝜉

𝑖
in the optimization problem.

Ideally, these variables should be zero or have small values. So,
to minimize the contribution of the slack variables, a penalty
term 𝐶 is added to the objective function (5). This parameter
is a trade-off between the maximization of the margin and
the minimization of training errors. For a test example x, the
decision function is given by

𝑓 (x) = sgn (w ⋅B (x) + 𝑏) . (6)

There are several functions kernels𝐾(x, x
𝑖
) = Φ(x) ⋅Φ(x

𝑖
)

which can be selected to solve nonlinear problems. In this
work, the Gaussian Radial Basis Function (RBF) was used:
𝐾(x, y) = exp(−‖x − y‖2)/(2𝜎2). This function only has one
parameter (𝜎) that has to be tuned during the classifier train-
ing and model selection.

As the standard SVM is a binary classifier, several meth-
ods were developed to extend SVM to an 𝑛-class problem.
Typically, thesemethods are based on combinations of binary
classifiers such as one-versus-all and one-versus-one. In the

one-versus-all approach, 𝑛 binary classifiers are trained. For
example, the model of the 𝑛th classifier is trained using
the training instances of the 𝑛-class as positive and all the
instances of the other classes as negative. To classify a new
instance, all the 𝑛 classifiers are run on this instance. The
assigned class corresponds to the classifier which returns the
largest distance from the separating hyperplane. In the one-
versus-one approach 𝑛(𝑛−1)/2 classifiers are trained in a pair-
wise methodology, where each takes one class as positive and
the other class as negative. To classify a new example, each
classifier is run and a count is assigned to each class selected
by the classifier.The new instance is classified as belonging to
the class which obtains the greatest number of wins, such as
in a winner-takes-all voting scheme [38].

2.4. Dataset. The dataset D used in this work was acquired
in Radiology Department of Coimbra Hospital and Univer-
sitary Centre, Coimbra, Portugal. It contains examples of rep-
resentative regions associated with GG, HC, EMP, and NOR
lung patterns, obtained from the daily practice of the hos-
pital. The examples were acquired from subjects that agreed
with the use of their images for research purposes by awritten
consent.

A user friendly software was developed to visualize CT
exams, to outline freehand ROIs (FH-ROIs), and to label and
to characterize each FH-ROI [39].HRCT scanswere acquired
using multidetector row CT LightSpeed VCT 64, from Gen-
eral Electric Healthcare, with an average voxel size of 0.7 ×

0.7 × 1.3mm3, without contrast agent. Each image was stored
in a matrix of 512 × 512 pixels, with 16-bit gray level, using
DICOM standard. Each image was displayed using a lung
window with a centre in −700 Hounsfield Units (HU) and a
width of 1500HU. FromCT images of 57 subjects (#29 female;
#28 male) with an average age of 61 ± 16 years, radiologists
outlined FH-ROIs from patients in different stages of disease.

The area and shape of each FH-ROI depend on the size
and localization of the lung patterns. No more than one FH-
ROI was selected from each side of the lungs.The lung region
of each FH-ROI was sampled and covered with contiguous,
nonoverlapping ROIs of 40 × 40 pixels [24]. Each FH-ROI
was sequentially numbered and each ROI holds the reference
of the FH-ROI from where it was extracted. For example,
the FH-ROIxSy corresponds to ROI y extracted from FH-
ROI x. Only the ROIs one hundred percent inside the FH-
ROI boundary were considered in the train and test of the
classifier; all the other ROIs were discarded. For example, in
Figure 3 only the ROIs 8, 13, 14, and 18 respect the constraint.
Table 1 resumes the dataset used to train and evaluate the
proposed CAD system.

2.5.Model Selection and Performance Evaluation. Thedataset
D (#1261 ROIs) was divided into a training set and a testing
set in a proportion of 2/3–1/3, respectively. The samples were
randomly selected using a holdout strategywith stratification,
which ensures mutually exclusive partitions where the class
proportions are roughly the same as those in the original
dataset D [40]. The holdout procedure was based on FH-
ROIs in order to ensure that ROIs extracted from the same
FH-ROI are placed on only one of the sets, train or test.
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Table 1: Dataset used to train and evaluate the CAD system.

Class Normal Ground glass Honeycombing Emphysema

Visual aspect

# of patients 16 20 7 14
# of freehand ROIs 87 166 72 92
# of ROIs 253 396 217 395

1 2 3 4 5

6 7 8 9 10

11 12 13 14 15

16 17 18 19 20

21 22 23 24 25

Figure 3: Example of FH-ROI and the grid that allows the
extraction of ROIs. Only ROIs of one hundred percent inside FH-
ROI boundary were kept.

During SVM training, a search was carried out to find
optimal parameters to create the classifier model. In the
case of the selected RBF kernel function, the parameters
that have to be tuned were 𝜎 and 𝐶, the regularization
parameter that corresponds to a penalty over the training
errors.The search for the optimal parameters was done using
a grid search methodology in the hyperparameter space.
So, for every point of the hyperparameter space, a 𝑘-fold
stratified cross-validation (CV) was performed, with 𝑘 = 10

[40, 41]. The train set was randomly split into 𝑘 mutually
exclusive folds 𝐹

1
, 𝐹
2
, . . . , 𝐹

𝑘
, with approximately the same

proportion of each class as inD. During CV, the classifier was
trained and tested 𝑘 times. In each iteration, it was trained
on 𝑘 − 1 folds and tested in the remaining fold 𝐹

𝑡
, with

𝑡 ∈ {1, 2, . . . , 𝑘}. The average of the 𝑘-fold accuracy corre-
sponds to CV accuracy. To avoid the model overfitting, the
feature selection procedure was included in CV loop [35].
The parameters and features that allow the best CV accuracy
were selected and a fine grid search was carried out around
the selected parameters, for refinement. The final classifier
modelwas built using all the training set, the selected features,
and the optimal parameters previously found. The obtained
model was evaluated in the test set, which was not used
during classifier training.

Table 2: Generic contingency table for 𝑛-class scenario.

Actual Predicted
Class 1 ⋅ ⋅ ⋅ Class 𝑛

Class 1 𝑎
11

⋅ ⋅ ⋅ 𝑎
1𝑛

.

.

.
.
.
. d

.

.

.

Class 𝑛 𝑎
𝑛1

⋅ ⋅ ⋅ 𝑎
𝑛𝑛

The performance evaluation of the classifier was per-
formed based on a contingency table, as exemplified in
Table 2 for 𝑛-class. Each matrix element has two indices; the
first one corresponds to actual disease, while the second one
corresponds to predicted disease. The elements of the main
diagonal have equal indices representing correct classifica-
tions. All the other elements of the matrix correspond to
incorrect classifications. For example, 𝑎

31
means that a patient

with disease 3wasmisclassified as having disease 1. In the case
of a binary classification, there are only normal and patholog-
ical classes, in a one-versus-all configuration.

After classification, the contingency table was filled with
the obtained results. From these values, it is possible to
compute a set of metrics allowing for the evaluation of the
classifier performance. A common performance evaluation is
overall accuracy, which measures the proportion of correctly
classified instances for all the classes. Sensitivity of class 𝑖

measures the fraction of actual positive instances of that class
that are correctly classified, while precision measures the
correctness of the predictions for class 𝑖. Specificity of class
𝑖 measures the fraction of actual negative instances of class 𝑖
that are correctly classified. These metrics can be computed
by the following expressions [42]:

Sensitivity (𝑖) =
𝑎
𝑖𝑖

∑
𝑗
𝑎
𝑖𝑗

,

Precision (𝑖) =
𝑎
𝑖𝑖

∑
𝑗
𝑎
𝑗𝑖

,

Specificity (𝑖) =
1 − ∑

𝑗
𝑎
𝑖𝑗
− ∑
𝑗 ̸=𝑖

𝑎
𝑗𝑖

1 − ∑
𝑗
𝑎
𝑖𝑗

,

Overall Accuracy =

∑
𝑖=𝑗

𝑎
𝑖𝑗

∑
𝑖
∑
𝑗
𝑎
𝑖𝑗

.

(7)
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2.6. Feature Settings. Each ROIwas characterized by a feature
vector extracted using FO, SGLDM, GLRLM, and DLac.

The ROIs were quantized to 32 gray levels before the
extraction of FO, SGLDM, and GLRLM features. The mini-
mum and maximum HU values were calculated for all ROIs
ofD and each ROI was quantized according to this range. In
SGLDM and GLRLM, the directions 𝜃 = {0

∘
, 45
∘
, 90
∘
, 135
∘
}

were considered. In GLDM, the distance between neighbor-
ing pixels was 𝑑 = 1, in the four directions.

A multiscale approach was required due to the high
variability of the appearance of lung patterns, even for the
same pattern.The selected approach to calculate DLac allows
a texture analysis at different scales by changing the value of
𝑤, for a box size 𝑟. The size of the window 𝑤 determines the
coarseness of the scale.The size of 𝑟 should be relatively small
in order to maintain sensitivity to small details present in
the neighboring areas. Equation (8) illustrates the proposed
approach to extract DLac features:

Λ (𝑤, 𝑟) =
∑
𝑀

𝑀
2
𝑄 (𝑀, 𝑟, 𝑤)

[∑
𝑀

𝑀𝑄(𝑀, 𝑟, 𝑤)]
2
. (8)

DLac was computed for every box-window combination,
subject to the condition 𝑟 < 𝑤, in order to evaluate the DLac
features that better differentiate the lung patterns. A DLac
curve Λ(𝑤, 𝑟 = const) can be obtained by keeping the size
of the gliding box 𝑟 constant and by changing the size of the
window𝑤. To assure a common referential, DLac values were
normalized in relation to the DLac value corresponding to
the smallest window 𝑤: Λ(𝑤min, 𝑟 = const) [43]. In order to
take advantage of the extensive scale used in CT images, the
curves of normalized DLac were computed using Hounsfield
scale [−1000UH; +1000UH].

3. Results and Discussion

Two scenarios were considered in order to evaluate the
potential of the proposed CAD and the importance of DLac
features in the CAD performance improvement. In the first
approach, the differentiation between normal and ILD pat-
terns was considered.The next step was the differentiation of
the four classes. In both cases, the feature vector was obtained
using two different sets. Set 1 includes the features from
FO + SGLDM + GLRLM. Set 2 also englobes DLac features.

The DLac features were extracted from DLac normalized
curves. Various experiments have been conducted computing
DLac curves for every box-window size for 𝑟 = [2–34] pixels
and 𝑤 = [3–35] pixels. The ability to differentiate the four
classes was evaluated.The best results were obtained for DLac
normalized curves for 𝑟 = 4 pixels and 𝑤 = [5–35] pixels.

Figure 4 shows the average of normalized DLac curves
for patterns of all the dataset D. The results show that the
DLac normalized curves are able to distinguish between lung
patterns, being suitable to extract informative features.

The multiclass classification was performed using one-
versus-one implementation [44]. In the case of the RBF
kernel function, the parameters optimization was performed
for the pair (𝐶, 𝜎). First, the parameters were evaluated
using a coarse grid for 𝐶 = 2
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Figure 4: Averaged normalized DLac curves obtained for 𝑟 = 4

pixels and 𝑤 = [5–35] pixels.

45

45

50

50
50 50

55

55

55 55

60

60

60 60

65

65 65 65

70

70 70 70

75

75 75 75

80

80

80
80 80

85

85

85 85 85

90

90

90 90 90

95 95 95 95

95

95

95

95

−2

−1

0

1

2

3

4

5

6

7

−5 5 10 150

lo
g(
𝜎

)

log(C)

Figure 5: Example of 10-fold CV accuracy (%) obtained along the
hyperparameter space for finding optimal parameters (𝐶, 𝜎). Results
were obtained using Set 1, for the binary classification scenario.

𝜎 = 2
−2
, 2
−1.5

, . . . , 2
7. Figure 5 depicts a graphic of contours

of CV accuracy, obtained over a 10-fold CV using features
of Set 1, for the binary classification scenario. A heuristic
analysis of these curves provides a clear understanding of
the influence of the parameters in the classifier performance,
as well as clues to reduce search space. The results showed
the importance of fine tuning the SVM parameters during
the classifier training phase to achieve an optimized model.
After some experiments, the search grid was reduced to
𝐶 = 2

3
, 2
3.5

, . . . , 2
13 and 𝜎 = 2

−2
, 2
−1.5

, . . . , 2
1. For every

coordinate of the hyperparameter space, a 𝑘-fold CV was
performed, with 𝑘 = 10. In each of the 𝑘 iterations feature
selection was performed (𝐹-test, 𝑝 value < 0.01) in the 𝑘 − 1

training folds. If the coordinates (2𝑐, 2𝜎) generate the best CV
accuracy, a finer search was performed around these values
with a step of 0.25 upward and downward.

After the classifier training, the selectedmodel was evalu-
ated in the testing set.The training and testing of the classifier
were repeated over fifty iterations. So, the training and eval-
uation of the classifier were performed in fifty different sets.
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Table 3: Mean (SD) accuracy, sensitivity, precision, and specificity
using Set 1 and Set 2, for the binary classification (normal versus
pathologic). Values in percentage, obtained for 50 iterations.

Set 1 Set 2
Accuracy 94.4 (2.0) 95.8 (2.2)
Sensitivity 96.7 (1.2) 97.9 (1.1)
Precision 96.0 (2.1) 96.9 (2.1)
Specificity 84.8 (8.6) 88.1 (8.0)

Table 4: Mean (SD) of class-specific sensitivity, precision, and
specificity using Set 1, for the multiclass classification. Values in
percentage, obtained for 50 iterations.

Classes
NOR GG HC EMP

Sensitivity 87.2 (4.6) 92.5 (2.4) 89.4 (4.6) 96.9 (1.7)
Precision 89.6 (3.8) 84.7 (4.5) 93.5 (2.6) 99.8 (0.5)
Specificity 97.3 (1.1) 93.4 (2.3) 98.6 (4.6) 99.9 (0.2)

The presented metrics are the average of the results obtained
over all the iterations.

In the binary classification scenario, the ROIs with nor-
mal pattern (#253) were considered as negative instances
and the other ones as positive instances (#1008). In Table 3,
the mean and standard deviation (SD) of overall accuracy,
sensitivity, precision, and specificity are shown.The classifier
performance obtained using features of Set 1 was 94.4 ± 2.0%
for accuracy, 96.7 ± 1.2% for sensitivity, 96.0 ± 2.1% for
precision, and 84.8 ± 8.6% for specificity. Using Set 2, the
results increased to 95.8 ± 2.2% for accuracy, 97.9 ± 1.1%
for sensitivity, 96.9 ± 2.1% for precision, and 88.1 ± 8.0%
for specificity. High sensitivity and small SD values showed
that the proposed CAD has the ability to signal the presence
of abnormal patterns using both sets of features; that is, the
number of false negatives is low. The integration of DLac
features has primarily increased the specificity value, 3.3%
on average, reducing the number of false positives. However,
the SD value remains high (8.0). The correct classification of
NOR class instances is not easy due the high variability of
healthy lung tissue.

The classifier performance in the multiclass scenario was
also improved using Set 2 (Tables 4 and 5). The overall
accuracy increased from 91.9±1.9% to 94.5±2.1%.Moreover,
the class-specific metrics for NOR, GG, and HC improved
in a higher or lower percentage. For class EMP sensitivity
slightly increased from 96.9% to 97.3%, the precision and the
specificity maintained excellent values of 99.9%. Sensitivity
of NOR class was the metric that most improved with a
mean increase of about 5.3%, changing from 87.2% to 92.5%.
In the case of NOR class these results mean that class-
specific false negatives decreased; that is, the number of
instances of NOR class that were categorized as pathological
instances is smaller. In a clinical environment, this means
that fewer patients are subjected to the stress of unnecessary
additional medical exams. NOR class-specific precision and
specificity improved from 89.6% to 92.3% and from 97.3% to
97.9%, respectively. These results mean that the number of

Table 5: Mean (SD) of class-specific sensitivity, precision, and
specificity using Set 2, for the multiclass classification. Values in
percentage, obtained for 50 iterations.

Classes
NOR GG HC EMP

Sensitivity 92.5 (3.8) 96.7 (3.0) 92.3 (4.0) 97.3 (1.8)
Precision 92.3 (3.4) 88.9 (3.9) 97.5 (2.5) 99.9 (0.3)
Specificity 97.9 (1.1) 95.2 (1.8) 99.5 (4.0) 99.9 (0.1)

NOR classified as GG GG classified as NOR

Figure 6: Examples of misclassified ROIs between GG and NOR
classes.

false positives for NOR class, that is, pathological instances
classified as normal, decreased with Set 2. This type of
misclassification has a serious meaning; that is, the CAD
system does not signal the presence of a pathological pattern.
The number of false negatives and false positives of GG
and HC classes also decreased with the presence of DLac
features increasing the correct classification of GG and HC
instances. SD decreases in all metrics and classes, except for
sensitivity of EMP class. So, the DLac features also improved
the classifier stability.

The highest percentage of misclassified examples
occurred among NOR and GG classes. Almost fifty percent
(47.8%) of all the classification errors were due to incorrect
classifications between these two classes. Figure 6 illustrates
some random examples of normal ROIs that were classified
as GG, on left column, and examples of ROIs withGGpattern
that were classified as NOR, on right column. Although GG
opacities are characterized by areas of increased attenuation,
sometimes they are not dense enough to “hide” the broncho-
vascular markings, especially in the initial phases of ILD dis-
eases, associated with the presence of GG patterns.

4. Conclusions

A CAD scheme applied to HRCT images of the chest was
proposed for the classification of healthy lung regions and
with the presence of ILD. A texture analysis was performed
to describe the lung patterns in study. Texture information
of each ROI was represented by features extracted using a
multiscale DLac approach combined with features obtained
by classical statistical texture analysis methods. Feature selec-
tion and SVM trainingwas performed over a 10-fold stratified
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CV. The performance evaluation of the classifier model was
assessed using an independent test set.

Experimental results showed that DLac features improve
the performance of the proposed CAD system in both sug-
gested scenarios: normal versus pathological and multiclass.
In this case, the number of false negatives and false positives
of NOR class decreased, as well as the misclassification
between instances of pathological classes. Differentiating
the normal pattern from pathological patterns, the classifier
accuracy improved with an average of 1.4% when DLac
features were considered, resulting in a correct classification
of 95.8 ± 2.2% of all instances. In the multiclass scenario the
overall accuracy was improved from 91.9 ± 1.9% to 94.5 ±

2.1% due to the presence of DLac features. The performance
of the proposed CAD highlights the good discriminatory
properties of extracted DLac features, making it suitable to
integrate clinical applications for the classification of patterns
associated with ILD.
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1Dipartimento di Ingegneria, Università di Napoli Parthenope, Centro Direzionale di Napoli, Isola C4, 80143 Napoli, Italy
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Brain tissue segmentation in Magnetic Resonance Imaging is useful for a wide range of applications. Classical approaches exploit
the gray levels image and implement criteria for differentiating regions. Within this paper a novel approach for brain tissue joint
segmentation and classification is presented. Starting from the estimation of proton density and relaxation times, we propose a
novel method for identifying the optimal decision regions. The approach exploits the statistical distribution of the involved signals
in the complex domain. The technique, compared to classical threshold based ones, is able to globally improve the classification
rate. The effectiveness of the approach is evaluated on both simulated and real datasets.

1. Introduction

InMagnetic Resonance Imaging (MRI) field, tissues segmen-
tation can be helpful in several applications, such as image-
guided interventions, surgical planning, and radiotherapy,
but also in 2D/3D visualization, studying brain diseases, or
clinical drug trials [1–3]. The aim of segmentation consists
in identifying the different regions across the imaged slice. A
step ahead is the classification which assigns each region to a
class; that is, it identifies the involved tissues.

In this paper we restrict the analysis to MR images
of brain. In this case, segmentation is a fundamental tool
in quantification of white matter lesions in case of drug
treatment assessment or in the study of temporal evolution
of many disorders, such as multiple sclerosis, schizophrenia,
epilepsy, orAlzheimer’s disease. In particular, segmentation is
able to provide the volumetric analysis of gray matter, white
matter, and cerebrospinal fluid and to allow the morphologi-
cal differences characterization between subjects.

Few decades ago, the manual delineation of MR images
by a human expert was the main tool for segmenting tis-
sues. Unfortunately, this approach is characterized by sev-
eral disadvantages: the accurate delineation of complex 3D
anatomical structures was very complex, results had a con-
siderable inter- and intrarater variability, and it was very time

consuming [4]. So in last decades big efforts for achieving
effective automated procedures have been done [5].

Automatic segmentation techniques belong to two main
categories: structural and statistical [6]. The former one is
based on the recognition of anatomical shapes across the
image, while the latter takes into account the statistical distri-
bution of the acquired data. Among these two categories, the
most used approaches are classification-based segmentation,
region-based segmentation, and contour-based segmenta-
tion. Within this paper, we focus on classification-based
approaches, that is, jointly segment and classify tissues across
the imaged slice. In this kind of approach, voxels are classified
and labeled as belonging to a particular tissue class according
to a certain criterion. The simplest method is based on the
application of a threshold. While this is a trivial operation,
the determination of the proper thresholding value has to
be carefully done. Thresholds are applied to a metric, which
generally is the Euclidean distance of pixel gray level values.
Basic approaches consider the Gaussian mixture model of
tissues signal intensities, that is, a one-dimensional problem.
If a proper postprocessing is not implemented, such approach
produces poor results in case of low Signal to Noise Ratio
(SNR) and tissues with similar signal intensities. Moreover,
several artifacts could affect the images, such as the intensity
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inhomogeneity that makes the ranges of the intensities in the
regions to segment overlapped [7].

Within this paper we propose a brain joint segmentation
and classification algorithm based on proton density (𝜌) and
relaxation times (𝑇

1
and𝑇
2
), instead of the acquired gray level

image. The idea of exploiting relaxation times for improving
segmentation performances is not new, as methods based on
single ormultipleweighted images have been presented [4, 8].
The main limit of these approaches consists in computing
the segmentation in amonodimensional space and eventually
joining the results as a postprocessing step. What we propose
is a segmentation in a 3D space, jointly based on 𝜌, 𝑇

1
, and 𝑇

2

maps and not on weighted images. The physical parameters
are first estimated from multiple acquired images and then
used for the segmentation. As each voxel is segmented by
considering three values (𝜌, 𝑇

1
, and 𝑇

2
) instead of one

(gray level), the approach works projecting each voxel in a
3D space (with coordinates 𝜌, 𝑇

1
, and 𝑇

2
) instead of a 1D

one (with the gray level value as coordinate), proposing a
new distance criterion, often referred to as metric. From a
geometrical point of view, the projection of image points
in a 3D space instead of a 1D line enlarges the distances
between classes, making the segmentation and classification
operations more accurate. In particular, the greater distances
due to the 3D space are expected to reduce the wrong
segmented points percentage. For the proposed approach,
the ideal thresholds of the segmentation regions, which
in this case are 3D curves, are automatically determined
starting from the joint statistical distribution of the 𝜌, 𝑇

1
,

and 𝑇
2
estimators. The proposed metric is expected to have

potentialities also in different frameworks, such as Magnetic
Resonance Fingerprinting, which is capable of estimating
proton density, 𝑇

1
and 𝑇

2
, in a single scan [9].

Results on a simulated dataset are used to assess and
quantitatively evaluate the proposed methodology. Results
on a real dataset are used to show the effectiveness of the
approach if compared with a standard distance based thresh-
old technique, its robustness to intensity inhomogeneity
fields, and its potentialities.

2. Methodology

Let us consider an MRI acquisition system using a Spin
Echo imaging sequence. The amplitude of the recorded
complex signal after image formation process, that is, after
the computation of the 2D Fourier Transform, is related to
the tissues parameters 𝜌, 𝑇

1
, and 𝑇

2
. By considering a single

pixel, that is, one voxel of the slice, its intensity can be written
as [10, 11]

𝑓 (𝜃) = 𝜌 exp(−
𝑇
𝐸

𝑇
2

)(1 − exp(−
𝑇
𝑅

𝑇
1

)) , (1)

where 𝑇
𝐸
and 𝑇

𝑅
are the echo and repetition time, respec-

tively, which are two imaging parameters that can be set
in the MRI scanner and 𝜃 = [𝜌 𝑇1 𝑇2]

𝑇 is the vector
containing the tissue parameters we are interested in. The
acquisition model reported in (1) is related to the noise-free

case. Considering noise, in the complex domain the model
becomes

𝑦 = 𝑦
𝑅
+ 𝑖𝑦
𝐼
= 𝑓 (𝜃) exp (𝑖𝜙) + (𝑛

𝑅
+ 𝑖𝑛
𝐼
) , (2)

where 𝑛
𝑅
and 𝑛
𝐼
are the real and imaginary parts of the noise

samples, which are distributed as independent circularly
Gaussian variables [12], and 𝜙 represents the angle of the
complex data [13, 14].

We can estimate 𝜃 by implementing an LS estimator [15,
16]:

�̂� = arg min
𝜃

𝑀

∑

𝑘=1

(𝑦
𝑘
− 𝑓 (𝜃) 𝑒

𝑖𝜙
) , (3)

where 𝑀 is the number of images acquired with different
𝑇
𝐸
/𝑇
𝑅
combinations.

As it is largely known from statistical estimation theory,
in case of Gaussian noise, the LS estimator corresponds to
the Maximum Likelihood (ML) one. So, if 𝑀 is sufficiently
large, the estimator becomes unbiased and optimal. This
allows us to infer the statistical distribution of the estimated
values 𝜌, 𝑇

1
, and 𝑇

2
. In particular, the estimators will be

Gaussian distributed with known means and variances. As
the estimators are unbiased the mean values 𝜇

𝜌
, 𝜇
𝑇
1

, and 𝜇
𝑇
2

are equal to the unknown parameters, while, since they are
optimal, the variances 𝜎2

𝜌
, 𝜎2
𝑇
1

, and 𝜎2
𝑇
2

coincide with Cramer
Rao Lower Bounds (CRLBs). Such bounds are related to the
acquisition model and to involved noise and represent the
lower achievable variance of any unbiased estimator, that is,
a quality metric. In the considered acquisition model, CRLBs
can be easily calculated numerically or analytically [17].

Thus, the statistical distributions of the random variables
𝜌, 𝑇
1
, and 𝑇

2
are

𝑓
𝜌
(𝜌) =

1

√2𝜋𝜎
2

𝜌

exp(−
(𝜌 − 𝜇

𝜌
)
2

2𝜎2
𝜌

) ,

𝑓
𝑇
1

(𝑡
1
) =

1

√2𝜋𝜎
2

𝑇
1

exp(−
(𝑡
1
− 𝜇
𝑇
1

)
2

2𝜎2
𝑇
1

) ,

𝑓
𝑇
2

(𝑡
2
) =

1

√2𝜋𝜎
2

𝑇
2

exp(−
(𝑡
2
− 𝜇
𝑇
2

)
2

2𝜎2
𝑇
2

) .

(4)

In case different tissues are imaged within the same slice, the
pdfs of each tissue have to be taken into account.

Starting from these distributions, the idea of the pre-
sented method consists in exploiting such pdfs, in order to
find the optimal decision regions in a 3D space for joint
segmentation and classification.

Within this framework, three different decision criteria
have been developed, which are presented in the following.

2.1. Weighted Distance Based Criterion (WDC). By consider-
ing 𝜌, 𝑇

1
, and 𝑇

2
estimators to be independent, we can derive

the joint pdf by factorizing the marginal pdfs reported in



BioMed Research International 3

40 50 60 70 80 90 100 110 120
1

1.5
2

2.5
3

3.5
4

4.5
5

5.5
6

Spin-spin relaxation time
Pr

ot
on

 d
en

sit
y

Figure 1: Estimated values projected on the (𝜌, 𝑇
2
) plane. 𝑇
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values are in [ms]. Correlation between 𝜌 and 𝑇

2
estimators is −0.8443.

(4). A detector aimed at the maximization of the likelihood
function has been implemented. This is equivalent to the
maximization of the joint pdf or to the minimization of the
negative exponential part:

arg min
𝑛

{

{

{

[𝜌 − 𝜇
𝜌
(𝑛)]
2

2𝜎2
𝜌
(𝑛)

+
[𝑡
1
− 𝜇
𝑇
1

(𝑛)]
2

2𝜎2
𝑇
1

(𝑛)

+
[𝑡
2
− 𝜇
𝑇
2

(𝑛)]
2

2𝜎2
𝑇
2

(𝑛)

}

}

}

,

(5)

where 𝜇
𝜌
(𝑛), 𝜇
𝑇
1

(𝑛), and 𝜇
𝑇
2

(𝑛) are the mean values of 𝜌, 𝑇
1
,

and 𝑇
2
estimators in case of the 𝑛th (𝑛 = 1, . . . , 𝑁) class,

while 𝜎
𝜌
(𝑛), 𝜎
𝑇
1

(𝑛), and 𝜎
𝑇
2

(𝑛) are their variances. In case of
brain segmentation, 𝑁 = 3 classes are commonly assumed:
white matter (WM), gray matter (GM), and cerebrospinal
fluid (CSF).

It can be noted that such criterion consists in assigning to
each pixel the class related to the closest segmentation region
centroid. This centroid is defined according to reference
proton density and relaxation times values of involved tissues,
which are reported in literature [18].Thedistance is computed
by considering as weights for 𝜌, 𝑇

1
, and 𝑇

2
differences the

inverse of variances of their estimators (i.e., 𝜎2
𝜌
, 𝜎2
𝑇
1

, and 𝜎2
𝑇
2

),
which ensures that reliable values have a higher weight. A
crucial point is the computation of weights: a good choice
could be the Cramer Rao Lower Bounds (CRLBs) [17].

Practically, WDC approach, by evaluating the minimum
distance class via (5), is equivalent to finding the class
assignment with the highest probability. However, in some
cases CRLBs are not the ideal choice because of external
sources of noise. Often acquired images suffer from intensity
inhomogeneity, which could be related to various factors,
such as spatial variations in illumination and imperfections
of imaging devices [7, 19, 20]. In the estimation of proton
density and relaxation times, only the first one is affected by
such problem, since 𝑇

1
and 𝑇

2
are related to a specific decay

and thus are independent of the presence of an intensity bias.
In this case, it is more effective to rely more on relaxation
times than on the proton density. This can be achieved by
applying a coefficient to 𝜎2

𝜌
. In other words, the segmentation

is conducted by considering the 𝜌 distance not as much

reliable as 𝑇
1
and 𝑇

2
. The weighting coefficient should be

manually applied only in case of evident bias.

2.2. Statistical Correlation Based Criterion (StCC). TheWDC
is based on the assumption of statistical independence among
the three estimators. Such hypothesis can be used in a
simplified model. In order to generalize the approach, the
mutual correlation among 𝜌, 𝑇

1
, and 𝑇

2
has to be taken

into account. To give an idea of such correlation, a Monte
Carlo simulation has been considered. In each cycle, proton
density and spin-spin relaxation time of a voxel are estimated.
In Figure 1, one blue point for each Monte Carlo cycle is
reported in a 2D Cartesian space. In particular, estimated
𝑇
2
is the horizontal axis coordinate, while estimated 𝜌 is the

vertical one. By looking at these projections of the estimators
in (𝜌, 𝑇

2
) plane, we can easily note that a nonminimal cor-

relation is present, as the cloud of points is not circular. The
exploitation of such correlation leads to statistical correlation
based criterion (StCC). In this case the covariance matrix Σ
of multivariate Gaussian statistical distribution will be fully
populated, leading to the following decision criterion:

arg min
𝑛

[x̂ − 𝜇 (𝑛)]𝑇 Σ [x̂ − 𝜇 (𝑛)] (6)

with

x̂ =
[
[
[

[

𝜌

𝑇
1

𝑇
2

]
]
]

]

,

𝜇 (𝑛) =
[
[
[

[

𝜇
𝜌
(𝑛)

𝜇
𝑇
1

(𝑛)

𝜇
𝑇
2

(𝑛)

]
]
]

]

,

Σ =
[
[
[

[

𝜎
2

𝜌
Cov
𝜌,𝑇
1

Cov
𝜌,𝑇
2

Cov
𝜌,𝑇
1

𝜎
2

𝑇
1

Cov
𝑇
1
,𝑇
2

Cov
𝜌,𝑇
2

Cov
𝑇
1
,𝑇
2

𝜎
2

𝑇
2

]
]
]

]

,

(7)

where Cov
𝑖,𝑗
is the covariance between the estimators of 𝑖 and

𝑗 parameters. Note that also Σ depends on tissue index 𝑛, but
it has been neglected in the notation.
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Figure 2: Decision regions computed with theminimumEuclidean distance criterion (a), withWDC (b), and with StCC (c). For each region,
the centroid has been marked by an asterisk.

In this case, segmentation and classification are per-
formed by minimizing (6). In order to give an idea of
how the classification regions change when adopting such
criteria, a comparison is reported in Figure 2. In this figure,
four reference tissues are considered with different 𝜌-𝑇

2

combinations (we considered the 2D case instead of the 3D,
neglecting 𝑇

1
for simplicity); each one is characterized by

an asterisk. For each point of the space, that is, for each
𝜌-𝑇
2
pair, the distances from the four reference tissues are

computed with the proposed metrics, and it is marked with a
color corresponding to the closest class, providing the regions
reported in Figure 2.

2.3. Spatial Correlation Based Criterion (SpCC). In order to
improve results, a probabilistic regularization criterion has
also been considered. Until now, detection and segmentation
have been done by considering each pixel independently of

Figure 3: Reference head phantom composed of color coded 4
tissues.
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Figure 4: Estimated 𝜌 (a), 𝑇
1
[s] (b), and 𝑇

2
[ms] (c) in case of 4 images and SNR = 30 dB.

all the others, that is, working pixelwise. Here we introduce a
spatial dependency between each pixel and its neighborhood
with the aim of improving the accuracy.

The spatial correlation based criterion (SpCC) is intended
as a refinement of StCC solution. The processing chain
consists in a two-step procedure: compute the StCC distances
and the related classification and regularize using spatial
correlation.

Let us focus on a single pixel and define a neighboring
system Ω. It collects all the pixels that are close to the
considered one. A typicalΩ is the 8 neighbors, collecting the
8 adjacent pixels (i.e., the considered pixel is positioned in the
center of a 3 × 3 window) [21].

Once StCC has been applied, we define 𝑑
0
as the mini-

mum distance between the considered pixel and the centroid
of the class assigned to it. We, also, define p(𝑛) as the
percentage of the pixels in Ω that have been associated with
𝑛th class. The idea is that if the majority of neighboring
pixels belong to the same class, the distance from that class
should be shortened in order to regularize the solution. As
the distance cannot be negative, the reduction should be

at most equal to the minimal distance 𝑑
0
. Thus, the joint

segmentation and classification are carried out by computing:

arg min
𝑛

{[x̂ − 𝜇 (𝑛)]𝑇 Σ [x̂ − 𝜇 (𝑛)] − p (𝑛) 𝑑
0
} , (8)

where the vector p(𝑛)𝑑
0
is the metric reduction function for

all classes. Note that its values are between 0 and 𝑑
0
, as the

probability values in p(𝑛) are in the [0, 1] range.

3. Results and Discussion

In order to quantitatively evaluate the advantage of the
proposed method with respect to classical unsupervised
criteria, a simulated case study has been considered. In
particular, a brain slice phantom has been simulated [22].
Four tissues compose the phantom (white matter, subcortical
white matter, gray matter, and cerebro spinal fluid) with
𝜌 = [2.56, 2.67, 2.14, 4.54], 𝑇

1
= [1389, 1593, 1794, 7446]ms,

and 𝑇
2
= [72.4, 65.5, 95.2, 302]ms. Such values have been

measured experimentally with a 3T scanner [23, 24]. A study
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(a) (b) (c)

(d) (e) (f)

Figure 5: Segmentation and classification results: reference image (a), minimumEuclidean distance approach (b),WDM (c), StCC (d), SpCC
(e), and 𝐾-means approach (f).

about the optimal acquisition parameter for the relaxation
times estimation can be found in [17].

The reference phantom is reported in Figure 3, where
the four tissues have been coded with blue, orange, green,
and red color, respectively. Four images have been generated
by simulating Spin Echo imaging sequence, with echo and
repetition times of (80, 3600), (80, 500), (155, 3600), and
(155, 500) [ms], respectively. Gaussian complex noise has
been added to the data in order to achieve a mean SNR of
30 dB. Relaxation times have been estimated by using the LS
approach [15, 23] of (3), producing 𝜌, 𝑇

1
, and 𝑇

2
estimated

maps reported in Figure 4.
The three approaches (WDC, StCC, and SpCC) previ-

ously presented have been applied to the considered data. In
order to assess the obtained results, classification based on
a classical minimum Euclidean distance from the expected
values has been reported. Moreover, other methodologies
present in literature, working on gray level images, have been
investigated: seeded region growing algorithms family has
not been considered, as it is supervised [25]; multithreshold

maximum entropy has also not been considered due to its
difficulty in classifying more than few classes [26]; 𝐾-means
algorithm has been chosen as an interesting reference for the
proposed technique [27]. Segmentation results are reported
in Figure 5. It has to be considered that reportedmethodology
requires multiple images, as the estimation of proton density
and relaxation times is needed, while classical segmentation
algorithms work on a single image. In order to have a fair
comparison,𝐾-means algorithm has been applied to a single
image obtained from the estimated 𝜌, 𝑇

1
, and 𝑇

2
. Such image

is characterized by an SNR higher than images of the starting
dataset.

In order to give a quantitative performances evaluation,
Jaccard indexes [28] and Sørensen-Dice coefficients [29, 30]
have been computed and reported in Figure 6. Moreover,
the stability of the approaches varying the SNR has been
evaluated. Results are reported in Figure 7.

A second simulated case study has been considered. Four
SE images have been downloaded from the BrainWeb (http://
www.bic.mni.mcgill.ca/brainweb/) public archive with echo
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Figure 8: The four Spin Echo images from the BrainWeb database (a). The dataset has a field inhomogeneity of 20% (b).
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Figure 9: Segmentation and classification results for the BrainWeb phantom: reference image (a), minimum Euclidean distance approach
(b), WDM (c), StCC (d), SpCC (e), and 𝐾-means approach (f).

and repetition times of (20, 4000), (100, 4000), (20, 2000),
and (100, 2000) [ms] [31]. Reference 𝜌, 𝑇

1
, and 𝑇

2
images

have been obtained by performing the estimation in a noise-
free test case. As a second step, an SNR equal to 30 dB
together with a 20% intensity inhomogeneity field has been
considered. The four images of the dataset are reported in
Figure 8, together with the intensity inhomogeneity field.
The considered segmentation approaches have been applied,
producing results in Figure 9. In this case, a weight factor
has been applied to the CRLB of 𝜌 in order to improve the
robustness taking into account the inhomogeneity fields (see
Section 2.1).

Considered methodologies have also been tested on a
real case. A male 31-year-old healthy volunteer has been
considered. 4 Spin Echo images of a brain slice have been
acquired with a 3T Philips AchievaMRI scanner. Acquisition
details are reported in Table 1. In Figure 10 the acquired
images are reported, while in Figure 11 the estimated proton
density and relaxation times maps are shown. In this case,
three segmentation classes have been considered, namely,

Table 1: Real dataset, imaging protocol details.

MRI scanner Philips Achieva
Field intensity 3.0 T
Coil Bird cage, 8 channels
Sequence Spin Echo
FOV 230 × 230mm
Voxel size 0.45 × 0.45 × 3mm
Image resolution 512 × 512 pixels
Number of images 4
Echo times [ms] 82.45, 82.45, 200, 200
Repetition times [ms] 700, 3500, 700, 3500

white matter (WM), gray matter (GM), and cerebrospinal
fluid (CSF).

Simulated case results of Figure 5 clearly show that the
more the statistical distribution of the data is exploited,
the better the segmentation and classification accuracy is
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Figure 10: The four Spin Echo images composing the real dataset.

achieved. Specifically, the improvement can be evaluated by
comparing theminimumEuclidean distance based classifica-
tion (Figure 5(b)) with theWDC (Figure 5(c)) andwith StCC
(Figure 5(d)). In the latter approach, edges are well retrieved,
small structures are preserved, and globally all the regions are
correctly classified. Such trends are confirmed in all the syn-
thetic quality criteria that have been chosen and reported in
Figure 6, that is, detection probability, false alarm probability,
Dice coefficient, and Jaccard similarity index. Errors appear
mainly in the blue class, where some wrong isolated orange
spots are present. This can be explained considering the
closeness of blue and orange classes fromFigure 2(c). In order
to improve the capability of correctly discriminating blue
and orange tissues, the spatial regularization criteria (SpCC)
are applied, producing results of Figure 5(e). It is evident that
most of isolated spots have been correctly classified without
decreasing the segmentation performances of the other classes.

In order to give a reference, 𝐾-means methodology
segmentation results are reported in Figure 5(f).With respect

to proposed approach, some points are missing mainly in
the blue and orange tissues, which are the most difficult
to be discriminated, while good detection performances are
achievedwith red and green ones. Graphs of Figure 6 confirm
such behavior. In particular, 𝐾-means is characterized by
lower detection probability values compared to SpCC for blue
and orange classes. On the other hand, SpCC shows good
performances for all the four considered classes.

Results about robustnesswith respect to SNR are reported
in Figure 7. In particular, Dice coefficients and Jaccard sim-
ilarity indexes have been computed in case of Tissue 3 for
the considered approaches with an SNR varying from 15 dB
to 30 dB. The two graphs are similar, both confirming, as
expected, a positive trend for all methodologies. Globally,
SpCC is capable of good performances for the SNR values
within the considered range, with the best improvement over
the others in case of 20 dB. Moreover, at 25 dB a saturation
appears, with results similar to 30 dB. On the other hand, the
𝐾-means approach reaches good performances only in case
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of high SNR values, being very sensitive to noise at 25 dB and
below.

Let us consider results related to the BrainWeb dataset
reported in Figure 9. An intensity inhomogeneity affects such
dataset, mainly in the bottom left region. It can be seen
that 𝐾-means algorithm segmentation is deeply affected by
the intensity inhomogeneity field, in particular where it is
more severe, Figure 9(e), as in that region the green tissue is
almost never detected. On the other hand, the performances
of proposedmethodologies are very close to the previous case
study, confirming the effectiveness of the approach.

Moving to real dataset, among the three presented tech-
niques, only SpCC methodology has been considered, being
the most accurate, and compared with 𝐾-means approach.
Results reported in Figure 12 show that both algorithms
are able to detect the three regions: WM, GM, and CSF.
𝐾-means globally produces low regularized segmentation
regions, with some classification errors in the retroocular
region (GM map) and in the temporal area (CSF map).
Moving to SpCC, segmented regions appear much more
realistic, more regular, and without isolated spots. SpCC

shows effective results especially in the retroocular region
in the GM map and in the proximity of the insula region
concerning CSF. However two WM nuclei have erroneously
been included in the GM region. That said, it has to be
underlined that the proposed unsupervised approach has
substantial room for improvement if combined with more
sophisticated regularization criteria, but it is evident how the
proposed multidimensional distance metric is promising.

4. Conclusions

Within this paper a novel unsupervised approach for joint
segmentation and classification in brain MRI has been
presented. The peculiarity of the approach consists in detec-
tion criteria applied to the estimated proton density (𝜌) and
relaxation times (𝑇

1
and 𝑇

2
) maps, instead of to the acquired

gray level image. It has to be pointed out that the effec-
tiveness of the method is strictly related to the accuracy of
adopted relaxation times estimator, which depends on several
issues such as the number of images, the noise intensity,
and the acquisition scheme [10, 32]. Moreover, the need of
multiple images and of an estimation step implies longer



12 BioMed Research International

SpCC

WM

GM

CSF

(a)

WM

GM

CSF

K-means

(b)

Figure 12: Classification results of the proposed approach based on SpCC (a) and of 𝐾-means technique (b).

acquisition and computational times. After estimating the
physical parameters frommultiple scans, the segmentation is
performed in a statistical framework. The aim of the paper is
to show the feasibility of segmenting brain based on proton
density and relaxation times. In particular, the paper focuses
on the effectiveness of considering a 3D statistical metric for
evaluating distances instead of a 1D one.

Results, validated on simulated datasets, are interesting
and promising, greatly improving the detection rate with
respect to a classical minimum distance based technique
and other widely adopted segmentation methodologies.
Moreover, results obtained on the real brain datasets appear
reliable and consistent. A further refinement on the regular-
ization criteria can be investigated in the future.
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Even though neuroimaging and clinical studies indicate that amyotrophic lateral sclerosis (ALS) manifests with distinct clinical
phenotypes, no objective test exists to assess upper motor degeneration in ALS. There is great interest in identifying biomarkers
of ALS to allow earlier diagnosis and to recognize disease subtypes. Current quantitative neuroimaging techniques such as
T2 relaxometry and diffusion tensor imaging are time-consuming to use in clinical settings due to extensive postprocessing
requirements.Therefore, we aimed to study the potential role of brain parenchymal fraction (BPF) as a relatively simple quantitative
measure for distinguishing ALS phenotypes. T1-weightedMR images of brain were obtained in 15 neurological controls and 88 ALS
patients categorized into 4 distinct clinical phenotypes, upper motor neuron- (UMN-) predominant ALS patients with/without
corticospinal tract (CST) hyperintensity on T2/PD-weighted images, classic ALS, and ALS with frontotemporal dementia (ALS-
FTD). BPF was calculated using intracranial grey matter, white matter, and cerebrospinal fluid volumes obtained in control and
ALS subgroups using SPM8 software. Only ALS-FTD patients had significant reduction in BPF when compared to controls and
nondemented ALS patients. Correlation of clinical measures such as disease duration with BPF further supports the view that the
BPF could be a potential biomarker for clinical diagnosis of ALS-FTD patients.

1. Introduction

Amyotrophic lateral sclerosis (ALS) is a progressive degener-
ation of motor neurons in brain and spinal cord of unknown
cause [1]. Growing evidence from neuroimaging and clinical
studies indicates that ALS manifests with distinct clinical
phenotypes identified by extent of upper motor neuron
(UMN) dysfunction [2], cognitive impairment (ALS patients
with frontotemporal lobe dementia, ALS-FTD), and variable
degrees of lower motor neuron dysfunction. According to
the revised El Escorial criteria [3], the diagnosis of ALS is
based on the presence of both UMN and LMN symptoms
and signs. Whereas electromyography (EMG) is an objective
test for LMNdegeneration [4], no easily accessible equivalent
exists to objectively identify UMN dysfunction in ALS,

contributing to incorrect or delayed diagnoses [5]. There is
great interest in identifying biomarkers of ALS to allow earlier
diagnosis, recognize disease subtypes (which exist phenotypi-
cally), monitor disease progression, and assess the efficacy of
therapeutic interventions.

Even though ALS patients have clinical evidence of both
UMN and LMN dysfunction, a percentage of patients begin
withUMNabnormalities before developing identifiable LMN
signs. We have observed that some patients with predom-
inantly UMN signs have bilateral corticospinal tract (CST)
hyperintensities visible on conventional T2-, proton density-,
and FLAIR-weighted image, while others with similar clin-
ical features do not [2]. Why some patients with UMN-
predominantALS possess CSThyperintensities and others do
not is unknown. Also, cognitive impairment in some patients
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with ALS affects predominantly frontotemporal areas to
cause frontotemporal dementia (FTD) while prominent
LMN dysfunction with UMN signs occurs in patients with
classic ALS. Based on such observations, one can hypoth-
esize different pathological mechanisms of ALS in UMN-
predominant patients with or without CST hyperintensity, as
well as those with combined UMN and LMN dysfunction or
those with FTD.

Currently neuroimaging studies especially using MRI
(because of versatile contrasts) to evaluate UMN dysfunction
have provided better understanding of pathophysiological
changes brought out by the ALS disease process. How-
ever, techniques such as T2 relaxometry, diffusion tensor
imaging, and quantitative assessment of T1-weighted images
using techniques such as voxel based morphometry (VBM)
and cortical thickness analysis are time-consuming due to
extensive postprocessing requirements.Therefore, these tech-
niques have less widespread application clinically as opposed
to research setting.On the other hand,measures such as brain
parenchymal fraction (BPF) are not only quantitative but also
simple and easy to calculate in clinical settings. Two previous
studies in ALS [6, 7] found significant reduction in BPF of
ALS patient brain; however, they did not categorize or classify
ALS patients by their clinical phenotypes. Furthermore,
they did not study the role of BPF as a potential clinical
quantitative measure for distinguishing ALS phenotypes. We
hypothesize that categorizing ALS patients by their clinical
phenotype would reveal quantitative differences in BPF
between such ALS subgroups and may identify the potential
of BPF for distinguishing ALS phenotypes.

2. Methods

2.1. Demographics. MRI data obtained at 1.5 T during rou-
tine clinical neuroimaging were approved by the Cleveland
Clinic Institutional Review Board for storage and analysis as
deidentified images after patients (or their legal representa-
tive when they were cognitively impaired) provided verbal
consent. The data were analyzed in the following patient
groups: (1) neurologic disease controls (associated diagnoses
indicated in Table 1); (2) UMN-predominant ALS patients
with CST hyperintensity on T2/PD-weighted images (ALS-
CST+) (this hyperintense signal is predominantly seen in
posterior limb of the internal capsule (corresponding to cor-
ticospinal tract) and was identified by a blinded evaluator);
(3) UMN-predominant ALS patients without CST hyperin-
tensity identified on T2/PD-weighted images (ALS-CST–);
(4) classic ALS (ALS-Cl); and (5) ALS with frontotemporal
dementia (ALS-FTD). Representative demographics of the
above patient populations are given in Table 2.

Patients who were identified by one of us (EPP) during
clinical evaluation as having cognitive or behavioral impair-
ment (e.g., disturbances of impulse control, executive func-
tion, and language) underwent formal neuropsychometric
testing in most cases. Eighteen ALS patients met Neary crite-
ria of FTD [8] after testing by an experienced neuropsychol-
ogist (𝑛 = 11) or bedside evaluation with MoCA (𝑛 = 7) and
were included in theALS-FTD subgroup. Table 3 gives details

Table 1: Clinical diagnoses of neurologic disease controls.

Subject Clinical diagnosis
1 Severe fatigue, headache
2 Stiff person syndrome
3 Myasthenia gravis
4 Parkinson’s disease
5 Depression, headache, and fibromyalgia-like syndrome
6 Fibromyalgia-like syndrome, headache
7 Painful sensory polyneuropathy
8 Insomnia, headache
9 Parkinson’s disease
10 Cervical radiculopathy
11 Non-length-dependent small fiber sensory neuropathy
12 Headache, pain in lower leg
13 Small fiber neuropathy, headache
14 Large fiber neuropathy
15 Fibromyalgia-like syndrome, headache

of the domains affected in each of the ALS-FTD patients and
their FTD subtype UMN-predominant ALS patients were
defined as those with no lower motor neuron (LMN) signs
or if present then these were restricted to only one neuraxial
level (bulbar, cervical, thoracic, or lumbosacral) at the time
of MRI. Classic ALS (ALS-Cl) had combined UMN and
LMN features at one or more levels and did not display
hyperintensity of CST. None of the ALS patients in the non-
ALS-FTD subgroups had clinical evidence of FTD.

2.2. Clinical Data. Clinical measures of revised ALS func-
tional rating scale (ALSFRS-R), disease duration (duration of
symptoms prior to MRI), and disease progression rate were
also measured and are given in Table 2. Disease progression
ratewas calculated by dividing the number of pointsALSFRS-
R score decreased from normal (i.e., 48) at the time of
neuroimaging by symptom duration in months [9].

2.3.MR Image Acquisition. Structural high-resolution 3DT1-
weighted MR images of head were obtained on a 1.5 T system
(Siemens Symphony, Erlangen, Germany) using magnetiza-
tion-prepared rapid gradient echo (MPRAGE) sequence.
Imaging parameters were as follows: 160 slices, 1mm thick,
with 1.0 × 1.0mm in-plane resolution; pulse sequence param-
eters were as follows: TR = 1970ms; TE = 4.38ms; number
of averages = 1; and scan time = 6.45 minutes. T2- and
PD-weighted images were also obtained using dual-echo
FSE sequence to assess hyperintense signal changes along
corticospinal tract in ALS patients. Imaging parameters
include the following: 40 contiguous slices; slice thickness =
4mm; in-plane resolution = 0.9 × 0.9mm; pulse sequence
parameters were as follows: repetition time (TR) = 3900ms;
echo time (TE) = 26ms and 104ms; echo train length or turbo
factor = 7; and number of averages = 1; total scan time = 3.5
minutes. Although this datasetwas used in our previousVBM
studies [9], we did not study brain parenchymal fraction and
so applied it to this study.



BioMed Research International 3

Table 2: Demographics and clinical measures of neurologic disease controls and ALS patients.

Clinical measure/ALS
subgroups

Neurologic
disease controls ALS-CST+ ALS-CST− ALS-Cl ALS-FTD

𝑛 15 21 26 23 18
Age (years) (mean ± SD) 57.1 ± 19.2 52.3 ± 11.02 60.1 ± 11.8 58.5 ± 12.6 66.4 ± 9.2
Age range (years) 28–95 32–75 32–76 39–84 52–87
Gender 10 men, 5 women 14 men, 7 women 13 men, 13 women 13 men, 10 women 5 men, 13 women
Duration of symptom prior to
MRI (months) (mean ± SD) 9.6 ± 5.5 36.4 ± 44.2 29.1 ± 27.3 37.5 ± 25.2

ALSFRS-R score (𝑁 = 48)
(mean ± SD) 34.6 ± 7.8 34.1 ± 8.1 37.2 ± 8.5 30.7 ± 7.1

Disease progression rate
(mean ± SD) 1.38 ± 1.64 0.46 ± 0.43 0.68 ± 0.77 0.59 ± 0.33

Table 3: Clinical characteristics of ALS patients with FTD.

Patient Gender Age (yr) Site of onset
Features of FTD

Extent Domain affected
(at time of MRI)

1 F 67 Speech Mild bv., ex., l.
2 F 75 UE Mild ex., l.
3 F 60 Speech Mod. bv., ex.
4 F 58 Speech Mod. bv., l.
5 F 60 Cognitive Mod. bv.
6 M 63 Speech Severe bv., l. (PNFA)
7 M 75 Cognitive Severe bv., mem.
8 F 53 Speech Severe bv., l.
9 F 52 Speech Severe g.
10 M 59 Cognitive Severe g.
11 M 87 UE, LE Severe g.
12 F 69 Cognitive Severe bv., l.
13 F 68 Cognitive Severe bv., ex.
14 F 67 LE Severe ex., l. (sem.), mem.
15 F 65 Cognitive Severe bv., l.
16 F 63 LE Severe bv., ex., l.
17 F 77 Speech Severe bv., ex., l.
18 M 78 LE Severe g.
bv. = behavior; Cog. = cognitive; ex. = executive; g. = global (bv. + ex. + l. + mem. present); l. = language; LE = lower extremity; mem. = memory; PNFA =
progressive nonfluent aphasia; sem. = semantic; and UE = upper extremity.

2.4. Brain Parenchymal Fraction Measurement. Whole brain
intracranial GM, WM, and CSF volumes from T1-weighted
images were obtained for control and the ALS subgroups
using SPM8 software (http://www.fil.ion.ucl.ac.uk/spm).
Since segmentation algorithms are automatic and are depend-
ent on high GM/WM contrast, careful postsegmentation
quality-checkswere performed by an experienced neuroanat-
omist (EPP). BPF (in percentage) was obtained by taking
ratio of brain parenchyma to the total brain intracranial
volume [10] as given in

Brain parenchymal fraction (BPF)

=

Volume of (GM +WM)
Volume of (GM +WM + CSF)

× 100.

(1)

As seen from (1), change in BPF could result from one
or both of the GM and WM parenchymal components. In
order to further elucidate this, we studied separately the
parenchymal fractions of GM and WM with respect to total
intracranial brain, as given in (2). We have termed these as
grey matter parenchymal fraction (GMPF) and white matter
parenchymal fraction (WMPF):

Grey matter parenchymal fraction (GMPF)

=

Volume of GM
Volume of (GM +WM + CSF)

× 100,

White matter parenchymal fraction (WMPF)

=

Volume of WM
Volume of (GM +WM + CSF)

× 100.

(2)
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Figure 1: Brain parenchymal fraction values are significantly lower
in patients with ALS-FTD compared to neurologic controls and
other ALS subgroups. ∗𝑃 < 0.05.

2.5. Statistical Analysis. Clinical measures of revised ALS
functional rating scale (ALSFRS-R), disease duration, and
disease progression rate were compared between ALS sub-
groups using Kruskal-Wallis test with post hoc Mann-
Whitney 𝑈 test (using Bonferroni correction). BPF, GMPF,
and WMPF measures were compared between control and
ALS subgroups using ANCOVA by regressing out age,
ALSFRS-R score, and disease duration. Multiple comparison
corrections using Sidak test were performed with 𝑃 < 0.05.
Correlations between clinical measures (disease duration,
ALSFRS-R, and disease progression rate) and BPF in ALS
patients were performed using Spearman’s rank correlation
coefficient.

3. Results

Significant (𝑃 < 0.05) reductions in BPF and GMPF were
observed only between control and ALS-FTD groups as
shown in Figures 1 and 2. Similar reductions in BPF and
GMPF were significant in ALS-FTD patients when com-
pared to other ALS subgroups (ALS-CST+, ALS-CST−, and
ALS-Cl). However, WMPF showed no significant difference
between controls and any of the ALS subgroups (Figure 3).
Inability to discriminate the other patient groups fromneuro-
logical controls may arise from some of these controls having
a degree of cerebral atrophy from other neurodegenerative
conditions (e.g., two with Parkinson disease). In order to
evaluate this, statistical analysis was performed with the
two parkinsonian patients excluded from the neurologic
control group. However, we still failed to observe any
significant differences between the control and other ALS
subgroups/phenotypes, and the results remained the same
whether Parkinson disease patients were excluded or not
from the neurologic control group. Correlation between BPF
and clinical measures revealed moderately significant posi-
tive correlation (𝑟 = 0.287, 𝑃 = 0.005) between BPF and dis-
ease duration. No significant correlation was found between
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Figure 2: Grey matter parenchymal fraction values are significantly
lower in patients with ALS-FTD compared to controls and other
ALS subgroups. ∗𝑃 < 0.05.
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Figure 3: White matter brain parenchymal fraction values are not
significantly different in any ALS patient subgroups compared to
controls.

BPF and ALSFRS-R score (𝑟 = 0.143, 𝑃 = 0.197), BPF and
disease progression rate (𝑟 = 0.072,𝑃 = 0.521).No significant
correlation was observed between WMPF and any of the
clinical measures, that is,WMPF versus disease duration (𝑟 =
−0.021, 𝑃 = 0.843), WMPF versus ALSFRS-R score (𝑟 =
0.025,𝑃 = 0.816), andWMPF versus disease progression rate
(𝑟 = 0.016, 𝑃 = 0.886). No significant correlation was found
betweenGMPFanddisease duration (𝑟 = −0.197,𝑃 = 0.061),
GMPF and ALSFRS-R score (𝑟 = 0.062, 𝑃 = 0.55).

4. Discussion

The main findings of this study are as follows: (1) BPF was
significantly reduced in ALS-FTD patients when compared
to controls and nondementedALS patients; (2) this reduction
primarily arose from changes in the greymatter parenchymal
fraction (GMPF) and not the white matter parenchymal frac-
tion (WMPF); (3) BPF significantly correlated with clinical
disease duration but not withALSFRS-R score orwith disease
progression rate.
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The present BPF results align with our previous findings
of significant GM atrophy in only ALS-FTD patients as
measured by VBM [9]. BPF reduction in ALS-FTD patients
appears to result entirely from GMPF changes with no
significant decrease in WMPF. The preferential reduction
of GMPF in ALS-FTD patients also supports our previ-
ous hypothesis that GM atrophy results from a dying for-
ward “neuronopathy” in such patients [9]. WMPF on the
other hand is actually slightly increased in the ALS-FTD
group (meanWMPF in neurological controls equals 45.06%,
whereas in ALS-FTD patients it equals 46.05%), although
not reaching statistical significance. This increase in WMPF
could be due to gliosis that results in response to damage
of WM axons and/or myelin. Similarly, our previous VBM
analyses failed to reveal significant changes of subcortical
WM in brain regions of ALS patients compared to control
individuals [9]. In addition, we observed WM abnormalities
in diffusion tensor imaging (DTI) metrics at rostral but not
caudal levels of the corticospinal tract (CST) in nondemented
ALS patients as revealed by fractional anisotropy (FA),
axial diffusivity, and radial diffusivity values [11]. Lack of
concordance between the DTI studies andWMPF findings in
ALS patients may occur because (1) WMPF and WM VBM
detect macroscopic changes whereas DTI identifies more
microscopic changes resulting in earlier and more sensitive
detection of pathology than do volumetric measures and (2)
WMPF represents whole brain WM tracts while only the
CST fiber tracts are included in our DTI findings. Taken
together, abnormalities of CST DTI metrics (demonstrated
previously) but not abnormalities of BPF, including GMPF
measures (demonstrated in the present study), suggest that
ALS-CST+,ALS-CST–, andALS-Cl patients have less cortical
pathology than do ALS-FTD patients.

In contrast to our findings, previous VBM studies in
ALS found significantly reduced grey matter volume in
nondemented ALS patients [6, 7], although at least some
of these patients showed cognitive impairment clinically.
Other possible reasons for these disparate results include
the following: (i) combining various clinical phenotypes of
ALS patients into the same group for analysis [6] rather
than separating by distinct clinical phenotypes as in our
study; (ii) studying patients with extensive disease burden
and more advanced disease, for example, all with definite
ALS [7] rather than ALS subgroups with relatively restricted
LMN abnormalities (as in our study with patients average El
Escorial score = 2, indicating laboratory-supported probable
ALS); (iii) using neurologic disease controls rather than
healthy controls, which may have introduced some degree
of abnormality (e.g., atrophy) into our “control” group but
alternatively represented a more appropriate (“real world”)
comparison with ALS patients. Only healthy controls have
been used in all other studies, making ours the first we know
to have used neurologic disease controls.

Overall, ALSFRS-R values showed little difference among
ALS subgroups suggesting that data were collected from
patients with relatively similar degrees of functional impair-
ment. However, significant differences were observed in
disease duration among ALS subgroups. BPF and GMPF
in ALS patients were significantly correlated with clinical

markers of disease, including disease duration and disease
progression rate. For example, positive correlation between
disease duration and BPF suggests that shorter disease dura-
tion may be associated with worse disease and indicate both
GM andWM damage.

Limitations of our study include the following: (1) lack
of estimating the sensitivity and specificity of BPF, GMPF,
and WMPF measures and (2) not evaluating changes in BPF,
GMPF, and WMPF over time because of the cross-sectional
nature of this study. Future longitudinal studies with larger
sample sizes could confirm our findings.

MR imaging studies using techniques such as VBM,
cortical thickness, and DTI showed significant GM andWM
damage in ALS patients [6, 7, 12]. Although these techniques
can certainly reveal abnormalities in specific brain regions
as compared to BPF, which is a whole brain measure, they
require extensive postprocessing of MR images, which is
impractical in a clinical setting. Techniques such as VBM
require robust registration to a template which in various
pathological conditions (e.g., ventriculomegaly) may cause
suboptimal normalization and segmentation leading to spu-
rious results [13]. On the other hand Juengling and Kassubek
[14] reported that BPF can not only be used for objective
assessment of cerebral atrophy but can be included in MR
reports of patients in routine diagnosis for neurodegenerative
diseases. Along these lines we explored the use of BPF as a
relatively quick and easy volumetric measure to distinguish
ALS patients from controls as well as within ALS subgroups.
Our results suggest that BPF, along with GMPF and WMPF,
could serve as a potential MRI biomarker to distinguish ALS-
FTD from other ALS subgroups in a clinical setting.

5. Conclusion

ALS patients with frontotemporal dementia have greatest
reduction in brain parenchyma among ALS patients without
dementia. Significant reduction in the GMPF and not the
WMPF component of BPF suggests cortical atrophy and pos-
sibly a neuronopathy, in patients with ALS-FTD. Correlation
of clinical disease duration with BPF further supports our
suggestion that BPF and its individual components, GMPF
and WMPF, may be useful MRI biomarkers for the clinical
diagnosis of the ALS-FTD phenotype.
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The purpose of this study was to expand and validate the cartilage damage index (CDI) to detect cartilage damage in the lateral
tibiofemoral compartment. We used an iterative 3-step process to develop and validate the lateral CDI: development (100 knees),
testing (80 knees), and validation (100 knees). The validation set included 100 knees from the Osteoarthritis Initiative that was
enriched to include all grades of lateral joint space narrowing (JSN, 0–3). Measurement of the CDI was rapid at 7.4 (s.d. 0.73)
minutes per knee pair (baseline and follow-up of one knee). The intratester reliability is good (intraclass correlation coefficient (3,
1 model) = 0.86 to 0.98). At baseline, knees with greater KL grade and lateral JSN had a lower mean CDI (i.e., greater cartilage
damage). Baseline lateral CDI is associated with both lateral JSW (𝑟 = 0.81 to 0.85, 𝑝 < 0.01) and HKA (𝑟 = −0.30 to −0.33,
𝑝 < 0.05). The SRM is good (lateral femur SRM = −0.76; lateral tibia SRM = −0.73; lateral tibiofemoral total SRM = −0.87). The
lateral tibiofemoral CDI quantification allows for rapid evaluation and is reliable and responsive, with good construct validity. It
may be an efficient method to measure lateral tibiofemoral articular cartilage in large clinical and epidemiologic studies.

1. Introduction

Cartilagemorphometry onmagnetic resonance (MR) images
is important for the assessment of structural progression of
knee osteoarthritis (OA). However, manually obtaining accu-
rate and reproducible cartilage data on one set of images can
takemany hours [1]. To reduce the time and cost ofmeasuring
cartilage onMR images, there remains a great need to design a
rapid quantification method which has good reproducibility,
validity, and sensitivity to change [2].

In our previous study, we developed the cartilage damage
index (CDI) for the medial knee compartment and demon-
strated it to be an efficient, reliable, valid, and sensitive
method to measure changes of articular cartilage in the
medial tibiofemoral compartment. This new study builds on
our previously published paper by adapting and testing the
CDI to the lateral tibiofemoral compartment. It is important
to note that we needed to modify the CDI because the
medial and lateral tibiofemoral compartments have different
articular surface shape [3], loading [4], and distributions of
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Figure 1: (a) Manual lateral femur cartilage mark. (b) Heat map of lateral femur denudation projection. (c) Lateral femur CDI measurement
on 3 selected slices.

full thickness cartilage defects [5]. Because of the differences
between compartments, we needed to identify new infor-
mative locations that are specific to the lateral tibiofemoral
compartment and test whether these new locations could
offer an efficient, reliable, valid, and sensitive method tomea-
sure changes of articular cartilage in the lateral tibiofemoral
compartment. Hence, the purpose of this study was to adapt
and validate the CDI to detect cartilage damage in the lateral
tibiofemoral compartment.

2. Methods

2.1. Study Design. We developed, validated, and assessed
reliability of the CDI in the lateral tibiofemoral compartment.
Sampling from the Osteoarthritis Initiative (OAI), we created
4 datasets: (1) a development dataset (𝑛 = 100 knees), (2) a
test dataset (𝑛 = 80 knees), (3) a validation dataset (𝑛 = 100
knees), and (4) a reliability dataset (𝑛 = 20 knees).

2.2. MR Image Assessments. To deploy the CDI, we focused
on the OAI 3D sagittal water-excitation dual-echo steady
state (DESS) images, which were acquired using the OAIMR
imaging protocol [6].The OAI has institutional review board
approval (IRB) from the coordinating centers and the four
clinical centers (University of Maryland and Johns Hopkins
comprise a single recruitment center, BrownUniversity, Ohio
State University, and University of Pittsburgh). All partici-
pants provided informed consent to participate in the OAI.
The 3D DESS sequences were acquired using the following
parameters: field of view = 140mm, slice thickness = 0.7mm,
skip = 0mm, flip angle = 25 degrees, echo time = 4.7ms,
recovery time = 16.3ms, 307 × 384 matrix, 𝑥 resolution =

0.365mm, 𝑦 resolution = 0.456mm, and total slice number =
160.The acquisition time for 3DDESS sequence is 11 minutes.

2.3. Development Dataset. For the development dataset, we
selected 100 knees from OAI baseline that included an
equivalent number of kneeswith the different grades of lateral
joint space narrowing (JSN, grades 0–3). We used three
steps to develop the lateral tibiofemoral CDI based on areas
commonly affected by denudation. (1) One reader manually
marked the lateral cartilage denudation on each knee (Fig-
ure 1(a)). (2) We designed a pair of two-dimensional, rectan-
gular, universal coordinate systems to represent the articular
surface on the distal lateral femur and the proximal lateral
tibia (Figure 1(b)). (3)We projected the regions of denudation
onto a coordinate system and constructed a figure illustrat-
ing the frequency distribution of denudation in a three-
dimensional representation of the lateral compartment. We
used this to evenly select 9 informative locations on the tibia
and femur (18 locations in total) in and around the regions
that most frequently exhibited denudation (Figure 1(b)).
We hypothesize that this region has more frequent cartilage
damage.

2.4. Lateral Tibiofemoral CDI Measurement. There are three
steps to measure the lateral CDI. (1) The reader determines
the medial-lateral width of the femur by selecting the most
medial and lateral MR image slices possessing bone. These
images represent the 𝑦-axis (medial-to-lateral) of the coor-
dinate system (Figure 1(b)). The software automatically indi-
cates the slices that contain the informative locations based
on the coordinate system. (2)The reader manually marks the
bone-cartilage boundary on the selected slices (Figure 1(c)).
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The software then projects the bone-cartilage to 𝑥-axis
(anterior-to-posterior) of coordinate system and indicates the
predefined informative location on the MR slices. (3) The
reader measures the cartilage thickness at those informative
locations (Figure 1(c)). The software then computed the CDI
by summing the products of cartilage thickness, cartilage
length (anterior-posterior), and voxel size from each infor-
mative location. To normalize for body size, the CDI for
the lateral tibia and femur was divided by the individual’s
height.

2.5. Test Dataset. We performed preliminary tests to explore
face and construct validity by selecting 80 participants from
the OAI. These 80 knees all had publicly available manual
cartilage segmentation on baseline and 12-month follow-up
MR images (Imorphics Ltd; the dataset originally included
88 knees but we excluded 8 knees with missing height or hip-
knee-ankle (HKA) angle). These participants also had height
data available at each visit. One reader used customized
software to measure the CDI in the lateral femur and tibia
cartilage in the testing dataset.

2.6. ValidationDataset. To test the validity of the lateral tibio-
femoral CDI—the main purpose of this study—we selected
100 knees with baseline and 24-month MR images from the
OAI.The validation samples were chosen to represent a wide
range of disease severity. The dataset was selected to include
all grades of lateral JSN (𝑛 = 25 knees per lateral JSN grade)
and knees with and without lateral JSN progression (JSN
grade change between baseline and follow-up visit). None
of these knees was included in the development or test data-
sets. The first ten ids were used to record the measurement
time.

2.7. Reliability Dataset. In addition to the final validation set,
we identified 20 other knees to assess intratester reliability
(two measurements separated by at least 72 hours). The reli-
ability set was selected based on baseline lateral JSN grade (5
knees per lateral JSN grade).

2.8. Radiographic Assessments. Participants had bilateral
weight-bearing, posterior-anterior, semiflexed knee radio-
graphs at each annual OAI visit. Central readers provided
Kellgren-Lawrence (KL) grade and themodifiedOARSI-atlas
based assessment of lateral JSN score [7, 8]. The radiographs,
central readings, and protocols are publicly available at the
OAI website (kxr sq bu 00 (version 0.5) and kxr sq bu 03
(version 3.5); http://oai.epi-ucsf.org/; reliability for these
readings was kappa = 0.70 to 0.88).

The same bilateral knee radiographs were also used to
provide central measurements of lateral tibiofemoral joint
space width (JSW). We selected lateral JSW at one fixed loca-
tion (𝑥 = 0.725). JSW data and descriptions of the methods
are publicly available on the OAI website (kxr qjsw duryea
00 (version 0.5) and kxr qjsw duryea 03 (version 3.4); http://
oai.epi-ucsf.org/; reliability for these readings was ICC >
0.93).

Finally, we used publicly available measures of static
alignment (HKA angle) that was measured by a third inves-
tigator. The HKA angles were measured on full limb films
primarily at the 12-month or 24-month OAI visits. The HKA
data and descriptions of themethods are publicly available on
the OAI website (flXR KneeAlign Cooke01 (version 1.2) and
flXR KneeAlign Cooke03 (version 3.1); http://oai.epi-ucsf
.org/; reliability for these readings was ICC > 0.99).

2.9. Statistical Analyses. We validated the lateral CDI by
examining the Spearman correlations between baseline
(month 0) lateral CDI, lateral joint space width (JSW), and
static alignment (HKA angle). Scatter plots were generated
using the ranking (from smallest to largest) of lateral CDI,
JSW, and HKA angle measurements. Tests for trend were
used to examine associations of lateral CDI with baseline JSN
and KL grade. We calculated standard response mean (SRM)
for lateral CDI change between baseline and 24 months. To
evaluate the intratester reliability, we calculated intraclass
correlation coefficients with a 3,1model [9].

3. Results

3.1. Test Dataset (𝑛 = 80). We found a good correlation
between baseline lateral CDI and lateral cartilage volume
(manual segmentation) in this test dataset (lateral femur:
spearman correlation = 0.74; lateral tibia: spearman correla-
tion = 0.77; lateral tibiofemoral: 𝑟 = 0.80, all 𝑝 < 0.0001).

3.2. Validation Dataset Characteristics (𝑛 = 100). The final
validation set included 100 knees with a mean age = 64.4
(SD = 9.3) years, 59% females, mean BMI = 28.7 (SD = 4.2)
kg/m2, mean JSW = 4.4 (SD = 2.3) mm, mean HKA = 3.0∘
(SD = 4.7∘), and a diverse range of baseline lateral JSN grades
(0 to 3).The distribution of baseline KL and lateral JSN grades
is provided in Table 1. Forty-eight knees had lateral JSN
progression over 24 months.

3.3. Measurement Time. We recorded the measurement time
for the first 10 knees.The averageCDImeasurement time of 10
knees was 7.4 minutes (SD = 0.73) per pair of knees (baseline
and 24-month scans).

3.4. Assessment of Reliability. Intratester (ICC (3, 1 model))
reliability for baseline lateral femur, lateral tibia, and total
lateral tibiofemoral ranged from 0.86 to 0.98.

3.5. Relationship of Lateral CDI to Radiographic Severity. At
baseline, knees with greater lateral JSN and KL had lower
mean CDI (i.e., greater cartilage damage, Table 1). Baseline
lateral femur CDI, baseline lateral tibia CDI, and baseline
lateral tibiofemoral CDI are associated with both lateral JSW
and static alignment (see Table 2 and Supplementary Figures 1
and 2 in Supplementary Material available online at http://dx
.doi.org/10.1155/2015/634275).

3.6. Sensitivity to Change. The sensitivity to change is good
(SRM = −0.76 for lateral femur; SRM = −0.73 for lateral tibia;
SRM = −0.87 for lateral tibiofemoral total).
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Table 1: Baseline lateral cartilage damage index stratified by baseline lateral joint space narrowing (JSN) and Kellgren-Lawrence (KL) grade.

(a) Lateral joint space narrowing (JSN)

Cartilage measure JSN = 0 (𝑛 = 25)
mean

JSN = 1 (𝑛 = 25)
mean

JSN = 2 (𝑛 = 25)
mean

JSN = 3 (𝑛 = 25)
mean

𝑝 value for
trend

Lateral femur CDI 2969.3 3003.2 2184.4 1542.0 <0.001
Lateral tibia CDI 1154.9 889.9 663.8 392.7 <0.001
Lateral tibiofemoral CDI 4124.3 3893.0 2848.2 1934.6 <0.001

(b) Kellgren-Lawrence (KL)

Cartilage measure KL = 0 (𝑛 = 10)
mean

KL = 1 (𝑛 = 6)
mean

KL = 2 (𝑛 = 32)
mean

KL = 3 (𝑛 = 26)
mean

KL = 4 (𝑛 = 26)
mean

𝑝 value for
trend

Lateral femur CDI 2718.7 2831.5 3061.0 2254.0 1605.3 <0.001
Lateral tibia CDI 1229.3 994.1 946.3 690.4 424.7 <0.001
Lateral tibiofemoral CDI 3948.0 3825.5 4007.3 2944.4 2030.0 <0.001

Table 2: Correlation between lateral CDI and baseline HKA and
lateral JSW.

Spearman correlation
Lateral JSW HKA

Femur CDI (baseline) 0.81 (𝑝 < 0.01)∗ −0.31 (𝑝 < 0.01)∗

Tibia CDI (baseline) 0.81 (𝑝 < 0.01)∗ −0.30 (𝑝 = 0.01)∗

Tibiofemoral CDI (baseline) 0.85 (𝑝 < 0.01)∗ −0.33 (𝑝 < 0.01)∗

Notes: ∗𝑝 < 0.05; HKA = hip-knee-ankle; JSW = joint space width.

4. Discussion

This study demonstrates that the CDI can be adapted for
use in the lateral tibiofemoral compartment by identifying
informative locations that are unique to the lateral femur
and tibia. This study also shows that the lateral CDI is quick
to perform, reliable, and responsive and has good construct
validity.

Testing the lateral CDI was important because the lateral
denudation regions were in different locations than the
medial tibiofemoral compartment [10]. The lateral denuda-
tion region is more posterior (both femur and tibia) than
medial compartment region. The size of the denudation
region is smaller in the lateral compartment compared to the
medial compartment.

The lateral CDI had good construct validity relative to
other established radiographic measures of knee OA severity
and risk factors including lateral tibiofemoral JSN (a semi-
quantitative scale), lateral JSW (continuous), KL grade (a
global semiquantitative score), and knee alignment (contin-
uous). Radiographic JSN and JSW are generally attributed,
at least in part, to articular cartilage damage among knees
with OA [11]. For example, Bruyere et al. found that lateral
tibiofemoral JSW was significantly correlated with baseline
lateral tibial cartilage volume (𝑟 = 0.48, 𝑝 < 0.01) and thick-
ness (𝑟 = 0.58, 𝑝 < 0.01) [12]. While we only used 18 infor-
mative locations, our baseline lateral tibiofemoral CDI had a
better correlation with lateral JSW (𝑟 = 0.81, 𝑝 < 0.0001).
We did not look at the correlations with CDI change because
Bruyere et al. found that therewere no significant correlations

between cartilage/thickness loss and lateral JSW [12]. In
addition to verifying that the lateral CDI was associated
with radiographic OA severity, we also demonstrated that the
lateral CDI is related to knee alignment (𝑟 = −0.30 to −0.33,
𝑝 = 0.004 to 0.01), which is a strong risk factor for knee OA
progression [2, 13].

We also found that lateral CDI is sensitive to change over
24months. One otherOAI study found that knees with lateral
JSN had more lateral tibiofemoral cartilage loss in 1 year than
knees without lateral JSN (SRM = −0.48 versus SRM = −0.09
for total lateral tibiofemoral cartilage thickness change) [14].
Our lateral CDI had a comparable sensitivity (SRM = −0.87
for two-year lateral tibiofemoral change).

The CDI is an efficient method of measuring cartilage
damage. The proficient operator can measure the lateral
tibiofemoral CDI of a pair of knee MRIs in about 7 minutes.
In contrast, the manual MR-based cartilage measurement
method may take up to 6 hours per knee [1]. Due to the
time and cost of measuring cartilage, most studies only focus
on medial tibiofemoral unicompartmental measurements.
Using the CDI measurement instead of full manual segmen-
tation represents substantial time and resource savings. Our
group plans to complete CDI development to include a com-
prehensive assessment of knee articular cartilage including
medial tibiofemoral, lateral tibiofemoral, and patellofemoral
compartments. Such efforts will help develop a quantitative
understanding of OA disease progression in a compartment-
by-compartment basis.

This study is limited because our validation dataset did
not include lateral cartilage segmentation values. However,
we found a good correlation between baseline lateral CDI and
lateral cartilage volume (manual segmentation) in our test
dataset (𝑟 = 0.74 to 0.80, 𝑝 < 0.0001). Another limitation
of CDI is the possibility that the informative locations may
not include all cartilage damage. This limitation is similar to
other methods that focus on specific articular surface regions
[6, 15]. Despite this limitation, we demonstrated that the
lateral CDI has good construct validity with radiographic
data, which is a common strategy to assess lateral tibiofemoral
cartilage data [12, 14, 16].
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In summary, the lateral tibiofemoral CDI quantification
allows for rapid evaluation and is reliable and responsive,
with good construct validity. It may be an efficient method
to measure lateral tibiofemoral articular cartilage in large
clinical and epidemiologic studies.
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Purpose. To quantitatively evaluate growth plates around the knees in adolescent soccer players utilizing the diffusion-weightedMR
imaging (DWI).Methods. The knees and adjacent growth plates of eleven 14-year-old male soccer players were evaluated by MRI
before (end of season’s summer break) and after two months of intense soccer training. MRI evaluation was conducted in coronal
plane by PD-FSE and DWI. All images were screened for any major pathological changes. Later, central growth plate surface area
(CGPSA) was measured and the apparent diffusion coefficient (ADC) values were calculated in two most central coronal slices
divided into four regions: distal femur medial (DFM), distal femur lateral (DFL), proximal tibia medial (PTM), and proximal tibia
lateral (PTL). Results. No gross pathology was diagnosed onMRI. CGPSA was not significantly reduced: DFM 278 versus 272, DFL
265 versus 261, PTM193 versus 192, andPTL214 versus 210.ADCdecreasewas statistically significant only for PTM:DFM1.27 versus
1.22, DFL 1.37 versus 1.34, PTM 1.13 versus 1.03 (𝑝 = 0.003), and PTL 1.28 versus 1.22. Conclusions. DWI measurements indicate
increased cellularity in growth plates around knees in footballers most prominent in PTM after intense training. No detectable
differences on a standard PD-FSE sequence were observed.

1. Introduction

Soccer is the most popular and widely played sport world-
wide, especially among children and adolescents [1]. The
players are notorious for their bow-legs and this general
observation has recently been proven scientifically: studies
by Chantraine and Witvrouw et al. confirmed an evident
association between soccer playing and genu varum [2, 3].
Soccer playing, particularly at higher competition levels
on a daily basis, induces an inordinate amount of load
and torque in the involved extremity [2, 3]. In a growing
skeleton, these forces are transferred further onto growth
plates that are subsequently asymmetrically activated [4–6].
Varus deformity in boys typically arises between the ages of
13 to 15, when the skeletal growth spurt is reached [2, 3, 7,
8]. Varus causes medial knee compartment overloading and

increases a risk for an early cartilage failure [9–12]. Bow-
legs additionally predispose athletes to patellofemoral pain
syndrome and meniscal lesions [8]. Current musculoskele-
tal MRI techniques may detect acute physeal injuries and
their late consequences [13, 14], but they are not able to
reveal chronic physeal dysfunction induced by the repetitive
loading. Diffusion-weighted MR imaging (DWI) is a novel
addition to the MR sequences which provides quantitative
information on microscopic movements of water at the
cellular level [15]. In musculoskeletal system, DWI has been
particularly useful for the differentiation of metastatic from
osteoporotic vertebral fractures, for the evaluation of bone
marrow pathology, such as infection and haematological
malignancies, and also for the detection of bone metastases
and their response to treatment [15–20]. The aim of the
current study was to evaluate usage of DWI in the chronic,
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Table 1: General and anthropometric data of adolescent soccer
players enrolled in the study (𝑁 = 11). Data are presented as mean
(SD).

Data Values (SD)
Height (cm) 169.2 (4.9)
Weight (kg) 59.3 (4.1)
BMI (kg/m2) 20.7 (1.3)
Lower limb alignment (mm)∗ 23.6 (16.2)
Years of training 6 (1.3)
KOOS score SPORT 100 (0)
Tegner Lysholm Knee Score 100 (0)
∗Average intracondylar (positive for varus) or intramalleolar (negative for
valgus) distance.

sports activity-related disturbances of growth plates. To the
best of our knowledge, this is the first time DWI was used
for evaluation of the growth plates around the knees. We
hypothesized that DWI-MRI is able to detect and quantify
water diffusibility changes in growth plates around the knees
of adolescent soccer players before and after intensive sports
participation.

2. Materials and Methods

The study was designed as a 4-month single-centre case
series. The protocol was approved by the National Medical
Ethics Committee (number 86/02/13). The work was con-
ducted in accordance with theDeclaration of Helsinki (1964).

2.1. Participants and Sports Activity. The study group com-
prised eleven asymptomatic junior members U14 of the
soccer clubNKMaribor, Slovenia, whohad a history of soccer
training for a minimum of 3 years. Informed consent was
obtained from all individual participants and their parents.
The following exclusion criteria were set: history of lower
limb surgery or any serious knee injury, musculoskeletal
abnormalities or systemic disease with a possible impact
on joints, or presence of metallic foreign bodies that would
had prevented MRI examination. Players’ general data and
physical examination (height, weight, hip, and knee range
of motion measurements) were acquired upon inclusion.
Clinical measurements of lower limb mechanical alignment
were conducted in a weight-bearing position with a calliper,
similarly as previously described [7, 21]. Demographic and
anthropometric data are summarized in Table 1.

The initial examinations and baseline MRIs were per-
formed at the end of “summer soccer vacation,” which had
lasted from mid-May 2014 till mid-June 2014. During this
one-month period the players were not involved in any
systematic soccer training. They were allowed to conduct
only low intensity running, swimming, and cycling. No
cutting and pivoting sports were performed during this
period. The players were asked to fill in daily activities
diary. After this quiet period, the players were enrolled into
preparations for the new season. They followed an intense
practice routine of circuit training workouts, aerobic and

anaerobic exercises with and without the ball, high intensity
running (sprinting and jogging), plyometric and isometric
exercises, and soccer training skills (kicking, ball control,
heading, dribbling, passing, and tackling). They were also
involved in the preparation matches. Participants were active
in the training process between 1.5 and 3.5 hours daily, 6 days
a week. The second MRI was conducted after two months of
such training, within 24 hours after their last sporting activity.

2.2. MRI Acquisition. Both MRI scans were performed on
a 3 T Signa Excite (General Electric, Waukesha, WI, USA)
MRI scanner using eight-channel transmit-receive knee coil.
Both knees were scanned in 7 players and only dominant leg
was scanned in 4 players due to limited parent consent. MRI
examinations were first performed in the proton-density fast
spin-echo (PD-FSE) sequence with eighteen fat-suppressed
slices in the coronal plane: TR (repetition time) = 2080ms,
TE (echo time) = 11ms, ETL = 6, ST (slice thickness) =
3mm, spacing = 0.3mm, FOV (field of view) = 18 cm, and
matrix = 384 × 384 (Figure 1). This pulse sequence has an
excellent spatial and contrast resolution and it is one of the
most commonly used in the routine knee MRI. It is clinically
utilized for diagnosing the areas of bone marrow oedema
(BME) as well as the analysis of the articular cartilage,
menisci, and cruciate ligaments. DWI was performed with
the echo-planar imaging (EPI) method. Ten 7mm slices
were acquired with 1mm gap, using the spin-echo single
shot technique at TR/TE = 8000/75ms, 20 cm FOV, and
160 × 256 matrix. Two image acquisitions were performed
for each DWI: one without (𝑏 = 0 s/mm2) and the other
with diffusion weighting (𝑏 = 400 s/mm2) with the inferior-
superior direction of gradient orientation. FOV included the
distal femur and proximal tibia in a coronal plane thereby
including the distal femoral and proximal tibial metaphysis
(Figure 2).

2.3. MRI Analysis. All MRI analyses andmeasurements were
performed by consensus of amusculoskeletal radiologist with
10 years of experience (MR) and an orthopaedic surgeon (ZK)
being blind to the study group and the examination time.
Theywere performed 2months after the lastMRI tominimize
bias resulting from the consensus reading.

Coronal fat-suppressed PD-FSE images were first anal-
ysed for any gross pathology in and around the knee.
Screening for BME was then performed. BME was defined as
an area of visually detected clearly increased signal intensity
in the bone marrow at least on two consecutive PD-FSE
images, measuring between 0.5 cm2 and 1.5 cm2. Larger
homogenous areas of slightly increased signal intensities,
foundpredominantly in the diaphysis of femur and tibia, were
not considered as BME, since they represent areas of active
redmarrow, whichmay be normally present in this age group
[22].

For DWI analyses, the region of interest (ROI) encircled
the border of the growth plates of femur and tibia in two
consecutive most central coronal slices. At each slice, ROIs
were divided into medial and lateral half (Figure 2) yielding
four regions: distal femur medial (DFM), distal femur lateral
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(a) (b)

Figure 1: Coronal PD fat-saturated FSE images show left knee of a 14-year-old soccer player before (a) and two months after (b) seasonal
training. Note the area of the increased signal intensity in the anterior aspect of the medial femoral condyle in (b) (arrow) compared to (a)
representing bone marrow oedema reflecting stress reaction or contusion during the training.

(a) (b)

Figure 2: A sample of DWI analysis in a 14-year-old soccer player before (a) and twomonths after (b) sport activity. First, the coronal surfaces
in the most central MRI were encircled (purple line). Each growth plate surface area was then halved to form four regions of interest for the
analysis. An apparent diffusion coefficient (ADC) was calculated in each of these regions.

(DFL), proximal tibia medial (PTM), and proximal tibia
lateral (PTL). In the follow-up examination, the same slices
were meticulously chosen for the analyses. From two DWI
image sets of different 𝑏 values, apparent diffusion coefficient
(ADC) maps were calculated. This was followed by the
calculation of ADC values (mm/s × 10−3) for each region
with the subsequent average of both slices. Also, the area of
each regionwas recorded and the averagewas calculated from
both consecutive slices representing the central growth plate
surface area (CGPSA) value (mm2).

2.4. Data Analysis. All the data are presented as mean values
with SD. Preactivity to postactivity values of CGPSA and the
ADC in each of the growth plate regions were compared by

Student’s 𝑡-test for paired samples with a statistical signifi-
cance set to 𝑃 < 0.05. The computer software IBM SPSS
Statistics, Version 20, was used. Post hoc power analysis of
ADC preactivity to postactivity values in the proximal tibia
medial growth plate (PTM) showed an effect size of 0.80
and a statistical power of 0.95 (calculated with G∗Power 3.1.7,
Universität Kiel, Germany).

3. Results

There was no gross pathology of cartilage, bone, ligaments, or
menisci diagnosed on preactivity or on postactivity images.
No intra-articular effusion was found in any case. Bone
marrow oedema was detected in three knees of different
individuals, always in the medial femoral condyle (Figure 1).
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Table 2: Measured values of the central growth plate surface area (CGPSA) in mm2 and the calculated apparent diffusion coefficient (ADC)
values in mm/s × 10−3 around the knees (𝑁 = 18) of adolescent soccer players before and after an intensive activity. Data is presented as mean
(SD); statistically significant pairs are marked with ∗.

Growth plate region Central growth plate surface area Apparent diffusion coefficient
Preactivity Postactivity Preactivity Postactivity

Distal femur medial 265.28 261.17 1.3679 1.3473
Distal femur lateral 277.67 272.28 1.2749 1.2202
Proximal tibia medial 193.33 191.67 1.1333∗ 1.0317∗

Proximal tibia lateral 213.72 210.39 1.2759 1.2177

In one knee, it was present before and after the soccer
training, whereas in the other two it was diagnosed only at the
follow-up examinations. CGPSA of all growth plates was not
significantly reduced: DFM 278 versus 272; DFL 265 versus
261; PTM 193 versus 192; and PTL 214 versus 210. A decrease
of ADC in all four growth plates occurred during the follow-
up but it was statistically significant only for PTM: DFM 1.27
versus 1.22; DFL 1.37 versus 1.34; PTM 1.13 versus 1.03 (𝑝 =
0.003); and PTL 1.28 versus 1.22 (Table 2 and Figure 2).

4. Discussion

The aetiology of genu varum in soccer is thought to be
multifactorial: ranging from natural selection of players with
a genetic predisposition to varus (varus knees have some
advantages for soccer performance) to mechanical overload
of proximal medial tibial physis [7]. The susceptibility of
growth plates to injury appears to be especially pronounced
during the period of rapid pubescent growth spurt [13, 23].
An accumulating number of clinical reports indicate that
intensive sport training may precipitate pathological changes
of the growth plate and even produce growth disturbance
[13]. An increased varus deviation around the knees of soccer
players in comparison to the same aged peers was also
observed during this time period [3, 7, 8, 10, 24]. Clinically
measured axial deviations of lower extremities in our study
group (mean ICD was 24mm) were comparable to the
reports of other authors (ICD from 22 to 33mm) for the
age matched soccer players [3, 7, 8]. Proximal tibial growth
changes due to repeated stress over the open growth plates
may be a possible mechanism of this axis deviation. Several
factors other than running and cutting manoeuvres unique
to the soccer may play a role as deforming forces of which
the ball kicking deserves special attention for its additional
torque movement which is unique to soccer when compared
to other sports. However, the exact mechanism or activity
that leads to increased medial growth plate stress remains
enigmatic.

The histological evaluation of growth plates in humans
is limited to the material retrieved at the surgical procedure,
epiphysiodesis, which cannot be used for systematic studies of
sporting population. Conventional radiography, CT, andMRI
had been used in the assessment of growth plates injuries in

the past [13, 25, 26]. Radiological diagnoses were based on
the widening of the physis, irregularity of the metaphyseal
line, and fragmentation or separation of the metaphysis [13,
14]. These radiological findings become visible only after
a period of a pain interval when an athlete is brought to
the radiological examination [13]. On the contrary, they fail
to show any changes in asymptomatic adolescent athletes.
To the best of our knowledge, DWI has not been utilized
for the evaluation of the growth plates around the knees
yet. It represents a novel diagnostic tool in which image
contrast is related to the random motion of water protons,
which differs in various tissue environments. It therefore
noninvasively reflects the tissue organizational features, prin-
cipally its cellularity [15]. Diffusion weighting in the spin-
echo echo-planar T2 weighted sequence is achieved by two
additional gradient pulses of equal magnitude and polarity
symmetrically positioned relative to the refocusing RF pulse.
The degree of diffusion weighting (𝑏 value) is determined
by the amplitude of the gradient pulses, as well as by their
duration and spacing. Two DWI acquisitions with different
𝑏 values enable calculation of ADC map. Higher ADC
values correspond to elevated diffusion in the extracellular
space; the motion of water is less restricted [20]. In areas
with high cellularity, molecular water mobility is impeded,
yielding lower ADC values [20]. One of the most important
findings of this study is the feasibility of DWI-MRI to detect
subtle, activity-related changes in the growth plates around
the knees of adolescent soccer players. The calculated ADC
values in the growths plates were lower than mean values
for free water (2.80 × 10−3mm2/s at 37∘C) [16], but higher
than ADC values for normal bone marrow (0.15 to 0.23 ×
10−3mm2/s) [16, 17]. Decreasing ADC values at the follow-up
examinations of adolescent soccer players, although not sta-
tistically significant, may reflect an increased cellularity in the
growth plates, possibly owing to thematuration. Significantly
lower ADC values in PTM growth plate disclose additional
reduction of water mobility in the extracellular space in this
region. This suggests that cellular structures in this zone are
even higher packed as a response to the extreme repetitive
rotational and pressure forces on the physes.This is consistent
with histological findings in animal studies (more numerous
chondrocytes, a notable increase in the hypertrophic cell
zone, and a progressive disorganization of the layers and
chondrocyte columns) after their growth plates were exposed
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to a compressive external impact [27, 28]. Consequently, we
can presume that higher cellularity in medial tibial growth
plate indicates the greatest impact of soccer training on
the medial tibial growth plate. This is in accordance with
the higher incidence of varus angulation among soccer
players at the end of growth spurt [3, 7, 8]. It is also in linewith
general varus deformity of the knee, which is typically caused
by deficiency in the medial tibia plateau, since distal femoral
surface usually remains in valgus to neutral alignment to the
long axis of femur [29]. Preserved CGPSA during the follow-
up could be probably related to a relatively short follow-up
period. This finding further emphasizes the importance of
DWI for detection of cellularity, which seems to be more
sensitive indicator of growth plate activity than its surface
area.

BME signal is an unspecific MRI finding showing
increased water content in the bone marrow accompanying
fracture, stress reaction, bone contusion, inflammation, or
tumour. Therefore the correlation with other imaging and
clinical findings is necessary. The few areas of BME, found
in three cases, most probably represent an unspecific stress
reaction that was previously already described by Soder et al.
in their study of asymptomatic adolescent soccer players [30].
Preserved integrity of menisci as well as the lack of larger
joint effusion, cartilage, or cruciate lesion is in accordance
with previous studies ofMRI findings in asymptomatic junior
athletes [31, 32].

The presented study has the following limitations. The
study group was rather small therefore necessitating the
confirmation of the results by a prospective study on a larger
number of sporting and nonsporting adolescent subjects.
To minimize bias resulting from consensus analyses by the
MSK radiologist and the orthopaedic surgeon, MRI analyses
were performed 2 months after the last MRI. Still, this might
represent another study limitation. DWI with low 𝑏 value
(so-called “black blood” images) is susceptible to influences
related to perfusion and T2. However we were cautious not
to lose signal also in the growth plates with higher 𝑏 values,
being aware of biexponential behaviour of the signal intensity
decay observed with increasing 𝑏 values [15], in particular
in the context of a limited experience in DWI of growth
plates. Calculating the average ADC and growth plate area
from several slices could be more accurate, but it would be
also time-consuming and more complex for data analyses.
The main advantage of DWI is in its quantitative nature that
limits the observer’s variability only to ROI delineation. In
clinical routine, the articular cartilage, menisci, effusion, and
cruciate ligaments are evaluated in both coronal and sagittal
plane in one of standard sequences. We did not perform PD
sequence in the sagittal plane for the time reasons; therefore
some smaller lesions and effusions could have been missed.
However, they were not clinically considered in any of the
participants. To date, we have no data available on the kinetics
and duration of ADC changes in the growth plates after an
activity. To answer this question properly, a continuous daily
scanning would be required. We currently also do not have
any data on the normal values of ADC in growth plates of
certain age groups; however, pre- and postactivity imaging
allowed us to detect relative changes in ADC.

5. Conclusions

The presented study confirmed the feasibility of DWI in
the evaluation of growth plates. Quantitative DWI measure-
ments indicate increased cellularity in the medial part of
the proximal tibial growth plate around the knee linked to
intense soccer training in asymptomatic adolescent players.
This suggests an asymmetric growth plate involvement that
may consequently lead to bow-leg deformity. No detectable
differences on a standard PD-FSE sequence were observed.
Having a quantitative imaging tool for growth plates evalua-
tion is important to delineate harmful sporting activities and
to avoid or modify them accordingly to prevent long-term
impacts on the growing skeleton.
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Subchondral bone marrow lesions (BMLs) are related to structural and symptomatic osteoarthritis progression. However, it is
unclear how sequence selection influences a quantitative BML measurement and its construct validity. We compared quantitative
assessment of BMLs on intermediate-weighted fat suppressed (IWFS) turbo spin echo and 3-dimensional dual echo steady state (3D
DESS) sequences. We used a customized software to measure 30 knees’ (24- and 48-month MR images) BMLs on both sequences.
The results showed that the IW FS sequences have much larger BML volumes (median: IW FS = 1840mm3; DESS = 191mm3) and
BML volume change (between 24 and 48months) than DESS sequence and demonstrate more BML volume change.The 24-month
BML volume on IW FS is correlated with BML volume on DESS (𝑟

𝑠
= 0.83). BML volume change on IW FS is not significantly

correlated with change on DESS. The 24-month WOMAC pain is correlated with the 24-month BMLs on IW FS (𝑟
𝑠
= 0.39) but

not DESS. The change in WOMAC pain is correlated with BML volume change on IW FS (𝑟
𝑠
= 0.37) but not DESS. Overall, BML

quantification on IW FS offers better validity and statistical power than BML quantification on a 3D DESS sequence.

1. Introduction

Subchondral bone marrow lesions (BMLs) are common
findings on magnetic resonance (MR) images of knees with
osteoarthritis (OA) and relate to structural and symptomatic
progression of OA [1–3]. While BMLs are often assessed
on intermediate-weighted fat suppressed (IW FS) or similar
sequences [4] some researchers have also evaluated BMLs on
3-dimensional dual echo steady state (3D DESS) sequences
or other similar sequences that are used for cartilage mea-
surements [5]. The latter approach enables a time- and cost-
efficient method to assess changes in BMLs and cartilage on
the same sequence [6]. One prior study provided a head-
to-head cross-sectional comparison using a semiquantitative

measure of BML and demonstrated that IW FS sequences
are more sensitive to detecting BMLs [7]. No studies to our
knowledge have evaluated the measures longitudinally nor
have any studies compared the association of BMLsmeasured
with the two different sequences as they relate with pain,
which would provide insight into the construct validity of the
BMLs measured using the two different sequences [7]. The
purpose of this study was to compare assessment of BMLs
on IW FS and 3DDESS sequences both cross-sectionally and
longitudinally using quantitative assessments and to evaluate
their construct validity against knee pain.We anticipated that
BML volumes and change of volumes would be larger on IW
FS than on a 3D DESS sequence but that construct validity
would be similar.
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2. Methods

2.1. Participants. We chose 30 knees from the Osteoarthritis
Initiative (OAI) with 24- and 48-month MR images as
well as complete data from the OAI Bone Ancillary Study
(i.e., subchondral bonemineral density,MR-based trabecular
morphometry, meniscal readings, and cartilage damage). We
enriched the study sample by selecting knees with or without
medial joint space narrowing to increase the heterogeneity
of BML size and BML change. Fifteen knees were selected
among thosewith an increase inmedial joint space narrowing
(OARSI score) between the 24- and 48-month OAI visits.
An additional 15 knees with no increase in medial joint
space narrowing were also selected. Increase in joint space
narrowing was defined as any increase in OARSI joint space
narrowing score [8] including within-grade changes.

2.2.MR Images. All of the knees had IWFS and 3DDESSMR
images. The IW FS turbo spin echo and 3D DESS sequences
were acquired using the OAI MR imaging protocol [9]. The
IW FS sequence with field of view = 160mm, slice thickness
= 3mm, skip = 0mm, flip angle = 180 degrees, echo time =
30ms, recovery time= 3200ms, 313×448matrix,𝑥 resolution
= 0.357mm, 𝑦 resolution = 0.511mm, and total slice number
= 37.The 3DDESS sequence with field of view = 140mm, slice
thickness = 0.7mm, skip = 0mm, flip angle = 25 degrees, echo
time = 4.7ms, recovery time = 16.3ms, 307 × 384 matrix, 𝑥
resolution = 0.365mm, 𝑦 resolution = 0.456mm, and total
slice number = 160.

2.3. Semiautomated BML Segmentation. We designed a cus-
tomized semiautomatic software to measure BMLs on both
sequences. “BMLs are characterized as areas of high-signal
intensity within bone on fat suppressed MR images [10, 11].
One reader used the software to place a large region of interest
(ROI) around a BML. The software first applies threshold
filter to convert selectedROI into binary image.The threshold
is calculated based on the intensity histogram distribution
within the region of interest. The follow-up slice used the
same threshold on the corresponding baseline slice. Then a
dilation filter is used to merge connected regions. Finally,
the software removes small noise pixels. The user performs
a final quality control to ensure the BMLs had been correctly
segmented on each slice. The user can manually adjust the
threshold and remove non-BML regions. To colocate the
corresponding BMLs on baseline and follow-up images, we
used dual screens to display simultaneously baseline and
follow-up MR images.” We summed the femur and tibia
BMLs to generate a whole knee BML volume.

We firstmeasured 30 pairs (baseline and follow-up) of IW
FS images and then 30 pairs of 3DDESS images.We randomly
selected 15 knees from the analytic dataset to assess intratester
reliability. The two measurements were separated by at least
72 hours. Intratester (ICC [3, 1model] [12]) reliability for IW
FS baseline is 0.99 and IWFS change is 0.84; the reliability for
3D DESS baseline is 0.97 and 3D DESS change is 0.93.

2.4. Clinical Data. Knee pain was measured using the West-
ern Ontario andMcMaster University (WOMAC) pain score

[13]. Radiographic measure of joint space narrowing (JSN)
has been previously described in detail [14].The radiographs,
central readings, and protocols are publicly available at the
OAI website (kxr sq bu 00 [version 0.5] and kxr sq bu 03
[version 3.5]; http://oai.epi-ucsf.org/; reliability for these
readings was good with kappa = 0.70 to 0.88.)

2.5. Statistical Analyses. An a priori power calculation
revealed 30 participants were needed to detect a Pearson
correlation of 0.50 with 𝛼 = 0.05 and 80% power. A post hoc
power calculation showed that, using the same parameters,
we have >75% power to detect a Spearman correlation >0.50.
To determine the distribution ofwhole knee BMLvolumes on
each sequence we calculated medians and the 25th, 75th per-
centiles for BML volumes on both sequences. We performed
a Wilcoxon signed rank sum test to compare BML volumes
on the IW FS and 3D DESS sequences. Bland-Altman-like
plots [15] were generated using the median (rather than the
mean) of the difference for the horizontal line. We calculated
Spearman correlations (𝑟

𝑠
) to assess the relationship of 24-

month BML volume and BML volume change (48-month
BMLs minus 24-month BMLs) between IW FS and 3D
DESS sequences. Finally, to determine construct validity we
calculated Spearman correlations between 24-month BMLs
on both sequences with 24-month WOMAC pain score. We
also calculated the Spearman correlations of BML volume
change on both sequences with WOMAC pain change (48-
monthWOMAC pain score minus 24-monthWOMAC pain
score).

3. Results

The study sample consisted of 30 right knees among 16 males
and 14 females. The mean age was 64.0 (SD 9.4) years and
mean body mass index was 30.7 (SD 5.3) kg/m2, with a mean
WOMAC pain score of 4.4 (3.9) and an average change in
WOMAC pain of 0.7 (3.7) over 24 months of follow-up.
Twenty-five knees (83%) had radiographic OA (Kellgren-
Lawrence grade ≥ 2).

3.1. BMLs on IW FS and 3D DESS Sequences. There were
87 BMLs on IW FS 24-month visit. 3D DESS detected 75%
of them (65 out of 87 BMLs). BMLs measured on the IW
FS sequences had statistically significantly larger volumes
than those measured on 3D DESS sequences (𝑝 < 0.0001,
24-month BMLs IW FS = 1840 (median) [290, 3588] (25th
and 75th percentiles) mm3; 3D DESS = 191 [40, 1048]mm3;
Figure 1(a)). The difference in BML volumes between
sequences is greater among knees with larger BMLs than
knees with smaller BMLs (the larger the BMLs, the greater
the difference between sequences, Figure 1(b)).

The IW FS sequence generally demonstrated more BML
volume change (BMLs change between 24-month and 48-
month: IW FS = 27 [−320, 2166]mm3; DESS = 2 [−110,
187]mm3) than 3D DESS sequence (Figure 1(c)). The dif-
ference of BML volume change between the two sequences
was greatest among knees with larger BML volume change
(Figure 1(d)).
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Figure 1: (a) Scatter plot of baseline BML volumes on IW FS versus 3D DESS. (b) Modified Bland-Altman plot of IW FS minus 3D DESS.
(c) Scatter plot of BML volume change on IW FS versus 3D DESS. (d) Modified Bland-Altman plot of BML volume change on IW FS minus
change on 3D DESS.

The 24-month BML volume on IW FS was correlated
with the 24-month BML volume on 3D DESS (Figure 1(a),
𝑟
𝑠
= 0.83, 95% confidence interval [95% CI] = 0.66 to

0.91). However, BML volume change on IW FS was not
significantly correlated with the BML volume change on
3D DESS (Figure 1(c), 𝑟

𝑠
= 0.33, 95% CI = −0.04 to

0.61).
Three knees did not have any BML volume detected by

either sequence at either time point. IW FS detected a larger
absolute change than DESS in 26 of the 27 knees that had
BMLs.

3.2. BMLs andWOMAC Pain. The 24-monthWOMAC pain
was statistically significantly correlated with the 24-month
BML volume on IW FS (𝑟

𝑠
= 0.39, 95% CI = 0.02 to 0.65; see

Supplemental Figure 1(A) in Supplementary Material avail-
able online at http://dx.doi.org/10.1155/2015/731903) but not
the 24-month BML volume on 3D DESS (𝑟

𝑠
= 0.27, 95% CI

= −0.11 to 0.57; see Supplemental Figure 1(B)). The change in
WOMAC pain was correlated with BML volume change on
IW FS (𝑟

𝑠
= 0.37, 95% CI = 0.01 to 0.64) but not with BML

volume change on 3D DESS (𝑟
𝑠
= −0.19, 95% CI = −0.51 to

0.19).
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(a) (b)

Figure 2: (a) BML on IW FS sequence. (b) Same BML on 3D DESS sequence.

4. Discussion

This study confirms that the selection of appropriate MR
pulse sequence to measure BMLs is important. We verified
our hypothesis that IW FS sequences are more sensitive in
detecting BMLs as compared to DESS sequences, sequences
that are optimized to evaluate articular cartilage, as expected.
We also found that the correlation between BML volume
and knee pain was qualitatively greater in magnitude and
statistically significant when using BML measurements from
the IW FS sequences compared to those measured using
DESS sequences. Although evaluating BMLs on 3D DESS
sequences would enable a time- and cost-efficient method to
assess changes in BMLs and cartilage on the same sequences,
our results indicate that a study doing so may require a
larger sample size to overcome the lack of sensitivity for
measuring BMLs, especially those of larger volume, and
decreased correlations with pain.

In a recent published paper [16], there were 74% BMLs on
T2-weighted sequences which were also seen on T1-weighted
sequences, similar to our results (75% BMLs on IW FS se-
quence were detected on 3D DESS sequence). We also found
that the sizes of BMLmeasured on IW FS generally are larger
than those measured on 3D DESS (Figure 2). The cross-
sectional study by Hayashi et al., using a semiquantitative
BML assessment, similarly found that measurements taken
using IW FS sequences demonstrate larger subchondral
BMLs in 186 (93%) subregions when compared to the DESS
sequences [7].

BMLs are an important feature of knee OA that is
associated with pain [1, 17, 18]. In this study, we found
BML volume and BML volume change on IW FS sequence
had stronger associations with knee pain and knee pain
fluctuation than when BMLs were measured on 3D DESS
sequences.

An important limitation of this study is its small sample
size. However, by selecting a small sample size, this allowed us
to detect differences in the strength of associations between
both cross-sectional and longitudinal change in BML vol-
umes measured using the two sequences as compared with
WOMAC pain.

5. Conclusions

Generally, BMLs are detected on both IW FS and 3D DESS
sequences. There is an association of BML volumes on
both sequences at baseline though the point estimates are
smaller when assessing BML volume change. IWFS sequence
usually has larger BML volumes than DESS sequence and
may be more sensitive to change. The quantitative BMLs
measurement on IW FS sequence also provided larger cor-
relation coefficients with pain than the 3D DESS both cross-
sectionally and longitudinally. Overall, these results do not
support the use of DESS sequences as optimal sequence to
measure BMLs. While it is feasible, BMLs measured on 3D
DESS sequences will underestimate BML size, BML change,
and some associations (e.g., with knee pain).
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Background. Liver disease associated with cystic fibrosis (CFLD) is the second cause of mortality in these patients. The diagnosis is
difficult because none of the available tests are specific enough. Noninvasive elastographic techniques have been proven to be useful
to diagnose hepatic fibrosis. Acoustic radiation force impulse (ARFI) imaging is an elastography imaging system. The purpose of
the work was to study the utility of liver and spleen ARFI Imaging in the detection of CFLD.Method. 72 patients with cystic fibrosis
(CF) were studied and received ARFI imaging in the liver and in the spleen. SWV values were compared with the values of 60
healthy controls. Results. Comparing the SWV values of CFLD with the control healthy group, values in the right lobe were higher
in patients with CFLD.We found a SWVRHL cut-off value to detect CFLD of 1.27m/s with a sensitivity of 56.5% and a specificity of
90.5%. CF patients were found to have higher SWC spleen values than the control group.Conclusions. ARFI shear wave elastography
in the right hepatic lobe is a noninvasive technique useful to detect CFLD in our sample of patients. Splenic SWV values are higher
in CF patients, without any clinical consequence.

1. Introduction

Hepatic chronic disease associated with cystic fibrosis is the
second cause of mortality in cystic fibrosis (CF) patients.
The real prevalence of cystic fibrosis liver disease (CFLD)
is unknown (it is estimated between 13 and 25%) owing
to its difficult diagnosis because none of the available tests
are specific or sensitive enough and also because there is a
discrepancy between the ultrasound findings, the laboratory
tests, and the clinical manifestations [1, 2].

CFLDusually appears during childhood,with a peak inci-
dence in teenage years, and usually has a progressive and slow
course. Clinical manifestations of the disease are varied and
include neonatal cholestasis, asymptomatic hepatomegaly,
liver steatosis, biliary tract complications, and portal hyper-
tension, which may require hepatic transplantation [3–5].

CFLD happens more frequently in males, in patients
with severe mutations, and in patients with pancreatic

insufficiency,with a poor nutritional status, andwith a history
of neonatal meconium ileus. No specific mutation has been
associated with the presence and severity of CFLD [2, 6, 7].

Transaminase levels are altered when the disease is
advanced.This is due to the fact that the primary involvement
of the disease is biliary, and transaminase values are related
to hepatocyte injury rather than to biliary function. For
this reason, hepatic involvement is usually subclinical and a
combination of clinical examination and different laboratory
and imaging techniques is required tomake the diagnosis. Dr.
Colombo et al. [6] criteria have been accepted for diagnosing
CFLD and consist in two of the following findings which are
seen at least during two consecutive visits in one year:

(1) Hepatomegaly, with liver edge >2 cm below costal
margin in the midclavicular line and confirmed by
ultrasound,
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(2) at least 2 of the 3 of AST, ALT, and GGTP above the
upper limit of normal.

Ultrasound altered parenchymal pattern (diffuse high echo-
genicity suggestive of steatosis) is not considered a diagnostic
criterium.

The use of hepatic biopsy is controverted in these patients
because it is an invasive technique which may have com-
plications and also because there is a 20% of interobserver
variability [8]. Furthermore, biliary focal fibrosis, which is
the typical pathologic lesion in CFLD, has a patchy liver
involvement, which may be related to false negative results
after liver biopsy. Because of these reasons biopsy is not used
as a screening technique to estimate fibrosis [6, 9, 10], but
rather it is used just in dubious cases or when cirrhosis is
suspected.

During the last years noninvasive elastographic tech-
niques have been developed and have been proven to be
useful to diagnose hepatic fibrosis. Acoustic radiation force
impulse (ARFI) imaging (Siemens-ACUSON) is an ultra-
sound elastographic technique which is integrated in an
ultrasound device, based on the measurement of shear wave
velocity (SWV) in a ROI (region of interest). SWV is related
to mechanic tissue properties; the higher the shear wave
speed, the higher the rigidity of the tissue [11].

So far, the authors have found a few articles that report the
usefulness of ARFI in the detection of CFLD, in which [9, 12–
16] higher SWV values are found in patients with a higher
risk of hepatic involvement. However, these studies did not
have a group of healthy controls to compare the SWV values.
Recently some articles have been published reporting the
usefulness of hepatic and splenic ARFI in predicting the risk
of portal hypertension and the appearance of oesophageal
varices or variceal bleeding in adults [17–20]. However, we
have not found studies concerning the usefulness of splenic
ARFI in the detection of CFLD.

The aim of the present study is to evaluate the usefulness
of hepatic and splenic ARFI in the detection of CFLD.

2. Materials and Methods

The study was performed during July 2015. Seventy-two
patients with CF disease (45 boys and 27 girls) between
9 months and 18 years old were included. The study was
approved by the local ethical committee andwritten informed
consent was obtained in all cases. All patients received the
same day abdominal ultrasound, Doppler study, and hepatic
and splenic ARFI study and laboratory blood tests within
one month. Dr. Colombo et al. criteria were used to diagnose
CFLD [6, 9].

SWV values were compared with the values of healthy
controls previously studied by the authors [21, 22].

Anthropometric and other data of the patient were saved
and studied, including age, gender, body mass index (BMI),
history of neonatal meconium ileus, presence of pancreatic
insufficiency, treatment with ursodeoxycholic acid, labora-
tory tests results, and pulmonary function (FEV1). Exclusion
criteria were coinfection by hepatotropic viruses, hepatic

Table 1: Williams ultrasound score [23].

Points 1 2 3
Parenchyma Normal Coarse Irregular
Echogenicity
(periportal fibrosis) None Moderate Severe

Liver edge Smooth Irregular Nodular
Score 3 (normal) >4 (hepatopathy) 9 (cirrhosis)

Figure 1: Shear wave velocity (SWV) measurement with the 4 C1
probe in a region of interest 1 × 0.5 cm at a depth of 2,3 cm. SWV =
1.35m/s.

disease of other causes, and hepatic surgery history. No
patient of the selected group was excluded.

2.1. Ultrasound. All patients received an ultrasound exami-
nation of the abdomen, a portal and splenic color and spectral
Doppler examination, and left hepatic vein color and spectral
Doppler examination using a convex ultrasound-probe (4C1-
probe, Siemens-ACUSONS2000,MountainView, CA,USA).
The abdominal ultrasound included a detailed examination
of the liver, and hepatic involvement was graded according
to Williams scale [23], Table 1. This scale considers hepatic
echotexture, periportal echogenicity, and hepatic surface
nodularity and scores the findings, 3 normal, over 4 sug-
gestive of hepatopathy, and 9 suggestive of cirrhosis. Signs
of portal hypertension, presence of ascites, and focal liver
lesions were evaluated.

2.2. ARFI. ARFI hepatic and splenic elastography was per-
formed using a convex multifrequency probe (4C1) on an
ACUSON S2000 device (Siemens Medical Solutions, Moun-
tain View, CA, USA) with the specific software for generating
and tracking shear waves Virtual Touch Tissue Quantifica-
tion. All studies were performed by a radiologist with 3 years
of experience in performing ARFI. SWV was measured in
several ROIs within the liver and the spleen. A rectangu-
lar ROI with fixed dimensions (1 × 0.5 cm) was adjusted
under ultrasound control in the liver and in the spleen
to avoid identifiable blood vessels and biliary structures
(Figure 1).

Patients were supine and breathing normally when mea-
surementswere performed. For children younger than 7 years
old, a subcostal approach was used; in children over 7 years
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Table 2: Liver and spleen ARFI shear wave velocity normal values
[21, 22].

Mean (SD) 95% confidence
interval

SWV right hepatic lobe (m/s) 1.19 (0.13) 1.15–1.23
SWV left hepatic lobe (m/s) 1.27 (0.19) 1.22–1.32
SWV spleen (m/s) 2.17 (0.35) 2.08–2.26

old, an intercostal approach was used. Minimal scanning
pressure was applied by the operator. Five valid measure-
ments of SWV were performed in each hepatic lobe (right
hepatic lobe (RHL) and left hepatic lobe (LHL)) deeper
than 1 cm from the probe; and five valid measurements
were performed in the spleen. SWV means and standard
deviations were calculated for each hepatic lobe and for the
spleen in each patient; the results were expressed in meters
per second (m/s). Unreliable velocity measurements caused
the machine to automatically display XXXX and were not
taken into consideration in shear wave velocity calculations.
The number of nonvalid measurements was not registered.
Measurements were repeated until five reliable values for a
complete examination were obtained. The range of depths
between which the measurements were taken was 2,55–
5,86 cm in the RHL, 1,96–5,40 cm in the LHL, and 1,72–
4,73 cm in the spleen.

Liver and spleen SWV values were compared to those
obtained and published by the authors in healthy children
[21, 22], Table 2.

2.3. Laboratory Tests. Blood tests were performed to all
patients either the same day of the ultrasound and ARFI or
after one month. The tests included determination of necro-
biosis enzymes, alanine-aminotransferase (ALT or GPT)
and aspartate-aminotransferase (AST or GOT); of cholesta-
sis enzymes 𝛾-glutamyl-transpeptidase, alkaline phosphatase
(AP), and total and direct and indirect bilirubin; of hepatic
synthesis markers: glucose, albumin, and cholinesterase; and
also of prothrombin time.

2.4. Statistical Analysis. SPSS 21.0 (IBM, Armonk, NY) was
used for statistical analysis. 𝑃 values < 0.05 were consid-
ered to indicate statistical significance. Normal distribution
was tested using Kolmogorov-Smirnov test. Data followed
normal distribution and parametric test was used. To make
comparison between two groups Student’s 𝑡-test was used. To
make comparison across groups ANOVA test and Bonferroni
test were used. Correlations were assessed by Pearson’s
correlation coefficient. Moreover the areas under the ROC
(AUROC) curves were calculated. Cut-off values for the
prediction CFLD were defined using Youden’s index. The
optimal cut-off was defined as the cut-off with the highest
sum of sensitivity and specificity.

3. Results

Seventy-two patients with CF were studied. Patient charac-
teristics are shown in Table 3. Fifty-four patients with CF

without LD (75%) and 20withCFLD (86,95%) had pancreatic
insufficiency. Ten patients with CF without LD (13,88%)
and five with CFLD (21,73%) had a history of meconium
ileum. Pulmonary function mean (FEV1) in CFLD patients
was 91% and that of patients with CF without CFLD was
87,85%.

3.1. Ultrasound. Based onWilliams ultrasound score patients
were divided into score 3 (normal ultrasound) and scores
4–9 (mild to moderate hepatopathy), Table 2. In the group
of patients with CFLD there were 12 patients with normal
ultrasound and 11 patients with altered ultrasound. In the
group of patients without liver involvement 39 of the patients
had a normal ultrasound and 10 patients had altered ultra-
sound. None of the patients had cirrhosis ultrasound criteria
or ascites.

3.2. Hepatic ARFI. No statistically significant difference was
found between both SWV in the right hepatic lobe and SWV
in left hepatic lobe between healthy children (𝑛 = 60) and
the global CF group (𝑛 = 72) (RHL 𝑃 = 0.386 and LHL 𝑃 =
0.578). In CF patients SWV values were higher in the LHL
than in the RHL (𝑥 = 1.29m/s and 𝑥 = 1.22m/s, resp., 𝑃 =
0.019), as happens in healthy children [12, 21].

Results of the ANOVA test are shown in Table 4. Com-
paring the SWV values of RHL in the three groups (group
I: healthy children; group II: children with CF without liver
disease; group III: childrenwithCFLD)we found a significant
value of 𝐹 (𝑃 = 0.003). The post hoc comparisons indicate
that the differences are due to the comparison between group
III (CFLD) and groups I (control healthy group) and II (CF
without liver disease) because values in the RHL were higher
in patients with CFLD. However, no difference was found
comparing LHL values (𝑃 = 0.397).

When we calculate the area under the ROC curve,
we found a SWV RHL cut-off value to detect CFLD of
1.27m/s, with a sensitivity of 56,5% and a specificity of 90,5%
(Figure 2). The AUROC for SWV in the RHL was 0.746 𝑃 <
0.001 (95%CI 0.61–0.88).TheAUROCcurve (0.529) for SWV
in the LHL was not significant.

3.3. Splenic ARFI. CF patients were found to have higher
SWV than the control group of healthy children (𝑃 < 0.0001).
No significant difference was foundwhen comparing patients
with CFLD (𝑛 = 23) with those CF patients without hepatic
involvement (𝑛 = 49), Table 4.

3.4. Laboratory Tests. Pearson correlation was calculated
between RHL SWV and the following variables: BMI, FEV 1,
GOT, GPT, GGT, FA, bilirubin, glucose, cholinesterase, and
prothrombin time. A negative correlation was found with the
BMI (−0.239,𝑃 = 0.044) and a positive correlation was found
with GOT (0.397,𝑃 = 0.001) andGGT (0.386,𝑃 = 0.001). No
other significant correlation was found. Pearson correlation
was calculated between splenic SWV and the same variables,
and no significant correlation was found.

No significant differences were found in the laboratory
variables, BMI and FEV1, between patients with CFLD and
patients with CF without CFLD, Table 4.
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Table 3: Patient characteristics.

Patients without CFLD Patients with CFLD All patients with CF
𝑁 49 23 72
Sex: H–M 28–21 17–6 45–27
Age: mean (SD) (95% CI) 9,99 (5,3); 0,9–18 10,56 (4,41); 0,9–18 10,18 (5,02); 0,9–18
BMI: mean (SD); 95% CI 17,67 (2,92); 9,5–23 17,3 (3,2); 12,8–26,5 17,56 (2,99); 9,5–26,5
Patients with pancreatic insufficiency 34 20 54
Patients with history of neonatal meconium ileus 5 5 10
Pulmonary function: FEV1: mean (SD) 87,85 (15,21) 91,04 (16,17) 88,96 (15,5)
Williams ultrasound score

(i) Points <3 39 12 51
(ii) Points between 4 and 8 10 11 21

Table 4: Comparison between healthy patients and patients with CF with or without CFLD. ANOVA test and post hoc (Bonferroni) for SWV
in right hepatic lobe (RHL), left hepatic lobe (LHL), and spleen. Student’s 𝑡-test for the main variables, BMI and FEV1.

Group I Group II Group III

𝐹/𝑡 𝑃 Post hoc comparisonHealthy children Patients with CF without liver disease Patients with CFLD
𝑁 = 60 𝑁 = 49 𝑁 = 23

Mean (SD) Mean (SD) Mean (SD)

RHL 1.19 (0.13) 1.18 (0.18) 1.31 (0.16) 6.023 0.003 Group I–group III
Group II-group III

LHL 1.27 (0.19) 1.27 (0.24) 1.34 (0.30) 0.930 0.397

Spleen 2.16 (0.35) 2.51 (0.30) 2.51 (0.31) 18.154 <0.0001 Group I-group II
Group I–group III

FEV1 87.85 (15.21) 91.05 (16.17) −0.777 0.440
BMI 17.67 (2.92) 17.30 (3.19) 0.48 0.633
GOT 33.94 (13.03) 64.17 (114.47) −1.82 0.073
GPT 27.5 (14.08) 54.13 (101.43) −1.79 0.077
GGT 15.5 (14.56) 79.79 (272.87) −1.64 0.106
AP 187.89 (61.79) 189.65 (73.82) −0.105 0.917
TB 0.63 (0.54) 0.31 (0.16) 1.229 0.223
Glu 93.79 (10.37) 95.26 (16.75) −0.454 0.651
Albu 4.03 (0.30) 3.97 (0.27) 0.943 0.349
Colin 9370.23 (2051.30) 8493.68 (1398.98) 1.693 0.096
RHL = right hepatic lobe; LHL = left hepatic lobe; FEV1 = pulmonary function; BMI = body mass index; GOT = aspartate-aminotransferase; GPT = alanine-
aminotransferase; GGT = 𝛾-glutamyl-transpeptidase; AP = alkaline phosphatase; TB = total bilirubin; Glu = glucose; Albu = albumin; Colin = cholinesterase.

4. Discussion

Owing to the increasing life expectancy of CF patients, CFLD
has more time to appear and progress and it is nowadays
the second cause of death in CF patients. The mechanisms
involved in the pathogenesis of liver disease in CF are
largely unknown. The absence or dysfunction of the fibrosis
regulator protein (CFTR) is thought to be key in the patho-
genetic sequence of cystic fibrosis associated liver disease.
CFTR is expressed in the membrane of the intrahepatic and
extrahepatic biliary canaliculi cells and in the gallbladder
epithelial cells, but it is not present in the hepatocytes, so
the damage in this condition is primary biliary and causes
increased bile viscosity. This leads to bile duct plugging, and
biliary obstruction and chronic cholestasis ensue. Associ-
ated pathological findings include inflammation, paraductal
mucinous cysts, mural fibrosis, biliary ductal proliferation,

and periportal fibrosis [2, 24]. Secondary hepatocyte injury
eventually occurs.

The histologic typical lesion is focal biliary fibrosis
(Figure 3). Lesions may be confluent and eventually progress
to multilobular cirrhosis. In it, lobules are not equally
involved and relatively normal lobules can be found among
involved ones. The left hepatic lobe may be more involved
than the right one [2]. CFLD diagnosis is difficult and the use
of hepatic biopsy is controverted, so noninvasive techniques
are being investigated and used, among them elastographic
techniques.

ARFI is an elastography imaging system based on SWV
measurement that has been found to be a reliable tool for
estimating fibrosis in adults, with good accuracy in the
diagnosis of significant liver fibrosis and excellent accuracy
in the diagnosis of significant fibrosis and cirrhosis [11, 25].
Most of the published articles are based on findings in HCV
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Figure 2: ROC curve for SWV in the RHL.

patients, or else mixed groups of patients including HCV
and HBV [26, 27]. Articles based on studies on children
are scarce, and in them the sample of patients usually is
heterogeneous with different causes of liver disease [28–30].
Since SWV values may be different in different liver diseases,
it seems reasonable to study SWV in each disease separately.
The main purpose of this study was to find SWV values in
CFLD in children and to compare themwith CFwithout liver
disease, using as reference of normality the results of previous
study of the authors in healthy children [21, 22]. The range
of normal values in healthy children was 1.15–1.23m/s. The
results of the present study obtain a cut-off value of 1.27m/s
to detect CFLD, with a sensibility of 56,5% and a specificity
of 90,5%. Friedrich-Rust et al. [16] propose a cut value of
1.42m/s in adult patients with CF with a sensibility of 54.17%
and a specificity of 93.90%. The higher cut value obtained by
Friedrich may be related to the fact that the studied patients
were adult, possibly withmore advanced liver involvement. A
value of 1.27m/s really is not very far from a value of 1.23m/s,
with the first considered the cut value for abnormality and
the second considered the upper range limit for the mean
of SWV in healthy children. This may pose a problem for
result interpretation. Studies with larger samples may adjust
the values further. In this sense, it would be of interest to
carry out a longitudinal study of the values in CF with the
same patients. It would be interesting to find if SWV values
change along time in CFLD. Presumably SWV values will
increase with time in CFLD and in those patients in which
LD develops, but this has to be studied specifically.

This study was designed to measure SWV in both hepatic
lobes separately. On one hand ARFI systematic study has
been agreed in the literature to be performed in the RHL
because SWV LHL values are higher than RHL values both
in healthy adults and children; in adults LHL values are also
more disperse. It is thought that this difference may be due

to the closeness of the heart and its pressure on the liver
[31, 32]. On the other hand, liver involvement is patchy in
CF patients and it has been reported that the LHL may be
more affected than the RHL. So another purpose of this work
was to study if there are differences between SWV values
in both hepatic lobes in CF patients. Our results show that
LHL SWV are higher in CF patients, but we have not found
difference between patients with and patients without CFLD.
So in the same way as Friedrich-Rust et al. [16] we do not
think it necessary to measure LHL SWV in the evaluation of
liver involvement in CFLD.

Necrobiosis enzymes (AST and ALT) and cholestasis
enzymes (GGT and FA) allow detecting hepatic involvement
which is not evident at exploration and even with ultrasound.
On the other hand, there may be hepatic involvement with
normal enzymes. In this study a significant positive correla-
tion has been found between RHL SWV and GOT and GPT
values.This association between high transaminase levels and
high SWV values has been described in the literature [33]
and indeed it is considered a confounder in the estimation
of hepatic fibrosis in chronic liver disease in adults, so the
recommendation in adults is to perform the evaluation for
fibrosis estimation avoiding periods with transaminase flares.
It seems reasonable to think that this must be considered also
when evaluating CFLD.

Another aim of the present study was to evaluate splenic
SWV, taking into account the hemodynamic relationship
between liver and spleen, and the secondary splenic involve-
ment of the spleen in chronic liver disease. Considering the
spleen, there are a few published articles that report about the
higher spleen SWV values and the usefulness of this finding
to predict the risk of portal hypertension and the presence of
varices and of variceal bleeding in adults [17–20]. In our study
splenic SWV values were found to be significantly higher in
CF patients than in the control group. However, this finding
did not have any clinical consequence or association, there
was no plaquetopenia or more frequent infections, and there
were no splenomegaly and no ultrasound orDoppler findings
suggestive of portal hypertension. Without having histologic
confirmation and without any reference in the literature of
splenic involvement in CF, it is not possible to ascertain the
nature of the splenic high SWV; this could be due to a direct
involvement of the disease, but further study of the splenic
SWV in these patients is needed.

This study has some limitations; themain one is that there
has not been comparison of the diagnosis of hepatic involve-
ment with a gold standard such as the histologic analysis after
biopsy. However, the use of an invasive test which is so far not
included as a routine procedure in themanagement or follow-
up of CF patients is not justifiable. Also, the healthy reference
group was studied by four authors of these articles (Teresa
Cañas, Araceli Maciá, Teresa Fontanilla, and Maŕıa Miralles)
in another hospital, though with the same device and convex
probe and including children of all ages, so the authors think
that those values can still be used as a reference of normality
in this study.

Themain conclusion of this study is that ARFI shear wave
elastography in the RHL was useful to detect CFLD in our
sample of patients, and thus it has the potential to be a useful
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(a) (b)
Figure 3: (a) Hepatic parenchyma altered structure: an expanded portal area is shown, with fibrous septa and hepatocytes enclosed in them.
Inflammatory cells and ductular proliferation are seen, with positive Periodic Acid Schiff (PAS) content inside several proliferated biliary
ducts. (b) Close-up view of the portal area in which four biliary ducts are seen (3 in the top half of the image and one in the lower half of the
image) with PAS positive plugging inside. Images lent by Dr. Daniel Azoŕın, pathology department.

tool in the followup of CFLD patients as a noninvasive tech-
nique to evaluate liver involvement and disease progression.
Another conclusion is that splenic SWV values are higher in
CF patients, without any clinical consequence or association.
Further study of splenic SWV is needed.
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M. C. Mart́ınez Carrasco, M. C. Antelo Landeria, and P. Jara
Vega, “Hepatopat́ıa crónica asociada a fibrosis quı́stica: gasto
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Purpose. The distribution of apparent diffusion coefficient (ADC) values in the brain can be used to characterize age effects and
pathological changes of the brain tissue. The aim of this study was the parameterization of the whole brain ADC histogram by an
advancedmodel with influence of age considered.Methods. Whole brain ADC histograms were calculated for all data and for seven
age groups between 10 and 80 years. Modeling of the histograms was performed for two parts of the histogram separately: the brain
tissue part wasmodeled by twoGaussian curves, while the remaining part was fitted by the sumof a Gaussian curve, a biexponential
decay, and a straight line. Results. A consistent fitting of the histograms of all age groups was possible with the proposed model.
Conclusions. This study confirms the strong dependence of the whole brain ADC histograms on the age of the examined subjects.
The proposedmodel can be used to characterize changes of the whole brain ADChistogram in certain diseases under consideration
of age effects.

1. Introduction

Diffusion-weighted imaging provides additional image con-
trast in MR imaging of the brain and has become an
important part of clinical MR diagnostics. Data evaluation is
usually performed directly in the diffusion-weighted images
or in calculated apparent diffusion coefficient (ADC) maps.
In addition to the analysis of images and maps, the distri-
bution of ADC values in selected region of the brain can be
used to characterize the examined tissue. This was shown,
for example, for stroke lesions (lesions with subsequent
hemorrhagic transformation could be identified by the ADC
histogram) [1], for multiple sclerosis patients [2], for low-
grade and high-grade gliomas [3, 4], and for epilepsy [5].
In addition, histograms from the whole brain can be used
to characterize global changes of the brain tissue. This
possibility was introduced by Mascalchi et al. [6, 7] and
also by Molko et al. [8]. Mascalchi et al. found a correlation
of the median ADC value with a disease score in patients
with leukoaraiosis, while Molko et al. examined patients with
cerebral autosomal dominant arteriopathy with subcortical
infarcts and leukoencephalopathy (CADASIL) and found

that the histogram parametersmeanADC value, peak height,
and peak locations were significantly correlated with both the
Minimental State Examination score and Rankin Scale score
in the patient group. These parameters were also examined
in other studies [9–14]. In more sophisticated studies, further
parameters such as 25th and 75th percentile, kurtosis and
skewness were evaluated [5, 15]. All groups excluded pixel
outside the skull; some groups also excluded pixels containing
cerebrospinal fluid (CSF) and extracerebral tissue based on
a manual [8, 10] or automated segmentation [11]; and others
excluded CSF by an ADC threshold [7, 12]. Only few groups
performed a modelling of the ADC histogram: Pope et al.
suggested a two-mixture normal distribution [16], and Dyke
et al. and Zhang et al. used a model consisting of two normal
distributions for the brain tissue and CSF and an additional
distribution for partial volume of the brain tissue andCSF [17,
18]. All these groups did not include an age dependence of the
ADC histogram in their model estimations. Recent studies
showed a strong influence of age on the shape of the whole
brain histogram [19, 20]. In particular, the relative content of
cerebrospinal fluid in the brain is increasing with age and this
has an effect on the ADC histogram.The examination in this
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study was performed with a large number of datasets. This
allowed the calculation of highly reliable average histograms
for different age classes.

The aim of this study was the development of a model
for the fitting of the ADC histogram. The contribution of
brain tissue (gray and white matter) is responsible for the left
part of the histogram. In a first step, a model for the large
maximum of the ADC histogram should be developed and,
in a second step, a model for the right part of the ADC his-
togram was searched. In both cases, the influence of age was
considered.

Such models of the description of the ADC histogram
in normal subjects should be helpful for the description
of changes of the ADC histogram in patients with certain
pathologies.

2. Methods

2.1. Subjects and Data Acquisition. All examinations were
performed with a conventional 3T MR whole-body scan-
ner Skyra (Siemens Erlangen, Germany) equipped with
a 20-channel head coil as part of the standard rou-
tine examination of patients with neuroradiological report
requests from several departments of the University Hos-
pital of Tübingen. Informed consent was obtained after
the nature of the procedure had been fully explained.
The local Ethics Committee approved of this retrospective
study.

Data were acquired between August 2012 and July 2014.
In all cases, the diffusion-weighted readout-segmented echo
planar imaging (rs-EPI) sequence was applied with iden-
tical measurement parameters: repetition time (TR) 6.3 s,
echo time (TE) 73ms, b-values 0 and 1000mm/s2, matrix
224 ∗ 224, FOV 230mm, slice thickness 4mm, slice gap
0.8mm, 30 slices, number of segments of the segmented
EPI-sequence 5, and diffusion gradient scheme: three-scan
trace. All measurements were performed in axial orientation
parallel to the line through anterior commissure and poste-
rior commissure (AC-PC line). All DWI data were carefully
examined anddatawith pathological changes orwith artifacts
were excluded from evaluation. The exclusion of datasets
was based on the decision of two neuroradiologists with
more than 10 years of experience in the MR examination of
patients.

The total number of examinations was 1327 patient
examinations, and after the data exclusion 891 remained (448
females, 443 males). From all patient data, seven age classes
were built: 10–20 years (group 1, 𝑛 = 75, 28 females, 47males),
20–30 years (group 2, 𝑛 = 104, 63 females, 41 males), 30–
40 years (group 3, 𝑛 = 103, 61 females, 42 males), 40–50
years (group 4, 𝑛 = 155, 86 females, 69 males), 50–60 years
(group 5, 𝑛 = 161, 78 females, 83 males), 60–70 years (group
6, 𝑛 = 134, 51 females, 83 males), and 70–80 years (group 7,
𝑛 = 113, 62 females, 51 males).

The age was calculated by the difference between date
of measurement and date of birth and used as a decimal
number. Patients of the first class had a calculated age
equal to or larger than 10.00 years and lower than 20.00

years. The separation into the six other age groups was
correspondingly calculated. Patients with age lower than 10
and those older than 80 years were not included in this
evaluation, since the number of these patients’ groupswas too
small and their ages were not equally distributed within these
groups.

2.2. Calculation of ADC Histograms. For each of the age
groups, average ADC histograms were calculated for all
patients and for female and male separately and a fitting
procedure was performed (described in the following). In
addition to the age-dependent evaluation of the whole group
of examinations, three subgroups of datasets were built and
all fitting procedures were applied to each of the subgroups.
The results from these three additional evaluations allow an
estimation of the reliability of the obtained results of the
whole group evaluation.

Each subset was built from patient examinations from a
certain range of measurement dates. The number of datasets
within the subgroups was 298 (147 females, 151 males), 298
(141 females, 157 male), and 295 (160 females, 135 males).
The mean age of the whole group was 47.7 years; the
mean age of the three subgroups was 47.5, 47.7, and 48.0
years.

All fitting procedures were also performed for these
subsets to have a possibility to estimate the stability of the
fitting results. Typical images with the applied sequence are
shown in Figure 1. All 30 slices of the b0-images (Figure 1(a))
and the dw-images (Figure 1(b)) are shown.

Scaling of the acquired data was not consistent. There-
fore, a histogram of values in the dw-images was eval-
uated for each patient on the basis of all 30 slices. The
maximum of the smoothed histogram was estimated. The
signal intensities of the acquired b0 and dw data were
divided by a scale factor derived as the quotient of
this median intensity and an arbitrarily chosen value of
250.

Noise pixels and pixels from the skull were excluded by
applying a combined threshold derived from b0- and dw-
images: pixels with a dw-value lower than 130 and b0-value
lower than 600 were selected for exclusion. This procedure
avoids the exclusion of pixels containing CSF with low dw-
values and allows the exclusion of lipid pixels from the
skull.

For the remaining pixels, the ADC value was calculated
and histograms of all ADC values were evaluated for each
patient. The histograms were normalized to the number
of pixels exceeding the noise threshold. This normalization
compensates for different head sizes.

2.3. Models for the Fitting of the ADC Histograms. From an
average ADC histogram over all groups, the position and
the height of the peak were evaluated. Next, the positions
of the ADC values at the half-peak height (full width
at half maximum, FWHM) below and above the peak
position were evaluated and named as ADC 50% below and
ADC 50% above. The position of the ADC 50% above
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Figure 1: Example of acquired data from one patient: b0-images (a) and dw-images (b).

value was used to split the mean histograms of all
seven groups in two parts, hist1 and hist2, which were
separately fitted to model functions. The first part of the
histogram was approximated by two models: a single
Gaussian curve and a combination of two Gaussian
curves:
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The second part of the histograms, hist2, showed a decreas-
ing behavior and was therefore approximated by a two-
exponential decay curve (starting at the first point of hist2)
and a decreasing straight line. In addition, the contribu-
tion of the CSF spaces was approximated by a Gaussian
curve:

hist2 = hist2a + hist2b + hist2c + hist2d
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Figure 2: Histogram of ADC values from all patients. The posi-
tion of the peak is marked by a black line; the position of the
ADC values where the FWHM is reached is marked by red lines
(ADC 50% below and ADC 50% above). The histogram was split
into a first part (lower values than ADC 50% above, blue) and a
second part (larger values than ADC 50% above, green). The value
of ADC 50% above lies between two data points; therefore the part
of the histogram between the highest data point of the first point and
the lowest part of the second point is shown in black.
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The fitting of the first and second part of the histogram
was performed for all seven age classes. The similarity
between the respective part of the histogram and the fitted
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Figure 3: First part of the histograms of all seven age groups (a) in blue and with superposed fitted curve (based on model 1) in red (b). In
addition, the differences between histograms and fitted curves are shown in black, magnified by a factor of 3.The histograms of the seven age
classes follow a continuous order.
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Figure 4: First part of the histograms of all seven age groups in blue and with superposed fitted curve (based on model 2) in red (a). The
differences between histograms andfitted curves are shown in black,magnified by a factor of 3.The twoGaussian curves of the fit are separately
shown in (b). The blue curves in (b) are again the calculated histograms.

curve was described by the root mean square deviation
(rmsd). In addition, the relative rmsd (rmsd divided by the
mean value of the respective part of the histogram) was
calculated.

Calculations were performed by a computer program
using MATLAB (MathWorks, Natick MA, USA) written by
one of the authors.

3. Results

The calculated mean ADC histogram over all seven groups is
shown in Figure 2.

The peak was at 0.75 ⋅ 10−3mm2/s and the
ADC 50% above value at half-peak height was at
0.875 ⋅ 10

−3mm2/s. This was the value where the mean
ADC histograms were split.

The first part of the mean histograms for the seven age
classes is shown in Figure 3.

The results of the fitting of the first part of the histogram
using model 1 and the deviations are shown in Supple-
mentary Table 1 ( Supplementary Material available online
at http://dx.doi.org/10.1155/2015/373716). In Figure 3(b), the
fitted curves for all seven classes due tomodel 1 are overlaid in
red.The amplitude𝐴

1
of the Gaussian curves is continuously
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Figure 5: Fitted parameters of the first part of the histogram (based on model 2) for the different age groups: amplitudes of both Gaussian
curves (a) and peak positions of both Gaussian curves (b) and of the width (FWHM) of the fitted curve (c). In all cases, the parameters are
shown for all selected patients (bold line) and for the results of the three subsets of patients.

decreasing with the mean age of the seven classes. The fitting
procedure was repeated for males only and females only in
the seven age classes. The deviation of evaluated histograms
and fitted curves are shown in Figure 3(b), in black. These
difference curves show a unique behavior for all seven age
classes (the maxima and minima of the difference curve are
at the same position for all seven age classes).This shows that
the used model 1 is incomplete.

The results of the fitting of the first part of the histogram
using model 2 and the deviations are shown in Supplemen-
tary Table 2. The histograms and the fitted curves based
on model 2 are shown in Figure 4(a). The difference curves
between the histograms of the seven groups and the fitted
curves in Figure 4(a) have all a much smaller maximum than
those in Figure 3(b) and they do not show a systematic shape
as the difference curves in Figure 3(b). The two Gaussian
curves that were fitted to the histograms are shown in

Figure 4(b). In all seven age classes, a larger Gaussian curve
with a higher mean ADC value and a smaller one with a
lower mean ADC value were obtained. The obtained values
for the fit parameters are shown in Figure 5. In addition to the
results fromall patients (shown as bold lines), the results from
the seven age classes from the three subsets of patients are
shown.

The obtained amplitudes 𝐴
1
and 𝐴

2
are shown in

Figure 5(a). The mean positions 𝜇
1
and 𝜇

1
for the seven age

classes are shown in Figure 5(b), and the widths of the fits
calculated from the sum of both Gaussian curves are given
in Figure 5(c).

Figure 6 shows the results for the separate evaluation for
females and males again for all patients (bold lines) and
results from the three subsets of patients. The only clear
difference is a larger peak ADC position of men in the age
range from 30 to 50 years.
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Figure 6: Fitted parameters of the first part of the histogram (based on model 2) for the different age groups: amplitudes of both Gaussian
curves (a) and peak positions of both Gaussian curves (b) and of the width (FWHM) of the fitted curve (c). In all cases, the parameters are
shown for female (red) and male (blue).

The results of the fitting of the second part of the his-
togram using and the deviations are shown in Supplementary
Table 3. The comparison of the second part of the mean
histograms for the seven age classes with the fitted curves
is shown in Figure 7(a). The fitted curves consist of three
different components: the biexponential decay, a Gaussian
curve to describe the local maximum at 2.8 ⋅ 10−3mm2/s,
and a straight line with a negative slope and a foot point at
4.3⋅10

−3mm2/s.These components are shown in Figure 7(b).
The variation of the fitted parameters of the second part
of the histogram for the different age classes is shown in
Figure 8 again for all datasets in bold and in addition for the
three subsets. The evaluation for male and female separately
(Figure 9) showed no clear difference between the evaluated
parameters.The comparison of the complete histograms with
both parts of the fitted curves is shown in Figure 10(a). The
small step between the fitted curves of hist1 and hist2 can be
seen in Figure 10(b).

4. Discussion

This study confirms the strong dependency of the whole
brain ADC histograms on the age of the examined subjects.
Any comparison between different groups of subjects should
therefore consider this influence. On the other hand, the
shape of the mean whole brain ADC histograms of the
different age classes can be described by the same model
using different parameters. The model used in this paper
has the same main components as that of previous studies:
a brain tissue part, a pure CSF part, and a part describing
the partial volume between the brain tissue and CSF. In the
first approach, the brain tissue part was approximated by
a single Gaussian function, as it was suggested by previous
studies [17, 18]. In this case, the residuum of the ADC
histograms of all age classes had a very similar shape
(Figure 3(b)), indicating that the first part of the histogram
is described incompletely. The position of the peak of the
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Figure 7: Second part of the histograms of all seven age classes in blue and with superposed fitted curve in red (a). The differences between
histograms and fitted curves are shown in black, magnified by a factor of 3. The biexponential decays, the Gaussian curves for the CSF
component, and the straight lines are separately shown in (b). The histograms of the seven age classes follow a continuous order.

Gaussian function is changing in a very similar way as it
was described by Watanabe et al. [19] (Figure 5(b)) and the
increase of the width of the fitted curve with age was also
found as described by Watanabe et al. In addition to their
work, we also analyzed the age-dependent amplitudes of the
Gaussian curves that were used to approximate the evaluated
histograms.

The residuum could be considerably reduced in all age
classes by the introduction of a combination of two Gaussian
curves for the first part of the histogram (Figure 4(a)). In this
case, both peaks showed a U-shaped behaviour in their age
dependency (Figure 5(b)) with an almost constant difference
for all ages of approximately 0.04⋅10−3mm2/s.This difference
is similar to the difference of the mean ADC values of white
and gray matter in a recent study of Baumann et al. [21].They
found mean values of 0.713 ⋅ 10−3mm2/s for white matter
and 0.743 ⋅ 10−3mm2/s for parietal gray matter (difference
0.030 ⋅ 10

−3mm2/s). The Gaussian curve with the lower
peak position can therefore be assumed to be representative
of white matter. This assumption is confirmed by the age
dependence of the peak heights (Figure 6(a)): the peak of
the first Gaussian curve is almost constant while the second
curve decreases from 6.5% to 5% in the age range from 15
to 75 years. These results correspond to a decreasing relative
gray matter volume and slightly increasing relative white
matter volume over lifespan observed by Ziegler et al. [22]
(Supplementary Material, Figure S2) and by Hasan et al.
[23].

The second part of the whole brain histogram consists of
a decreasing component and a Gaussian shape with a peak at
about 2.8 ⋅ 10−3mm2/s. The position of this Gaussian shape
was similar to the CSF component in the work of Dyke et al.
[17]. However, the decreasing part could not be described by
an additional Gaussian curve; instead, we used a combination
of a biexponential decay and a decreasing straight line.

The foot point of the straight line was at 4.3 ⋅ 10−3mm2/s.
This value is much larger as the peak of the CSF Gaussian
curve and might represent the apparent diffusion coefficient
of moving CSF. The decreasing straight line is characterized
by its value at the position 0.875 ⋅ 10−3mm2/s, which shows
a linear increase with age (Figure 8(a)). The Gaussian curve,
representing the pixels of mainly CSF, has an amplitude that
is increasing linearly up to the age of 45 years. With higher
ages, the increase is larger. The shift of the peak of the
Gaussian curve to larger ADC values with age might also
be an effect of the changing moving characteristics of CSF
molecules.

The amplitudes of both exponential decay curves are
decreasing with age. The curves represent voxel with par-
tial volume of CSF and brain tissue and the decrease of
their amplitude corresponds to the decrease of the brain
tissue components in the first part of the histogram. The
similar shape of the residuum, the difference between the
calculated histograms, and the fitted curve in Figure 6(a)
for all age classes is a hint that this modeling of the
second part of the whole brain histogram is still incom-
plete. However, for all age classes, the amplitude of the
residuum is very small (it is magnified by a factor of three in
Figure 6(a)).

With the proposed model for the whole brain ADC
histogram, it was possible to fit the histograms of seven
age classes and to demonstrate systematic changes of the
histogram with age. This model can be used to charac-
terize changes of the whole brain ADC histogram in cer-
tain diseases. The sensitivity for such changes was already
shown by previous studies [6–8]. The differentiation of a
normal and a pathologically changed ADC histogram needs
a consideration of the subject’s age and can be improved
by using the proposed ADC histogram model. An ADC
histogram characterization by this model may replace the use
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Figure 8: Fitted parameters of the second part of the histogram for the different age classes: amplitudes𝐴
3
(-) and𝐴

4
(- -) of the exponential

decay curves (a), the diffusion constants 𝑘
3
and 𝑘

4
of the exponential decays (b), the amplitude 𝐴

6
of the Gaussian curve for the CSF

component (-) and the value𝐴
5
of the straight line at the position 0.875 ⋅ 10−3mm2/s (- -) (c), the peak position 𝜇

6
(d) and the width (FWHM)

(e) of the Gaussian curve for the CSF component. In all cases, the parameters are shown for all selected patients (bold line) and for the results
of the three subsets of patients.
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Figure 10: Complete histograms with both parts of the fitted curves with different vertical offsets for different age classes (2% between
successive groups). The age class of 10–20 years is shown at the top, and the age class of 70–80 years is shown at the bottom. Whole ADC
range (a) and reduced ADC range to visualize the step between the fitted curves of hist1 and hist2 (b).

of derived parameters as percentiles and skewness of theADC
histogram.
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Purpose. To evaluate whether the diagnostic performance of Gd-EOB-DTPA-enhanced MRI in evaluating liver function and
pathology is improved by considering liver volume (LV).Methods. This retrospective study included 104 patients who underwent
Gd-EOB-DTPA-enhanced MRI before liver surgery. For each patient, using the precontrast and hepatobiliary phase images, we
calculated the increase rate of the liver-to-spleen signal intensity ratio (LSR), that is, the “ΔLSR,” and the increase rate of the liver-
to-muscle signal intensity ratio (LMR), that is, the “ΔLMR.” ΔLSR × LV and ΔLMR × LV were also calculated. The correlation of
each MR parameter with liver function data or liver pathology was assessed. The correlation coefficients were compared between
ΔLSR (ΔLMR) and ΔLSR (ΔLMR) × LV. Results. The correlation coefficient between ΔLSR (ΔLMR) × LV and cholinesterase was
significantly higher than that between ΔLSR (ΔLMR) and cholinesterase. The correlation coefficient between ΔLSR (ΔLMR) × LV
and the degree of fibrosis or necroinflammatory activity was significantly lower than that between ΔLSR (ΔLMR) and the degree of
fibrosis or necroinflammatory activity. Conclusion. The inclusion of liver volume may improve Gd-EOB-DTPA-based predictions
of liver function, but not in predictions of liver pathology.

1. Introduction

Gadolinium ethoxybenzyl diethylenetriamine penta-acetic
acid (Gd-EOB-DTPA) is a liver-specific agent, and it is
widely used to improve both the detection rate of focal liver
lesions and the characterization of liver tumors on magnetic
resonance imaging (MRI) [1, 2]. As Gd-EOB-DTPA is taken
up specifically by hepatocytes, themeasurement of the uptake
of Gd-EOB-DTPA in the liver can be used to evaluate liver
function [3–5]. A correlation between the uptake of Gd-
EOB-DTPA and pathological liver fibrosis has also been
reported [6, 7]. That is, the signal intensity itself or the signal
intensity change in the hepatobiliary phase decreases as the

liver function or fibrosis worsens. In these previous studies,
only the degree of Gd-EOB-DTPA uptake on a single slice or
several slices was considered as an indicator of liver function
or fibrosis. However, the liver volume (LV) is quite different
among individuals. We hypothesized that the liver function
or fibrosis could be more precisely estimated by using a
parameter including the LV, whichwould represent the whole
liver function.

The purpose of the present study was to evaluate whether
the diagnostic performance of Gd-EOB-DTPA-enhanced
MRI in evaluating liver function or fibrosis is improved by
considering the LV.
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2. Methods

2.1. Patients. This study was approved by the institutional
review board of our hospital. The requirements for informed
consent were waived for this retrospective study. Referring
to the medical data recorded at our hospital, we enrolled
129 consecutive patients who underwent Gd-EOB-DTPA-
enhanced MRI and hepatic resection for a liver tumor or
liver transplantation between June 2010 and May 2013. Of
them, twelve, eight, and five patients were excluded due to a
history of splenectomy, a history of right or left lobectomy,
and poor image quality derived from respiratory artifacts,
respectively. Finally, 104 patients were enrolled in this study.
The 104 patients included 69 men and 35 women (age
range, 32–86 years; mean age, 64.5 years). The hepatitis
C virus antibody was present in 45 cases, the hepatitis B
surface antigen in 17 cases, alcoholic hepatitis in five cases,
nonalcoholic steatohepatitis in five cases, primary biliary
cirrhosis in two cases, autoimmune hepatitis in one case,
and primary sclerosing cholangitis in one case. The grading
of liver dysfunction was preoperatively evaluated based on
the Child-Pugh classification, and 86, seven, and 11 patients
were categorized into Grades A, B, and C, respectively. The
grading of liver function or severity of liver cirrhosis in
patients with chronic liver disease was evaluated according to
the Child-Pugh classification [8]. The classification is based
on the following five factors, graded on a scale from 1 to 3:
hepatic encephalopathy, ascites, total bilirubin level, albumin
level, and prothrombin time.The liver function or severity of
cirrhosis was classed into three groups according to the sum
of the scores: Grade A, from 5 to 6; Grade B, from 7 to 9;
Grade C, from 10 to 15. The laboratory data were obtained
at least within one month before surgery. For each patient,
the platelet count (Plt), albumin (Alb), total bilirubin (T-bil),
lactate dehydrogenase (LDH), cholinesterase (ChE), Child-
Pugh score, and model for end-stage liver disease (MELD)
score were recorded. An MR examination was performed
at least 3 months before the surgery. No treatment was
performed between the MR examination and the surgery for
any of the patients.

2.2. MR Imaging. MR imaging was performed on a whole-
body 3.0 Tesla (T) scanner (Achieva 3.0Tx, Philips Med-
ical Systems, Best, Netherlands). For the Gd-EOB-DTPA-
enhanced MRI, axial 3D eTHRIVE (three-dimensional
enhanced-T1 high-resolution isotropic volume excitation)
was scanned before and 20min after an intravenous injec-
tion of 0.1mL/kg (total amount: 4 to 8mL) of Gd-EOB-
DTPA (Primovist; Bayer, Osaka, Japan).The detailed imaging
parameters were as follows: 32-channel cardiac phased-
array coil, TR/TE/FA = 3ms/1.4ms/10∘, matrix 252× 200,
FOV 37.5× 29.8 cm, SENSE factor 1.8, slice thickness = 3mm,
gap =−1.5mm, linear 𝑘-space ordering, spectral attenuation
with inversion recovery, acquired 133 sections, scan time
17.9 s, and breath-holding.

2.3. Liver Volume Measurement. For the LV measurement,
the total of the MR images in the hepatobiliary phase was
prepared for each patient. The LV of each patient was

Figure 1: Hepatobiliary phase of Gd-EOB-DTPA-enhanced MRI.
The signal intensities were measured by placing the largest possible
regions of interest (ROIs) on the liver parenchyma, spleen, and
erector spinae muscle, avoiding vessels, tumors, and artifacts. For
the liver parenchyma, two round or oval ROIs were placed: one in
the right lobe and the other in the left.

semiautomatically measured using the “liver analysis” func-
tion of the volume analyzer SYNAPSE VINCENT (Fuji Film
Medical, Tokyo). A part of liver tumor was not considered as
LV.

2.4. MR Image Analysis. The signal intensity of axial
eTHRIVE on Gd-EOB-DTPA-enhanced MRI was measured
on the same DICOM viewer. First, two abdominal radiol-
ogists with six and 19 years of experience together selected
three slices without significant artifacts. On the same slices
they measured the signal intensities by placing the largest
possible region of interest (ROI) on the liver parenchyma,
spleen, and erector spinae muscle, avoiding vessels, tumors,
and artifacts in a consensus manner (Figure 1). For the liver
parenchyma, two round or oval ROIs were placed: one in the
right lobe and the other in the left. The averages of the six
signal intensities of the liver parenchyma and the three signal
intensities of the spleen or the erector spinae muscle were
calculated.

Based on these average values, the liver-to-spleen ratio
(LSR) and the liver-to-muscle ratio (LMR) before and after
the administration of Gd-EOB-DTPAwere recorded for each
patient. The same size and shape of ROI were placed at the
same position for the images before and after the administra-
tion of Gd-EOB-DTPA. As indicators of liver function, the
increase rates of the LSR (LMR) in the hepatobiliary phase
compared with the precontrast image were calculated using
the following equation: (LSR (LMR) on the hepatobiliary
phase − LSR (LMR) on the precontrast image)/LSR (LMR)
on the precontrast image [3, 4]. We named “the increase rate
of LSR (LMR)” as “ΔLSR (ΔLMR).”We also set the parameter
“ΔLSR (LMR) × LV” (unit; liter) for the analysis.

2.5. Pathologic Analysis. One pathologist with 4 years of
experience who was unaware of the imaging data reviewed
the hematoxylin-eosin-stained glass slides of each patient
and referred to the official pathological report to determine
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the histological findings of the liver parenchyma. When
the results were discordant, another experienced pathologist
with 17 years of experience was consulted. The degree of
liver fibrosis was classified into five groups according to the
New Inuyama Classification: F0 (no fibrosis), F1 (fibrous
portal expansion), F2 (bridging fibrosis), F3 (bridging fibrosis
with architectural distortion), and F4 (liver cirrhosis) [9].
Similarly, the grade of necroinflammatory activity was scored
as A0 (no necroinflammatory reaction), A1 (mild), A2 (mod-
erate), and A3 (severe) [9].

2.6. Statistical Analysis. We used a linear regression analysis
to examine the correlations between ΔLSR (ΔLMR) and
ΔLSR (ΔLMR) × LV and the laboratory data corresponding
to liver function (including Plt, Alb, T-bil, LDH, and ChE).
The correlations of these four parameters with the Child-
Pugh score, MELD score, the degree of liver fibrosis, and
the grade of necroinflammatory activity were each examined
using Spearman’s rank correlation test. We also compared the
correlation coefficients between ΔLSR and ΔLSR × LV and
between ΔLMR and ΔLMR × LV. The statistical significance
was evaluated using the following method: when the depen-
dence of a variable (𝑦, 𝑧) on a single independent variable
(𝑥) was observed, we calculated the correlation coefficient
(𝑅𝑥𝑦, 𝑅𝑥𝑧), and we tested the significance of the 𝑅𝑥𝑦, 𝑅𝑥𝑧
coefficient by means of the modified 𝑡-test, the number of
degrees of freedom being 𝑓 = 𝑛 − 3, using the following
formula (𝑛 = sample number):

𝑡-statistic = (𝑅𝑦𝑧 − 𝑅𝑥𝑧)

⋅ √
(𝑛 − 3) (1 + 𝑅𝑦𝑧)

2 (1 − 𝑅𝑥𝑦
2

− 𝑅𝑥𝑧
2

− 𝑅𝑦𝑧
2

+ 2𝑅𝑥𝑦𝑅𝑦𝑧𝑅𝑥𝑧)

(1)

(see [10]).
For all tests, a 𝑝 value of <0.05 indicated a significant

difference.

3. Results

The number of patients in each grade of fibrosis and necroin-
flammatory activity was as follows: F0 (𝑛 = 33), F1 (𝑛 = 11),
F2 (𝑛 = 11), F3 (𝑛 = 12), and F4 (𝑛 = 37) and A0 (𝑛 = 30),
A1 (𝑛 = 38), A2 (𝑛 = 32), and A3 (𝑛 = 4). The average LVs ±
standard deviation (SD) in F0, F1, F2, F3, and F4 were 1.09 ±
0.24, 1.06 ± 0.26, 1.15 ± 0.17, 1.13 ± 0.26, and 1.06 ± 0.34,
respectively.The average LVs± SD inA0, A1, A2, andA3were
1.08± 0.23, 1.04± 0.29, 1.13± 0.29, and 1.19± 0.30, respectively.
The average values and SD of ΔLSR, ΔLSR × LV, ΔLMR, and
ΔLMR× LVwere 0.53± 0.30, 0.59± 0.37, 0.64± 0.29, and 0.70
± 0.35, respectively. All four parameters (ΔLSR, ΔLSR × LV,
ΔLMR, andΔLMR×LV)were significantly correlatedwith all
laboratory data, the grade of fibrosis, and necroinflammatory
activity (𝑝 < 0.05 in each case).

Table 1 shows the correlation coefficients between ΔLSR
or ΔLSR × LV and the laboratory data or pathologic factors.
The correlation coefficient between ΔLSR × LV and ChE
was significantly higher than that between ΔLSR and ChE
(𝑝 < 0.05). The correlation coefficients between ΔLSR ×

Table 1: Correlation coefficients between ΔLSR or ΔLSR × LV and
the laboratory or pathologic data.

Parameter ΔLSR ΔLSR × LV 𝑝 value
Plt 0.498 0.522 0.49
Alb 0.624 0.646 0.49
T-bil 0.364 0.330 0.40
LDH 0.238 0.244 0.88
ChE 0.577 0.649 <0.05
Child-Pugh score −0.592 −0.641 0.12
MELD score −0.471 −0.478 0.85
Fibrosis −0.492 −0.383 <0.01
Necroinflammation −0.451 −0.341 <0.01
The data are correlation coefficients. LSR: the liver-to-spleen ratio; ΔLSR:
the increase rate of LSR on the hepatobiliary phase compared with the
precontrast image. Plt: platelet count; Alb: albumin; T-bil: total bilirubin;
LDH: lactate dehydrogenase; ChE: cholinesterase.ΔLSR andΔLSR×LVwere
calculated as described in Section 2.

Table 2: Correlation coefficients betweenΔLMRorΔLMR×LV and
the laboratory or pathologic data.

Parameter ΔLMR ΔLMR × LV 𝑝 value
Plt 0.405 0.457 0.22
Alb 0.668 0.701 0.22
T-bil 0.400 0.382 0.69
LDH 0.211 0.249 0.41
ChE 0.590 0.681 <0.01
Child-Pugh score −0.599 −0.655 0.12
MELD score −0.433 −0.477 0.29
Fibrosis −0.493 −0.395 <0.05
Necroinflammation −0.462 −0.324 <0.01
Thedata are correlation coefficients. LMR: the liver-to-erector spinaemuscle;
ΔLMR: the increase rate of LMR on the hepatobiliary phase compared with
the precontrast image. ΔLMR and ΔLMR × LV were calculated as described
in Section 2.

LV and Plt, Alb, LDH, Child-Pugh score, or MELD score
tended to be higher than those between ΔLSR and Plt,
Alb, LDH, Child-Pugh score, or MELD score. However, the
correlation coefficient between ΔLSR × LV and the degree
of fibrosis or necroinflammatory activity was significantly
lower than that between ΔLSR and the degree of fibrosis
or necroinflammatory activity (𝑝 < 0.01). The correlation
coefficient between ΔLSR × LV and T-bil tended to be lower
than that between ΔLSR and T-bil.

Table 2 shows correlation coefficients between ΔLMR or
ΔLMR × LV and the laboratory data or pathologic factors.
The correlation coefficient between ΔLMR × LV and ChE
was significantly higher than that between ΔLMR and ChE
(𝑝 < 0.01) (Figure 2). The correlation coefficients between
ΔLMR × LV and Plt, Alb, LDH, Child-Pugh score, or MELD
score tended to be higher than those between ΔLMR and Plt,
Alb, LDH, Child-Pugh score, or MELD score. However, the
correlation coefficient betweenΔLMR × LV and the degree of
fibrosis or necroinflammatory activity was significantly lower
than that betweenΔLMR and the degree of fibrosis (𝑝 < 0.05)
or necroinflammatory activity (𝑝 < 0.01). The correlation
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Figure 2: Scatterplot showing the relationship between (a) ΔLMR and ChE and (b) ΔLMR × LV and ChE (𝑛 = 103). (a) The regression
analysis yielded the following standard formula (solid line): ChE = 201.9 × ΔLMR + 100.5 (correlation coefficient = 0.590; 𝑝 < 0.01). (b)
The regression analysis yielded the following standard formula (solid line): ChE = 189.7 × ΔLMR × LV + 97.0 (correlation coefficient = 0.681;
𝑝 < 0.01). The correlation coefficient between ΔLMR × LV and ChE was significantly higher than that between ΔLMR and ChE.

coefficient between ΔLMR × LV and T-bil tended to be lower
than that between ΔLMR and T-bil.

4. Discussion

In our study using 3T-MRI, significant correlations between
the uptake of Gd-EOB-DTPA and liver function, fibrosis,
and necroinflammatory activity were obtained, as reported
previously [4–7]. In light of this result, we feel that our
radiological assessment is valid for evaluating liver function,
fibrosis, and necroinflammatory activity. In addition, the
correlation coefficient between ΔLSR (LMR) × LV and ChE
was significantly higher than that between ΔLSR (LMR) and
ChE. The correlation coefficients between ΔLSR (LMR) ×
LV and Plt, Alb, LDH, Child-Pugh score, or MELD score
tended to be higher than those betweenΔLSR (LMR) and Plt,
Alb, LDH, Child-Pugh score, orMELD score, suggesting that
we should consider “liver volume” in addition to the uptake
of Gd-EOB-DTPA for setting the MR parameters. Recently,
some articles have reported that the relationship between the
uptake of Gd-EOB-DTPA and indocyanine green test can be
improved by considering liver volume [11–13] and supports
our result or hypothesis.

In general, liver function data are evaluated with a blood
test, which includes a “whole liver” element. Therefore,
the consideration of liver volume in the MR parameter
could enable the correlation with liver function to be more
intensive. We found in the present study that the correlation
coefficient between ΔLSR (LMR) × LV and T-bil tended to be
lower than that betweenΔLSR (LMR) and T-bil, although the

difference was only slight. T-bil includes both unconjugated
and conjugated bilirubin, and the T-bil value can be affected
by a number of factors including prehepatic or posthep-
atic disorders, hemolysis, and constitutional predisposition.
Therefore, considering “liver volume” in the MR parameter
might not be effective for the correlation with T-bil.

We also found that the correlation coefficients between
ΔLSR (LMR) × LV and the degree of fibrosis or necroinflam-
matory activity were significantly lower than those between
ΔLSR (LMR) and the degree of fibrosis or necroinflamma-
tory activity. That is, the consideration of liver volume in
addition to the uptake of Gd-EOB-DTPA for setting the
MR parameters was not useful. Although this result was
beyond the scope of our hypothesis, we propose two plausible
reasons why this result was obtained. One is that fibrosis
and necroinflammatory activity represent the local state of
the liver parenchyma. Therefore, the consideration of “liver
volume” might worsen the correlation with liver pathology.
Another possible reason is that the LV does not always
decrease gradually as the degree of fibrosis progresses. A
report on LV change in patients with hepatic fibrosis is
available [14]. The LV tends to increase with the severity
of fibrosis since the number of hepatic cells accounts for
70%–80% of the liver parenchyma and then decrease. The
presumed reason for the hepatic volume increase would
be the ballooning of hepatocytes along with the increased
fibrotic component.

We obtained a similar result; that is, LV tends to increase
with the severity of fibrosis from F0 to F2 but decrease at F3
to F4, which would affect the rank correlation between ΔLSR
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(LMR)×LVand the degree of fibrosis. It was reported that the
LV tends to increase with the aggravation of inflammatory
activity (the increase of necroinflammatory activity) [14].
In our study we obtained a similar result; that is, the LV
tends to increase as the degree of necroinflammatory activity
advances from A1 to A3. Therefore, the LV consideration
would have the opposite effect on the correlation with the
degree of necroinflammatory activity. We thus suggest that
“liver volume” should not be considered among the MR
parameters when evaluating liver pathology using Gd-EOB-
DTPA-enhanced MRI.

Our study had several limitations. First, the trial was a
study with a limited patient population, and the number of
cases with each degree of fibrosis and necroinflammatory
activity was not uniform. Second, we used two organs, the
spleen and erector spinae muscle, as signal intensity refer-
ences of the liver parenchyma. As there may be persistence of
contrast enhancement in the spleen andmuscle, these organs
might be limitations for analyses of LSR and LMR as well
as motion artifacts and partial volume effects. Although a
T1 map might be preferable for the quantitative analysis of
the uptake of Gd-EOB-DTPA, it was difficult to generate
such a map with our scanner. Third, we could not evaluate
indocyanine green test results as a laboratory datum corre-
sponding to liver function. Although 80 patients underwent
this test preoperatively, the Child-Pugh classification for all
of them was Grade A. That is, patients with moderate or
severe liver dysfunctionwere not included.We judged that we
should not juxtapose the comparison with ICG test to those
with other liver function parameters in our study, because of
the difference in patient population. Finally, tumor volumes
of small lesions in the liver were not excluded frommeasured
LV for technical difficulty, which may have led to minor
overestimation of LV in some patients.

5. Conclusion

We have demonstrated that the inclusion of liver volumemay
improve Gd-EOB-DTPA-based predictions of liver function,
but not in predictions of liver pathology.
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After pancreatoduodenectomy, complication rates are up to 40%. To predict the risk of developing postoperative pancreatic
fistula or severe complications, various factors were evaluated. 110 consecutive patients undergoing pancreatoduodenectomy at
our institute between January 2012 and September 2014 with complete CT scan were retrospectively identified. Pre-, per-, and
postoperative patients and pathological information were gathered. The CT-scans were analysed for the diameter of the pancreatic
duct, attenuation of the pancreas, and the visceral fat area. All data was statistically analysed for predicting POPF and severe
complications by univariate and multivariate logistic regression analyses. The POPF rate was 18%.The VFAmeasured at umbilicus
(OR 1.01; 95% CI = 1.00–1.02; 𝑃 = 0.011) was an independent predictor for POPF. The severe complications rate was 33%.
Independent predictors were BMI (OR 1.24; 95% CI = 1.10–1.42; 𝑃 = 0.001), ASA class III (OR 17.10; 95% CI = 1.60–182.88;
𝑃 = 0.019), and mean HU (OR 0.98; 95% CI = 0.96–1.00; 𝑃 = 0.024). In conclusion, VFA measured at the umbilicus seems to
be the best predictor for POPF. BMI, ASA III, and the mean HU of the pancreatic body are independent predictors for severe
complications following PD.

1. Introduction

In Netherlands, each year more than 2000 patients are diag-
nosedwith pancreatic cancer,mostly located in the pancreatic
head [1].Theonly curative treatment is a pancreatoduodenec-
tomy (PD). Complication rates after pancreatic resections
are up to 40%. Currently, BMI (>25 kg/m2) is considered
as an easy to measure patient related factor associated with
an increased risk of postoperative morbidity and mortality
[2]. Since BMI does not necessarily reflect the distribution
of fat, recent studies investigated the predicting probability
of visceral fat area (VFA) and this measure seemed to be a
more promising parameter to predict surgical outcome after
pancreatic resection [2–5].

Another well-known factor associated with postoperative
complications is a small pancreatic duct [6, 7]. Roberts et al.

[7] developed a predictive score for complications following
PD with an accuracy of 75% combining size of the pancreatic
duct with BMI. Other investigations have shown that a fatty
pancreas, also called pancreatic steatosis, is a risk factor for
postoperative complications [3, 6].Mathur et al. [6] examined
the histology of the pancreas and found that a fatty pancreas
was related to complications following PD.

The aim of the present study was to develop a predictive
score for POPF and severe postoperative complications fol-
lowing PD.Therefore, the impact of different patient, tumour,
and CT-derived data was analysed.

2. Methods

Patients undergoing PD or pylorus preserving PD (PPPD)
at Medical Spectrum Twente between January 2012 and
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September 2014 were retrospectively identified from the
hospital’s medical database (𝑛 = 134). Patients from whom
preoperative CT imaging was unavailable or incomplete were
excluded from the study (𝑛 = 24). Preoperative datawas gath-
ered for each patient including gender, age, BMI, Charlson
index, ASA score, and CT-data. Perioperative data included
type of operation, duration of surgery, and perioperative
blood loss. Postoperative data included localization of the
tumour, histology of the tumour, radicality of resection,
duration of the hospital stay, intensive care unit (ICU)
admission, readmission, and complications up to 30 days
after surgery. POPF was scored according to the classification
system of the International Study Group of Pancreatic Fistula
(ISGPF) [8]. The severity of complications was scored using
the Clavien-Dindo classification of surgical complications
[9, 10]. In this study, severe complications were defined as a
Clavien-Dindo score grade IIIa or higher.

All used CT scans were postcontrast in the portovenous
phase, with slice thickness ranging from 1 to 5mm.The diam-
eter of the pancreatic duct, attenuation of pancreatic tissue
calculated as HU of the head, body, and tail of the pancreas,
and the VFA were measured with a software program for
CT, TeraRecon (Aquarius; TeraRecon, USA). This software
enables semiautomatic measurements of a specific region
with specified HU. The diameter of the pancreatic duct was
measured perpendicular to the duct in the neck of the pan-
creas, obtained at the level of the confluence of the superior
mesenteric and portal veins. The mean HU of the pancreas
head, body, and tail was measured by manually drawing a
region of interest (ROI) in these regions. The ROI was in
the proximity, but did not include the pancreatic duct. The
minimumsize of theROIwas 1 cm2, but it preferably included
an area as large as possible of homogeneous pancreatic
tissue. VFA measurements were performed at three different
levels, at the coeliac trunk, umbilicus, and top of the iliac
crest.

Statistical Analysis. Data was analysed with IBM SPSS statis-
tics version 22. Continuous data are presented with mean
and standard deviation (STD) when normally distributed
or median and range (IQR) when not normally distributed.
Categorical data are summarized by frequency and percent-
age within each cohort. The univariate associations between
variables and the different groups (no POPF versus POPF and
nonsevere versus severe complications) were assessed using
student’s t-test or Mann-Whitney U tests for continuous
variables. Categorical variables were compared by Pearson
chi-square and Fischer’s exact test. A 𝑃 < 0.05 was
considered statistically significant. Variables with a 𝑃 < 0.15
in univariate analysis were entered in a forward stepwisemul-
tivariate logistic regression analysis to identify independent
predictors for POPF or severe complications, based on the
variables that were included in the multivariate model when
they increased the fit of the model (based on the −2 log
likelihood).

Per- and postoperative variables such as blood loss, length
of stay, and readmissionwere not included in themultivariate
logistic regression model, because these factors will not
contribute to a preoperative risk prediction.

3. Results

The study cohort consists of 110 patients, 62% male, with a
mean age of 66 years (±9.3). In the cohort, 47% of patients
had a normal BMI (<25 kg/m2), 42% were overweight (25–
30 kg/m2) and 11% were obese (>30 kg/m2). Of the patients,
36% underwent PD and 64% PPPD. The median operation
time was 156min (140–179min) with an intraoperative blood
loss of 500mL (300–763mL). The majority of patients had
a pancreatic adenocarcinoma (47%) or periampullary car-
cinoma (35%). Other patients had neuroendocrine tumours
(4%), or other (14%). The overall rate of POPF was 18%. Of
all pancreatojejunostomy anastomotic leaks, 2 of them were
graded POPFA, 9 of themPOPFB, and 9 of themPOPFC. By
definition for POPFC reinterventionwas required; this group
is within the severe complication group. No or nonsevere
complications (Clavien-Dindo grades I-II) were seen in 67%
of the patients. Severe complications, Clavien-Dindo grade ≥
IIIa, occurred in 33%. The postoperative mortality rate was
6.4%. Patient cohort characteristics are given in Table 1.
Therewere no statistical differences in baseline characteristics
between patients with and without POPF. However, for the
selection of variables for themultivariatemodel to predict the
occurrence of POPF (𝑃 < 0.15), BMI showed to be somewhat
higher in patients with POPF (𝑃 = 0.13).

In univariate analysis, patients who experienced severe
complications were more likely to have a higher BMI (𝑃 <
0.01). Patients who encountered severe complications had an
increased median length of stay from 12 to 22 days (𝑃 < 0.01)
and an increased risk of mortality from 0 to 19% (𝑃 < 0.01).

Preoperative CT measured values and resulting POPF
and no/nonsevere or severe complications are given in
Table 2.

Patients who developed POPF were more likely to have
a higher VFA measured at the level of the coeliac trunk,
umbilicus, and top of iliac crest (all 𝑃 < 0.05). Patients who
developed severe complications were more likely to have a
lower mean HU of the pancreas head, body, and tail (all 𝑃 <
0.05). Furthermore, patients with severe complications were
more likely to have a higher VFAmeasured at the level of the
coeliac trunk, umbilicus, and top of iliac crest (all 𝑃 < 0.05).
Pancreatic duct diameter was not associated with POPF or
severe complications (𝑃 = 0.444 and 𝑃 = 0.420).

BMI (OR 1.24; 95% CI = 1.09–1.42; 𝑃 = 0.001), ASA class
III (OR 17.10; 95%CI = 1.60–182.88;𝑃 = 0.019), andmeanHU
of the body of the pancreas (OR 0.98; 95% CI = 0.96–1.00;
𝑃 = 0.024) were independent predictors for postoperative
severe complications after multivariate analysis. With these
variables, a risk score is developed as follows:

𝑒
(−4.801+0.215[BMI]+2.839[ASA]−0.02[HU body])

1 + 𝑒(−4.801+0.215[BMI]+2.839[ASA]−0.02[HU body]) .
(1)

The risk score is based on the coefficient of the variables and
the constant coefficient of the multivariate model (Table 3).
To use this risk score the BMI, ASA score, and the mean HU
of the body of the pancreas of the patient are needed. For
correct use, ASA I and ASA II are filled in as 0 and ASA
III as 1, and then a risk score between 0 and 1 is calculated.
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Table 1: Patients cohort characteristics for POPF and nonsevere versus severe complications.

Factor

All POPF

𝑃 value

Postoperative complications

𝑃 value(𝑛 = 110)
(100%)

No (𝑛 = 90)
(82%)

Yes (𝑛 = 20)
(18%)

No or nonsevere
(𝑛 = 74)
(67%)

Severe
(𝑛 = 36)
(33%)

Age, years, mean (STD) 66 (9.29) 66 (9.15) 65 (10.1) 0.733 65 (9.3) 68 (9.1) 0.148
Gender, 𝑛 (%) 0.853 0.915

Male 68 (61.8) 56 (62.3) 12 (60) 46 (62.2) 22 (61.1)
Female 42 (38.2) 34 (37.8) 8 (40) 28 (37.8) 14 (38.9)

BMI (kg/m2), 𝑛 (%) 25 (3.65) 24.8 (3.65) 26.2 (3.48) 0.131 24.4 (3.44) 26.8 (3.49) <0.001∗

ASA, 𝑛 (%) 0.402 0.076
I 5 (4.5) 4 (4.4) 1 (5) 4 (5.4) 1 (2.8)
II 100 (90.9) 83 (92.2) 17 (85) 69 (93.2) 31 (86.1)
III 5 (4.5) 3 (3.3) 2 (10) 1 (1.4) 4 (11.1)

Charlson, 𝑛 (%) 0.876 0.204
0 55 (50) 46 (51.1) 9 (45) 38 (51.4) 17 (47.2)
1 31 (28.2) 25 (27.8) 6 (30) 23 (31.1) 8 (22.2)
≥2 24 (21.8) 19 (21.1) 5 (25) 13 (17.6) 11 (30.6)

Procedure, 𝑛 (%) 0.639 0.169
PD 39 (35.5) 31 (34.4) 8 (40) 23 (31.1) 16 (44.4)
PPPD 71 (64.5) 59 (65.6) 12 (60) 51 (68.9) 20 (55.6)

Diagnosis, 𝑛 (%) 0.196 0.972
Pancreatic adenocarcinoma 52 (47.3) 46 (51.1) 6 (30.0) 36 (48.6) 16 (44.4)
Periampullary carcinoma 39 (35.5) 30 (33.3) 9 (45) 25 (33.8) 14 (38.9)
Neuroendocrine tumour 4 (3.6) 4 (4.4) 0 (0) 3 (4.1) 1 (2.8)
Benign diseases or tumour 11 (10.0) 7 (7.8) 4 (20) 7 (9.5) 4 (11.1)
Other 4 (3.6) 3 (3.3) 1 (5) 3 (4.1) 1 (2.8)

Radically, 𝑛 (%) 0.24 0.641
R0 33 (30) 31 (34.4) 2 (10) 26 (35.2) 8 (22.2)
R1 55 (50) 44 (48.9) 11 (55) 35 (47.3) 19 (52.8)
R2 11 (10) 8 (8.9) 3 (15) 6 (8.1) 5 (13.9)
n/a 11 (10) 7 (7.8) 4 (20) 7 (9.5) 4 (11.1)

Surgical duration, min, median (IQR) 156 (140–179) 155 (140–179) 159 (145–174) 0.975 158 (142–179) 153 (138–177) 0.381
Blood loss, mL, median (IQR) 500 (300–763) 500 (300–700) 300 (550–975) 0.369 500 (300–663) 600 (400–975) 0.057
Length of stay, days, median (IQR) 12 (9–18) 11 (8–17) 17 (23–38) <0.001∗ 10.5 (8–14) 22 (14.5–34.5) <0.001∗

Readmission, 𝑛 (%) 27 (24.5) 23 (25.6) 4 (20) 0.602 14 (18.9) 13 (36.1) 0.049∗

Mortality, 𝑛 (%) 7 (6.4) 5 (5.6) 2 (10) 0.609 0 (0) 7 (19.4) <0.001∗

BMI: body mass index, ASA: American Society of Anesthesiologist, PD: pancreaticoduodenectomy, PPPD: pylorus preserving pancreaticoduodenectomy,
STD: standard deviation, and IQR: interquartile range. ∗𝑃 < 0.05 and bold are 𝑃 < 0.015 and are included in the multivariate analysis.

The risk score was validated with a 1000-sample bootstrap
analysis (Table 4).These values were comparable to the values
of BMI, ASA III, and HU in the multivariate model.

4. Discussion

This study reviewed various factors associated with the
occurrence of POPF and severe complications after PD or
PPPD. The main findings were that VFA measured at the
umbilicus is the best predictor for POPF. BMI, ASA class III,

and the mean HU of the pancreas body were independent
predictors for postoperative severe complications.

The appearance of POPF is comparable to the rates found
in previous studies [2, 5, 7]. However, POPF rates found in
the literature range between 3.7% and 39%, which is probably
caused by the various interpretations of POPF, despite an
international consensus. However, as was stated by Gebauer
et al. [11], there are some limitations in applying this fistula
classification [8, 12]. Because of the differences in reporting
of POPF, it is believed that the well-defined Clavien-Dindo
classification is a more valuable tool to score postoperative
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Table 2: CT measured values for POPF and nonsevere versus severe complications.

Factor

All POPF

𝑃 value

Postoperative complications

𝑃 value(𝑛 = 110)
(100%)

No (𝑛 = 90)
(82%)

Yes (𝑛 = 20)
(18%)

No or nonsevere
(𝑛 = 74)
(67%)

Severe
(𝑛 = 36)
(33%)

HU pancreas, HU, and
median (IQR)

Head 82 (69.4–98.6) 84.3 (70.2–98.4) 77.5 (63.4–98.9) 0.443 86.1 (73.5–99.7) 74.6 (58.1–93.5) 0.017∗

Body 79.4 (61.1–92.9) 79.4 (61.6–92.9) 76.8 (55.6–94.1) 0.541 80.5 (67.3–97.2) 74.5 (55–85) 0.014∗

Tail 80.4 (64.3–97.4) 79 (63.6–98.6) 81 (71.4–94) 0.947 83.2 (66.2–99.4) 74.1 (60–91.3) 0.089
Pancreatic duct, mm,
median (IQR) 3.25 (0–5.06) 3.4 (0–5.1) 2.1 (0–4.8) 0.316 3.55 (0–5.1) 2.75 (0–4.79) 0.289

VFA, cm2, median (IQR)
Truncus coeliacus 95.5 (59–142.5) 88 (50–135.8) 105.5 (85.6–178) 0.036∗ 84 (48.3–129.8) 112 (75.5–155.3) 0.012∗

Umbilicus 130.5 (92.7–166) 119.5 (90–152.5) 157 (121.5–210.8) 0.008∗ 118.5 (87.5–155) 147.5 (108.3–197.8) 0.016∗

Top of iliac crest 139 (96–204.3) 127.5 (93.8–184) 188.5 (118.8–242.8) 0.013∗ 121 (89.8–182.3) 157 (116.3–232) 0.006∗

HU: Hounsfield units, IQR: interquartile range, and VFA: visceral fat area. ∗𝑃 < 0.05 and bold are 𝑃 < 0.015 and are included in the multivariate analysis.

Table 3: Multivariate analysis to predict severe complications.

Logistic regression for complications Univariate Multivariate
OR 95% CI 𝑃 value OR 95% CI 𝑃 value Coefficient

Age 1.034 (0.988–1.082) 0.149
BMI 1.227 (1.084–1.390) 0.001 1.240 (1.086–1.415) 0.001 0.215
ASA I/II ref (1.0) — — — — —
ASA III 9.000 (0.957–83.742) 0.054 17.095 (1.598–182.884) 0.019 2.839
Age 1.034 (0.988–1.082) 0.149
HU pancreas

Head 0.983 (0.967–0.999) 0.033 — — —
Body 0.981 (0.966–0.997) 0.024 0.980 (0.962–0.997) 0.024 −0.020
Tail 0.985 (0.969–1.001) 0.062 — — —

VFA
Truncus coeliacus 1.007 (1.001–1.014) 0.030 — — —
Umbilicus 1.009 (1.002–1.016) 0.016 — — —
Top of iliac crest 1.007 (1.002–1.013) 0.011 — — —

Constant 0.010 −4.801
BMI: body mass index, ASA: American Society of Anesthesiologist, VFA: visceral fat area, HU: Hounsfield units, OR: odds ratio, and CI: confidence interval.

Table 4: Bootstrap analysis to validate the risk score.

Bootstrap OR 95% CI 𝑃 value Coefficient
(1000 samples)
BMI 1.240 (1.119–1.461) 0.001 0.215
ASA III 17.099 (1.629–162.00) 0.009 2.839
HU pancreas (body) 0.980 (0.954–0.998) 0.045 −0.020
Constant 0.004 −4.801
BMI: body mass index, ASA: American Society of Anesthesiologist, HU:
Hounsfield units, OR: odds ratio, and CI: confidence interval.

complications as this classification tool is less subject to
interpretation than the scoring of POPF.

The postoperative severe complication rate of 33% in this
study was higher than the rates of 16.7–27.1% reported in

literature [5, 13–15]. Multiple factors were significant after
univariate analysis for nonsevere versus severe complica-
tions (Tables 1 and 2). After multivariate analysis (Table 3),
BMI, ASA class III, and mean HU of the body of the
pancreas remained predictors for developing severe com-
plications after PD or PPPD. A risk score based on these
three factors was made (1) and validated with a bootstrap
analysis (Table 4). The advantage of these three factors as
predictors is that these factors are preoperatively known or
easy to measure. Currently, BMI and ASA are defined by the
anaesthesiologist before surgery. Preoperative CT-scans are
almost always available as part of preoperative staging. The
HU of the pancreatic body can be easily measured by the
surgeon or radiologist. Knowledge of a presumed high risk
for POPF and/or severe complications could lead to change in
intraoperative steps as performing pancreatogastric instead
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of pancreatojejunal anastomosis or using an isolated roux
limb for the pancreatic anastomosis [16, 17]. Another possi-
bility is a prehabilitation program to increase the anaerobic
threshold, which might reduce the chance of complications
[18, 19].

The BMI of the patients who developed severe compli-
cations was significantly higher. After multivariate analysis,
BMI remained a valuable predictor for postoperative severe
complications. This is in accordance with the expectations
and literature [2, 5, 7, 20, 21]. In this study population, there
were only 5 patients with an ASA class III classification, of
whom 4 developed severe complications. However, to be able
to say more about the quality of ASA class III as a predictor,
more patients in the ASA class III category are needed. In
other studies, investigating risk factors for the development
of severe complications following PD or PPPD, ASA score is
not frequently mentioned [2–5, 7]. Braga et al. [14] measured
ASA score and analysed it for severe complications following
PD. After multivariate analysis, ASA class III was found to
be a significant predictor for developing postoperative severe
complications.

This study showed that the mean HU of the body of
the pancreas of patients who developed severe complications
was significantly lower, compared to patients who did not.
In a comparable study of McAuliffe et al. [5], nonenhanced
CT-scans were measured and analysed to predict compli-
cations with Clavien-Dindo classes I–V. The mean HU of
the pancreas for patients with complications scored Clavien-
Dindo classes I–V was decreased but not significant (𝑃 =
0.130). This is probably due to the different classification of
complications, McAuliffe et al. studied overall complications
instead of severe complications. In the study of Roberts et al.
[22], nonenhanced CT-scans were measured, the mean HU
of the pancreas was found to be a significant predictor for
POPF.Aswas the case in our present study, contrast enhanced
images were used in the study of Hashimoto et al. [21]. They
found the mean HU of the pancreas as a significant predictor
for pancreatic anastomotic failure.

Next to the differences observed in the associations
between complications and HU in the studies mentioned
above, also the cause of lower HU can have various reasons.
It is still unclear if fatty infiltration or steatosis, measured as
a lower mean HU, is the cause of this phenomenon: washin
and washout of contrast agent, namely, vary depending on
the pathology of tissue and according to local blood flow
mechanics [5]. Thus, the decreased HU could be attributed
not only to steatosis or fatty infiltration of the pancreas but
also to other reasons, such as a poorer blood flow and low
cardiac output. Future studies should focus on noncontrast
and postcontrast venous phase CT-scans and compare the
measured HU of the pancreas.

Postoperatively, 18% of the patients developed POPF.
After univariate and multivariate analyses, only the VFA
remained as a significant predictor. In various studies, VFA
was found to be a predictor for POPF [2–4, 20, 23]. However,
in the majority of these studies, other factors were identified
as predictors as well. Regularly, BMI and the pancreatic duct
diameter were found to be predictors for POPF [7, 21, 22,
24]. A study by Roberts et al. [7] showed that a pancreatic

duct diameter smaller than 3mm increases the risk of POPF.
In the present study population, the mean pancreatic duct
diameter of the patient with POPF was smaller than the
diameter of patients without POPF, although not significant.
The literature is divided, since some studies indeed confirm a
small pancreatic duct to be a significant predictor for POPF
[6, 7, 24].While others do not find a relation with POPF, even
when the duct diameter is measured durante operationem
[2, 4].

Despite the interesting and useful findings of our study,
the present study also has several limitations. Firstly, the
study included a variation of imaging protocols since patients
were admitted from other different regional hospitals. The
scans were obtained with different CT-scanners and the scan
protocols varied depending on the patients referring hospital.
Ideally, themeasurement protocol uses a fixed scan delaywith
a specific contrast injection rate. Secondly, the effect of small
timing differences between performance of scan and arrival
of contrast in the structures was not taken into account.
Thirdly, the used CT-scans had slice thickness ranging from
1 to 5mm. For fat, muscle or HU measurement 5mm slices
were detailed enough. However, exact measurement of such
small structures as the pancreatic duct may be diminished
due to partial volume effects. Fourthly, from some patients,
CT-scans were unavailable or incomplete; these patients were
excluded. This could lead to a selection bias.

In conclusion, this study analysed preoperative CT
images of patients who underwent PD or PPPD and investi-
gated predictors for POPF and postoperative severe compli-
cations. VFAwas found to be a significant predictor for POPF.
The most significant factors to predict severe complications
appear to be BMI, ASA, and the mean HU of the body of
the pancreas. Based on these three variables, a risk score for
postoperative severe complications after PD or PPPD was
developed. To validate these results, a prospective study is
required.
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The aim of this paper is investigate the feasibility of automatically training supervised methods, such as k-nearest neighbor
(kNN) and principal component discriminant analysis (PCDA), and to segment the four subcortical brain structures: caudate,
thalamus, pallidum, and putamen.The adoption of supervised classificationmethods so far has been limited by the need to define a
representative training dataset, operation that usually requires the intervention of an operator. In this work the selection of the
training data was performed on the subject to be segmented in a fully automated manner by registering probabilistic atlases.
Evaluation of automatically trained kNNand PCDA classifiers that combine voxel intensities and spatial coordinates was performed
on 20 real datasets selected from two publicly available sources ofmultispectralmagnetic resonance studies.The results demonstrate
that atlas-guided training is an effective way to automatically define a representative and reliable training dataset, thus giving
supervised methods the chance to successfully segment magnetic resonance brain images without the need for user interaction.

1. Introduction

Brain tissue classification is an important topic in magnetic
resonance (MR) brain image analysis. In the last years, the
major tissues such as gray matter (GM), white matter (WM),
and cerebrospinal fluid (CSF) have been largely studied with
particular attention on volumetric variations due to the aging
process or the evolution of degenerative diseases. In the
recent years, a growing interest in the classification of minor
brain structures has emerged [1–5]. The segmentation of the
minor brain structures presents a higher degree of difficulty
due to a variable and often lower contrast between these
structures and adjacent tissues, which limits intensity-based
classification even in the presence ofmultispectral data [6–8].

Supervised classification methods have shown very good
results for the segmentation ofMR brain images; they require
the construction of a training dataset to learn how to classify
new data. This represents a time consuming and expensive

task, which can be achieved only by expert operators who
should manually label a certain number of MR studies.
Moreover, in this way, the methods tend to perform well only
for studies acquired using the same acquisition protocol of
the training dataset. Nowadays, the huge amount ofMR brain
data generated in large-scale clinical studies has prompted the
development of automatic classification which should avoid
or minimize the human intervention. The aim of the present
work is to develop and test a completely automatic procedure
to build training datasets for the classification of MR brain
images using supervised methods. The method is based on
the use of probabilistic atlases to guide the selection of a
training dataset within the same MR study to be classified.

The idea to automatically train a supervised classification
scheme using an atlas was first presented by Cocosco et al.
and later by Vrooman et al. [9–11]. These authors focused
primarily on segmenting brain MR images into WM, GM,
CSF, andwhitematter lesions.They used a k-nearest neighbor
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(kNN) working only with MR intensity information for seg-
mentation and lesion detection. A combination of spatial and
local features using a kNN classifier for the segmentation of
the caudate was presented by Arzhaeva et al. with a manually
defined training set [12]. Various different approaches have
been followed so far to segment subcortical regions but,
to the best of our knowledge, the potential classification
ability of kNN and discriminant analysis methods were not
fully explored. Recently the MICCAI 2012 Gran Challenge
Workshop focused on the multiatlas labeling segmentation
approach, presenting the results obtained by numerous
research groups using a common dataset of 35 T1 MR images
from the publicly available OASIS database [13]. This dataset
that contains 14manually segmented subcortical structures to
be used as reference does not include multispectral data [14].
Among the most widely used and freely available software we
find two automaticmethods: FreeSurfer (Martinos Center for
Biomedical Imaging, Charlestown, Massachusetts, USA) [15]
and FSL-First (Centre for Functional Magnetic Resonance
Imaging of the Brain, Oxford, UK) [16, 17]. Both of these
software packages that need only T1w images to achieve the
segmentation are often used for comparison in the evaluation
of new developed methods.

In this paper we present results from kNN and princi-
pal component discriminant analysis (PCDA) segmentation
methods. The methods utilize an atlas-guided automatic
training selection and work with a combination of voxel
spatial locations and intensities using multispectral data. By
using nonlinear spatial registration of the tissue probability
atlases to the subject, the training set is tailored to the target
study. The spatial a priori information of the atlas guides
the choice of a representative number of voxels that serve
as intensity and spatial location sample information for each
of the four structures to be segmented: caudate, thalamus,
pallidum, and putamen.

We present and discuss experiments conducted on 20
real studies selected from two publicly available sources of
multispectral magnetic resonance studies. Fourteen studies
from the IXI database of the Imperial College in London
consist of T1-, T2-, and PD-weighted images. The remaining
six studies (3 subjects scanned twice) were taken from the
Kirby21 database of the Kirby Research Center in Baltimore,
from which we selected T1- and T2-weighted and fluid
attenuation inversion recovery (FLAIR) images. The scan-
rescan data of three subjects served two purposes: first, to
test the reproducibility of segmentationmethods in providing
volume estimates in subjects who were scanned twice within
the same day and, second, to demonstrate that the automati-
cally trained segmentationmethods considered canworkwell
with other acquisition sequences and can hence be thought
as sequence independent. Differences in the behavior of the
methods with respect to training are described. The relative
performance of the autotrained kNN and PCDA methods
is shown and discussed. The accuracy of both methods was
assessed on the fourteen IXI datasets based on visual analysis
of the segmentation results by an expert observer. These
results are also compared with those obtained with the FSL-
First software in terms of volume differences and percent of
volume overlap.

2. Materials and Methods

Two supervised segmentation methods were considered in
this work.

(i) k-Nearest Neighbor (kNN). The implemented kNN clas-
sifier was carried out using the knnclassify function of
the Matlab package (The Mathworks, Inc.). The algorithm
combines intensity and spatial features as described in the
work of Anbeek et al. [18]. Briefly, for each brain voxel to be
classified the three spatial coordinates and the multispectral
intensity information (the number of components depends
on howmany different contrast-weightMR images have been
considered as input) have been considered. Based on these
features, each voxel was assigned to the brain tissue class
that, according to a distancemeasure, receives the largest vote
amongst the k-nearest neighbor belonging to the training
[19]. For all the experiments we considered the Euclidean
distance and a value of 𝑘 = 40. The value of k has been set
on the base of the observations reported by other research
groups for the brain tissue segmentation task [11, 20] and our
numerical experiments.

(ii) Principal Component Discriminant Analysis (PCDA).
The segmentation algorithm, belonging to the family of
discriminant analysis methods [21], was implemented using
an in-house software written in Matlab (see Appendix B for
a description of the function). Starting from the training,
the method performs a nonparametric estimate of tissue’s
probability density functions. The original components were
transformed into principal components prior to estimating
the probability densities. Each brain voxel was then assigned
to one of the brain tissues applying the Bayes decision rule.
Intensity values (the number of components depends on
how many different contrast-weight MR images have been
considered as input) and spatial coordinates of the voxels have
been considered by the classifier as discriminant features.

For both segmentation methods, all feature values were
shifted and rescaled to have zero mean and unit variance.

2.1. MRI Data. We used two different datasets of images for
method set-up and evaluation, for a total of 20 MRI studies.

(1) Image Dataset I. Fourteen subjects with no evidence
of pathology, age range: 25–82 (6M, 8 F), were selected
from the publicly available IXI database (see Appendix A).
Seven subjects were acquired at 1.5T and seven at 3T, in two
different hospitals. The data from each subject consists of
T1w, T2w, and PDw images. The scanning parameters for
the 1.5T studies were T1w (TR/TE = 9.8/4.6ms, flip angle
8∘, voxel size 0.94 × 0.94 × 1.20mm) and PD-T2w (TR/TE =
8178/8.0 − 100.0ms, voxel size 0.94 × 0.94 × 1.25mm); the
scanning parameters for the 3T studies were T1w (TR/TE =
9.6/4.6ms, flip angle 8∘, voxel size 0.94 × 0.94 × 1.25mm)
and PD-T2w (TR/TE = 5725/8.0 − 100.0ms, voxel size 0.94 ×
0.94 × 1.25mm).

(2) Image Dataset II.Three subjects with no history of neuro-
logical disease, age range: 25–30 (2M, 1 F), were selected from
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Figure 1: An axial, coronal, and sagittal slice of the subcortical structures probabilistic atlas: caudate (yellow), thalamus (cyan), pallidum
(red), and putamen (green).

the publicly available Kirby21 database (see Appendix A).
Each subject was scanned twice with a protocol from which
we selected T1w, T2w, and FLAIR as input for the classifiers;
thus, this dataset consists of six MR studies. Images were
acquired on a 3T scanner and the scan parameters were T1w
MPRAGE (TR/TE/TI = 6.8/3.1/842ms, flip angle 8∘, voxel
size 1.0 × 1.0 × 1.2mm, sense acceleration factor = 2), T2w
3D TSE (TR/TE = 2500/287ms, voxel size 0.9375 × 0.9375 ×
1.0mm), and FLAIR (TR/TE/TI = 8000/331/2400ms, voxel
size 0.417 × 0.417 × 0.55mm, sense acceleration factor = 2).

2.2. Preprocessing. Before starting the training and subse-
quent classification step, the MR images of each subject were
coregistered and/or resliced when necessary. With Image
dataset I, where the T1w images were acquired in the sagittal
plane and T2w and PDw in the axial plane, T1 images were
resliced to the axial orientation.With Image dataset II, FLAIR
and T2w images were coregistered and resliced to the image
space of theMPRAGE images. All datasets were corrected for
MR field inhomogeneity using SPM12 (http://www.fil.ion.ucl
.ac.uk/spm) bias correction function with very light regular-
ization.Then, all the tissue probabilistic atlases were reported
into the Montreal Neurological Institute (MNI) space. The
matrix of the nonlinear transformation that maps the MR
study onto the MNI space was estimated by means of the
SPM12 segment function and used tomap tissue probabilistic
atlases to the subject with the SPM12 inverse deformations
utility.

Training was then performed for each tissue class (and
for each MR contrast) as described in Training Data. These
training datasets were used by the algorithms for the seg-
mentation of the subjects intracranial brain volume after the
nonbrain structures were removed using the Brain Extraction
Tool FSL-BET [22].

2.3. TrainingData. To automatically select training data from
each subject, the segmentation framework presented requires
a probability map for each intracranial tissue or structure to
be segmented. A unique probabilistic atlas including all four
subcortical tissues was constructed grouping information
from the following atlases available in the literature: the
International Consortium for Brain Mapping (ICBM) deep
nuclei probabilistic atlas for the putamen, thalamus, and

caudate [23]; and the Colin27 high-resolution single subject
template to map the pallidum [24]. Figure 1 shows an axial,
coronal, and sagittal slice of the obtained subcortical tissues
probabilistic atlas. To discriminate subcortical structures
from the underlying WM, GM, and CSF, a training is
required to construct the density functions of these three
major brain tissues. For this task we take into account both
the ICBM452 probabilistic tissue atlas and the result of a
reference segmentation method like SPM.

After the coregistration of all the probability maps to
the subject (see Section 2.2), the atlas was constructed
superimposing on the probability map of GM,WM, and CSF
the subcortical tissue atlases in the following order: pallidum,
putamen, thalamus, and caudate. Due to the heterogeneous
nature of the database someoverlaps of themaps can occur. In
these cases a voxel is assigned to the last superimposed layer.
All the atlases were initially rescaled in the range [0, 1].

The training was then defined on the target study to be
segmented in the following way. First, tissue probabilitymaps
were coregistered to the T1w of the subject and thresholded
before automatically selecting the training samples for each
tissue class. Four different threshold values have been eval-
uated in the range of 0.6 to 0.9. A threshold of 0.8 has been
recognized as optimal value; lower threshold values lead to
greater inaccuracy (noisy classification) while a threshold
value of 0.9 may reduce too much the number of points for
some of the tissues. Second, the voxels selected for training
samples for each tissue class were chosen randomly. Figure 2
shows the trainings points overlapped to an axial slice for
one of the studies of the Image dataset I. Spatial coordinates
of the training samples and the corresponding multispectral
intensities were used by the kNN and PCDA classifiers for the
learning step.

2.4. Processing and Analysis. Several experiments were con-
ducted to optimize parameters and training selection and
then to assess the accuracy and the robustness of the two
automatically trained classifiers.

The first experiment conducted on the Image dataset I
allowed us to (i) establish the optimal threshold for the tissue
probabilistic atlases, (ii) find the optimal number of training
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Figure 2: The randomly generated trainings points (in red) overlapped to a T1w axial slice for one of the studies of the Image dataset I
(IXI002-Guys-0828). Spatial coordinates and the corresponding multispectral intensities of these points were used by the classifiers for the
learning phase.

samples to be used by the classifiers and to assess the behavior
of the two methods considered with respect to the training,
and (iii) realize that for the three main tissues the use of a
reference segmentation as tissue probability map in place of a
smoothed atlas such as the ICBM452 gives more stability and
accuracy for segmentation ofminor structures. After this first
experiment, we focused our attention on the segmentation
of subcortical structures using the segmentation of the three
main brain tissues achieved with the SPM software as prepro-
cessing.Our choice of the SPMsoftwarewas because this soft-
ware package was used to coregister tissue probability maps
to the subject in our processing pipeline. As the SPM segmen-
tation output is probabilistic, the same threshold value of 0.8
was applied for the training definition of GM,WM, and CSF.

The second experiment, always conducted on the Image
dataset I, was aimed at evaluating the accuracy of the segmen-
tation of the four subcortical structures. As a reference stan-
dard was not available for these studies, a semiquantitative
evaluation of segmentation results based on visual analysis by
an expert observer (AmedeoCervo) was performed. For each
MR study the visual inspection was performed slice by slice
using the OsiriX software (http://www.osirix-viewer.com/),
keeping the segmented structure on one series and the MR
images,mainly theT1w, on another series andusing the image
fusion utility to view, with a user selectable fusion percentage,
the segmented result overlapped to theMR signal. A score on
a 5-point rating scale (very poor, poor, fair, good, and very
good) was assigned for each structure and for each of the two
methods, kNN and PCDA. From the table containing these
annotations we calculated the median value and the first and
third quartile for each of the four subcortical structures and
for each of the two methods.

The third experimentwas a reproducibility test conducted
on the Image dataset II representing MR images from three
subjects that underwent the MR scan twice in the same
day. The reproducibility was evaluated by computing, for
each tissue, the volume difference between the two repeated
imaging sessions for both kNN and PCDA classifiers. The
availability of FLAIR images (that condense the T2/PD
information) allowed us to also investigate the response of the
classifiers when only two MR contrasts instead of three (i.e.,
T1w and FLAIR) were considered as input.

3. Results

The fourteen studies of Image dataset I (with images weighted
in T1, T2, and PD) were used for training optimization,
evaluation of segmentation accuracy, and comparison with
an existing method (FSL-First). The six studies of Image
dataset II (with T1w, T2w, and FLAIR images) were used for
the reproducibility test.

3.1. Training Optimization. The kNN and PCDA methods
exhibit different behaviors with respect to the training. PCDA
is less sensitive to the number of training samples for each
class. A number of voxels corresponding to roughly the 10%
of the volume of each tissue allow the PCDA to work well.
No significant variations were observed by increasing the
number of training samples. For the kNNmethod, a number
of training points equal to the 10% of the volume were not an
optimal choice, regardless of the tissue. We experimentally
verified that an increase of the number of samples for the
small structures leads to a significant improvement. For the
caudate, thalamus, pallidum, and putamen, we selected a
number of voxels corresponding to roughly the 20% of the
volume as optimal parameter.This corresponded to a training
size ranging from 500 to 2,000 voxels (corresponding to a
volume from 0.5 cc to 2.0 cc at a resolution of 1 × 1 × 1mm3).
Moreover, for the kNN an unbalanced sample size for the
major tissue training has a negative impact on the estimation
of some minor structures, since the GM is the tissue
with the greater volume and a number of training points
proportional to the volume lead to an overestimation of the
GM. Experiments revealed that kNNworks better when GM,
WM, and CSF have the balanced number of training samples
that was set to 50,000 voxels (corresponding to a volume of
50 cc at a resolution of 1 × 1 × 1mm3).

3.2. Segmentation Accuracy. A visual analysis of the seg-
mentation results for the four subcortical structures was
performed for both kNNand PCDAmethods. Figure 3 shows
the segmented images at the level of basal ganglia for one
of the studies of the Image dataset I. Classification results
are listed in Table 1 which shows the differences in the
performance of the two consideredmethods. For the caudate,
thalamus, pallidum, and putamen, the kNN exhibits scores



BioMed Research International 5

Caudate
Thalamus

Pallidum
Putamen

Caudate
Thalamus

Pallidum
Putamen

Figure 3: Segmentation results of the automatically trained kNN (axial and coronal sections on the left) and PCDA (axial and coronal sections
on the right) classifier for one of the studies of the Image dataset I (IXI002-Guys-0828).

Table 1: Evaluation of segmentation algorithms in the 14MR studies
of the Image dataset I performed by visual assessment. 1 = very poor,
2 = poor, 3 = fair, 4 = good, 5 = very good; Q1: 1st quartile and Q3:
3rd quartile.

𝑘NN PCDA
Median Q1 Q3 Median Q1 Q3

Caudate 4 4.0 4.25 3 2.0 3.0
Thalamus 4 3.0 4.0 3 2.0 3.0
Pallidum 4 3.0 4.0 3 3.0 3.5
Putamen 4 4.0 4.0 3 3.0 3.0

from 3 to 5 on the 5-point rating scale with a median value of
4. The PCDA performs worse than kNN, with a grade range
from 2 to 4 and a median value of 3.

3.3. Reproducibility Test. Reproducibility was evaluated by
computing the volume differences between scan-rescan
imaging sessions. Results are reported in Table 2 for the kNN
and Table 3 for the PCDA. In the case of the kNN algorithm,
caudate, thalamus, and putamen were classified with a vol-
ume variation less than 5%, for the classifier working with T1
and FLAIR as input, and less than 3.5% when the classifier
works with T1, T2, and FLAIR as input. Pallidum shows
variability up to 11% in both cases. PCDA exhibits greater
instability and less reproducibility in the measurements.

3.4. Comparison with an Existing Method. Segmentation
results provided by the best performing algorithm (kNN)
were compared with those obtained with the FSL-First
software. Mean volume and the percent of volume overlap
have been calculated for caudate, thalamus, pallidum, and
putamen, in the 14 MR studies of the Image dataset I. Results
are summarized in Table 4 and Figure 4. The mean overlap
indices were 0.87 for thalamus (range: 0.81–0.90), 0.83 for
caudate (range: 0.73–0.88), 0.81 for putamen (range: 0.74–
0.86), and 0.76 for pallidum (range: 0.70–0.86).

3.5. Execution Times. Both methods considered in this study
are computationally efficient. The execution time for the
segmentation of a subject is below 8minutes on a desktop PC
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Figure 4: Bar graph showing the mean volume estimates of the
automatically trained kNN versus the FSL-First software for caudate,
thalamus, pallidum, and putamen, in the 14MR studies of the Image
dataset I. Numerical data are reported in Table 4.

with an Intel Core i7 processor, 16GB RAM, and operating
Windows 7.

4. Discussion

The objective of this paper is twofold: (1) to study the
feasibility of automatically defining a representative training
by registering an atlas to the target study and (2) to assess the
performance of two atlas-guided trained supervisedmethods
on real MRI data. Training selection is based on thresholded
tissue probability atlases coregistered to the subject to define,
in intensity and spatial locations, the training dataset of
each subcortical structure. The subsequent segmentation by
applying supervised methods such as kNN and PCDA is
in principle feasible for each tissue or structure for which
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Table 2: Results of the reproducibility test for the automatically trained 𝑘NN algorithm. Volume estimates of the scan and rescan sessions in
the case of an input with three and two contrast image types.

Subject 1 Subject 2 Subject 3
Scan (cc) Rescan (cc) Δ (%) Scan (cc) Rescan (cc) Δ (%) Scan (cc) Rescan (cc) Δ (%)

𝑘NN
(T1w, T2w, and
FLAIR)

Caudate 8.28 8.18 1.2 6.92 7.02 1.4 7.11 7.08 0.4
Thalamus 13.58 14.02 3.2 12.87 12.82 0.4 13.98 14.31 2.3
Pallidum 2.61 2.33 11.3 2.42 2.26 6.8 3.04 2.99 1.7
Putamen 10.31 10.60 2.8 11.54 11.42 1.0 13.06 12.84 1.7

𝑘NN
(T1w, FLAIR)

Caudate 9.17 8.92 2.8 7.78 7.97 2.4 8.18 8.17 0.1
Thalamus 13.49 13.62 1.0 13.04 13.10 0.5 14.42 14.76 2.3
Pallidum 2.41 2.17 10.5 2.50 2.41 3.7 2.83 2.76 2.5
Putamen 9.92 10.39 4.6 11.16 11.24 0.7 12.55 12.40 1.2

Table 3: Results of the reproducibility test for the automatically trained PCDA algorithm. Volume estimates of the scan and rescan sessions
in the case of an input with three and two contrast image types.

Subject 1 Subject 2 Subject 3
Scan (cc) Rescan (cc) Δ (%) Scan (cc) Rescan (cc) Δ (%) Scan (cc) Rescan (cc) Δ (%)

PCDA
(T1w, T2w, and
FLAIR)

Caudate 7.89 7.52 4.8 6.50 6.44 0.9 5.76 7.2 22.2
Thalamus 13.92 15.63 11.6 12.40 12.38 0.2 12.34 13.75 10.8
Pallidum 2.17 2.27 4.5 1.74 1.92 9.8 2.47 2.48 0.4
Putamen 8.41 9.64 13.6 9.89 10.62 7.1 10.79 10.95 1.5

PCDA
(T1w, FLAIR)

Caudate 7.19 7.26 1.0 5.57 5.89 5.6 4.52 5.43 18.3
Thalamus 8.72 10.23 15.9 7.55 8.79 15.2 9.66 11.00 13.0
Pallidum 1.90 2.12 10.9 2.35 1.92 20.1 2.48 2.44 1.6
Putamen 6.35 7.06 10.6 7.93 7.87 0.8 8.61 9.05 5.0

Table 4: Comparison of subcortical volume estimates provided by
𝑘NN and FSL-First in terms of mean value and standard deviation
for the 14 MR studies of the Image dataset I.

𝑘NN FSL-First
Mean (cc) Std. dev. Mean (cc) Std. dev.

Caudate 7.33 0.77 7.45 0.70
Thalamus 13.41 1.43 15.70 1.36
Pallidum 3.12 0.30 3.56 0.45
Putamen 9.96 1.06 9.63 0.93

a probability atlas is available. The autotraining is likely
applicable to other supervised methods.This is the first study
that investigated the ability of automatically trained kNN and
discriminant analysis methods that combine voxel intensities
and spatial coordinates for the classification of subcortical
brain structures. A kNNclassifier trained in a fully automated
way using an atlas was initially proposed by Cocosco et al. [9]
andVrooman et al. [11] for the classification of the threemajor
tissues from MR brain images, mainly using intensity infor-
mation.The combination of intensity and spatial coordinates
to be used as features for a kNN classifier was instead first
proposed by Anbeek et al. [18, 20] and applied to the segmen-
tation of adult and neonatal MR brain images. We focused

our attention on the recognition of four subcortical brain
structures: caudate, thalamus, pallidum, and putamen. In our
approach, the training is not derived on a subset of MR stud-
ies with the intent to be performed only once and then used
as reference dataset but is always selected on the target study.

A successful supervised segmentation of subcortical
structures first requires the definition of a well-founded
training of the three main brain tissues in order to derive
the corresponding probability density functions; otherwise
it will be impossible to differentiate minor structures from
underlying tissues. In this study we found that the selection
of the training of GM, WM, and CSF on a segmented target
study volume achieved with a widely used software (e.g.,
SPM) allows for obtaining better results than an averaged
atlas like ICBM452 coregistered to the subject, providing in
addition a superior stability against anatomical variability.
Probably, the average and smoothing of the atlas impact the
selection of GM, WM, and CSF training samples, leaving the
training classes to be nonpure on both spatial location and
intensity, thus introducing a bias in the classification process
that affects the quality of the segmentation of subcortical
structures. For this reason it is important to achieve a
reference segmentation of the three main brain tissues in the
target study, before starting the subcortical segmentation.

The optimization of the training dataset required an
extensive number of tests to select the more appropriate
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% PCDA Performs Principal Component Discriminant Analysis

%
% USAGE:

% strike=pcda(test,train,class,ndis,plflag,prflag);

%
% INPUTS:

% test : an (m x p) array of test data to classify

% m is the number of test data to classify

% p is the number of variates

% train: an (n x p) array of data used for training

% n is the number of data of the training set

% class: an (n x 1) vector with the class of the train dataset

% as an integer ranging from 1 to the number of classes

% ndis : optional integer number specifying the procedure used for

% the density estimation by Kernel regression for each class:

% n(k) <= ndis ==> estimate of the density function for each sample

% computed from the whole training dataset by Kernel regression

% n(k) > ndis ==> estimate of the density function computed once from

% the training set on an equispaced grid with approximately

% ndis points by Kernel regression; then for each

% test data, density is computed by linear interpolation.

% This option speeds up computations

% ndis < 0 or missing always implies the first option

% (n(k) is the number of training data belonging to class k)

% plflag: optional flag for producing plots:

% plflag = 0 ==> no plot

% plflag = 1 ==> summary plots

% plflag = 2 ==> detailed plots

% plflag < 0 or missing ==> no plot

% prflag: optional flag for prior:

% prflag = 0 ==> uniform prior

% prflag = 1 ==> class frequencies estimated on the training set

%
%
% OUTPUTS

% strike: an (m x 1) vector containing the class of the test dataset as

% assigned by the method

%
% Example:

% train = [mvnrnd([ 1 1], eye(2), 100); . . .

% mvnrnd([−1 −1], 2*eye(2), 100)];

% class = [repmat(1,100,1); repmat(2,100,1)];

% test = unifrnd(−5, 5, 100, 2);

% strike = pcda(test,train,class);

%
% Copyright 2002–2008 Umberto Amato, Istituto per le Applicazioni del Calcolo

% 'Mauro Picone' CNR, Napoli (Italy) and Anestis Antoniadis, Laboratoire de

% Modelisation et Calcul IMAG, Universite 'J. Fourier', Grenoble (France)

Algorithm 1

threshold value and the number of samples to be used in
the learning phase of the classification process. In particular,
for each setting we systematically checked (1) the confusion
matrix for the classification of the subvolume formed by the
only voxels coincident with the training, (2) the histograms
of the intensity features for each tissue, (3) the correspon-
dence between training samples and anatomy (goodness of
coregistration), and (4) the final segmented images and the
relative volume estimates. Overall, the kNN classifier showed

a superior stability with respect to small changes in the
automatic selection of the training set.

The evaluation of the accuracy of segmentation results in
the absence of a reference standard was performed visually
by an expert. Results highlighted that caudate, thalamus,
pallidum, and putamen received a median rating good for the
kNN, with grades between fair and very good; for the PCDA
the median rating was fair with scores ranging from poor to
good.
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The reproducibility test, with the limitation to be con-
ducted on a restricted number of studies, showed the best
results for the kNNmethod.The tissuewith greater variability
was the pallidum. The test also highlighted that the kNN is
able to perform well even with only two contrast types as
input, confirming that the essential classification information
resides in the T1 and FLAIR channels and consequently that
the incorporation of T2 contrast is almost redundant.

The comparison of our results with the well-known and
freely available FSL-First software was intended to do a
preliminary verification of the agreement of the volume esti-
mates provided by the best performance of the two methods
considered in this paper. It should be noted that the approach
is different as our segmentation is voxel based while FSL-First
defines an enclosed surface shaped to the structure of interest.
Table 4 shows that the volumes estimated by the automatically
trained kNN and the FSL-First software are comparable.
Overall, the FSL-First yielded a very good result, with a seg-
mented image less noisy than that provided by kNN, although
it tends, in some cases, to overestimate the thalamus volume.

The methods considered in this work require multispec-
tral data but not specific acquisition sequences. The experi-
ments conducted on publicly available data acquired in differ-
ent centers with different scanners and sequences exemplify
the generality of the considered approach. The automated
training defined by registering an atlas to the target study has
been demonstrated to be valid and reliable. This work did
not consider the multiatlas approach [25] that hence could
be explored as a refinement step in the atlas-guided selection
of the training set.The inclusion of additional features for the
kNN classifier may also be investigated as a possible way to
further improve the overall segmentation accuracy.

5. Conclusions

Atlas-guided training is a valid and reliable strategy to
automatically define a representative training dataset for
the segmentation of subcortical structures with supervised
methods. Using this training approach, a k-nearest neighbor
classifier is able to successfully segment caudate, thalamus,
pallidum, and putamen from multispectral magnetic reso-
nance brain images without the need of user interaction.

Appendices

A. MR Data Sources

The IXI database (http://biomedic.doc.ic.ac.uk/brain-devel-
opment/index.php?n=Main.Datasets) is a publicly available
collection of nearly 600 MRI scans from normal, healthy
subjects.

The fourteen MR studies selected for this work have
the following ID: IXI002-Guys-0828, IXI087-Guys-0768,
IXI136-HH-1452, IXI143-Guys-0785, IXI176-HH-1604,
IXI263-HH-1684, IXI320-Guys-0902, IXI327-HH-1999,
IXI351-Guys-0914, IXI499-Guys-1004, IXI562-Guys-1131,
IXI567-HH-2536, IXI608-HH-2599, and IXI613-HH-2734.

TheKirby21 database (http://mri.kennedykrieger.org/data-
bases.html) is a publicly available collection of scan-rescan
imaging sessions on 21 healthy volunteers with no history
of neurological disease. Subjects were imaged twice using
the same scanner and acquisition protocol with a complete
repositioning of the subject between the first and the second
imaging session. The database includes a wide range of MRI
sequences as described in [26], from which we selected T1w,
T2w, and FLAIR for our segmentation.

TheMR studies considered in this work have been down-
loaded from the NITRC website of Multi-Modal MRI Repro-
ducibility Resource, at http://www.nitrc.org/projects/multi-
modal.

The sixMR studies selected have the following ID: Subject
ID 679 (Sessions 03 and 22), Subject ID 913 (Sessions 05 and
31), and Subject ID 492 (Sessions 18 and 38).

B. Description of the In-House Developed
PCDA Function Written in Matlab

See Algorithm 1.
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Objectives. To investigate the availability of correction of mandibular plane using software for vertical measurements in cone beam
computed tomography (CBCT) according to the sites of the mandible.Methods. CBCT scans of six dry mandibles were performed
at 0-, 5-, 10-, 15-, and 20-degree angles relative to CBCT scanning table. Using the imaging software, mandibular planes of the
different angles were corrected to that of 0-degree angle on the CBCT images. Before and after correction of the mandibular planes,
the distance from the mandibular canal to the alveolar crest was measured at M1, M2, and M3 areas of the mandible and vertical
measurements were statistically compared with those of 0-angle location using the paired t-test. Results. Prior to correction, the
vertical measurements increased as the angle increased. The greatest differences of measurements were observed in M3 areas (𝑃 <
0.05). After correction, a strong correlation was found in measurements between the 0-degree angle and the other angles in all
sites of the mandible (𝑃 > 0.05). Conclusions. The vertical measurements of CBCT were significantly influenced by mandibular
positioning. When CBCT scans are performed at angles other than 0-degree angle, software-based correction of the mandibular
plane can be a reliable tool for the accurate vertical measurements in CBCT.

1. Introduction

The assessment of the available bone height is one of the
significant factorswhich influences the decision regarding the
length of the implant prior to dental implant placement [1].
Computed tomography (CT) is an accurate imagingmodality
for the evaluation of preimplant sites in the mandibles [2].
Cone beam computed tomography (CBCT) also enables
measurement of the distance between the alveolar crest and
the mandibular canal so that impingement of the inferior
alveolar nerve can be avoided [3–6].

Recently, due to the advantages of low radiation exposure
and relatively low cost, CBCT scans have come to be preferred
over CT for evaluations of bone quantity prior to dental
implant placement [4, 7, 8]. Additionally, CBCT is known to
provide measurements with submillimeter accuracy [9].

Our previous study reported that vertical measurements
based on CT scans can be significantly influenced by

mandibular positioning angle [10]. In CBCT, the accuracy
of the measurements is affected by the CBCT system and
software, patient motion during the scan, and the clinician’s
skill in interpreting the images [3]. However, we were unable
to identify any study that focused on the influence of changes
in the mandibular position on the vertical measurements
from CBCT scans.

An imaging software program has been developed to
improve the applicability of CBCT imaging for dental treat-
ments [8, 11, 12]. Today, this software program has the
functionality to make the adjustment of the axes of CBCT
data that are obtained at angles other than the 0-degree angle.
We thought that such functionality would make it possible to
obtain the accurate vertical measurements regardless of the
mandibular positions. However, no study has addressed the
correction of mandibular plane using the software.

This study aimed at evaluating the influence of mandibu-
lar position changes on the vertical measurements from
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Figure 1: Marked sites of the mandible for the measurements.

CBCT scans and investigating the availability of software-
based correction of mandibular plane on CBCT images for
vertical measurements according to the sites of the mandible.

2. Materials and Methods

2.1. CBCT Scans. The CBCT scans were conducted with ref-
erence to the experimental procedure that we have previously
reported for CT scans [10]. Six dry mandibles in partially
edentulous states were used. To evaluate the measurement
differences according to sites of the mandibles, gutta-percha
cones (1 × 1mm) were attached as references to the areas at
points M1 (5 and 10mm distal to the mental foramen), M2
(15 and 20mm distal to the mental foramen), and M3 (25
and 30mm distal to the mental foramen) on the right and
left buccal surfaces of the mandibles (Figure 1). To ensure the
reproducibility of the CBCT scans with regard to different
angles, the inferior border of themandiblewas set on a 30mm
thick styrofoam plate that was fixed to an acrylic plate. To
evaluate the influence of mandibular positional changes on
the vertical measurements, the CBCT scans were performed
in the positions described below.

The inferior border of the mandible (mandibular plane)
was positioned parallel to the CBCT scanning table of 0-
degree location and at the following positions:

(1) At a positive 5-degree angle to the scanning table (5-
degree location).

(2) At a positive 10-degree angle to the scanning table (10-
degree location).

(3) At a positive 15-degree angle to the scanning table (15-
degree location).

(4) At a positive 20-degree angle to the scanning table
(20-degree location).

An Alphard 3030 CBCT unit (ASAHI Co., Tokyo, Japan)
was used. All images were recorded at 80 kVp and 5mA over
17 s using a 102 × 102mm field of view and an axial slice
thickness of 0.2mm. To obtain accurate results, the images of
the remnant teeth and the extraction sockets were excluded.

2.2. Vertical Measurements of the CBCT Images before Cor-
rection of the Mandibular Plane. Before the correction of the

V

Figure 2: Measurement of the distance (𝑉) from the top of the
mandibular canal to the alveolar crest on cross-sectional image.

mandibular plane, a total of 56 areas (18M1 areas, 20M2 areas,
and 18 M3 areas) were obtained, and the 280 cross-sectional
images taken from the 56 areas at 0-, 5-, 10-, 15-, and 20-
degree angles were used.

Using the In2Guide software OnDemand3D (Cybermed
Inc., Seoul, Korea), the distances from the top of the
mandibular canal to the alveolar crest were measured on the
cross-sectional images at themarked areas at which the gutta-
percha was highly visible (M1, M2, and M3) at the 0-, 5-,
10-, 15-, and 20-degree angles (Figure 2). All measurements
from CBCT images were performed twice with an interval
of three weeks by a single experienced oral and maxillofacial
radiologist and the means of these measurements were
adopted for analysis.

2.3. Vertical Measurements of the CBCT Images after Correc-
tion of the Mandibular Plane. The imaging software OnDe-
mand3D has the functionality to make the adjustment of the
axes of CBCT data. This function is used for correction of
the mandibular planes of CBCT images that are obtained
at angles other than the 0-degree angle. In the adjustment
of CBCT data, the base plane is dragged to reslice as newly
aligned DICOM data. Rotation degrees will be shown on the
3D plane automatically. The mandibular planes in the CBCT
images taken at the 5-, 10-, 15-, and 20-degree angles were
corrected to that of the 0-degree position forM1,M2, andM3
areas of the mandibles using the software program (Figure 3)
and 224 cross-sectional images were added. The vertical
measurements were performed using the same method that
was applied to the CBCT images prior to correction.

2.4. Statistical Analyses. To assess intraobserver difference,
Wilcoxon matched-pairs test was used for repeated measure-
ments of the same observer. All vertical measurements before
and after correction were statistically compared with those
obtained at 0-degree location according to the M1, M2, and
M3 areas using the paired 𝑡-test (𝑃 < 0.05). The data set
was analyzed using the Statistical Package for Social Science
software ver. 19.0 (SPSS, Chicago, IL).
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Table 1: Means and standard deviations of vertical measurements according to mandibular angles before correction (mm).

0∘ 5∘ 10∘ 15∘ 20∘

M1 (𝑛 = 18) 11.79 ± 1.44 11.84 ± 1.43 11.98 ± 1.38 12.12 ± 1.36 12.27 ± 1.46
M2 (𝑛 = 20) 10.12 ± 1.30 10.23 ± 1.30 10.56 ± 1.49 11.04 ± 1.54 11.34 ± 1.75
M3 (𝑛 = 18) 9.22 ± 1.64 9.45 ± 1.64 9.93 ± 1.87 10.52 ± 1.95 11.00 ± 2.12

Table 2: Means and standard deviations of vertical measurements according to mandibular angles after correction (mm).

0∘ 5∘ 10∘ 15∘ 20∘

M1 (𝑛 = 18) 11.79 ± 1.44 11.77 ± 1.51 11.78 ± 1.53 11.83 ± 1.46 11.76 ± 1.41
M2 (𝑛 = 20) 10.12 ± 1.30 10.21 ± 1.28 10.17 ± 1.32 10.18 ± 1.28 10.21 ± 1.28
M3 (𝑛 = 18) 9.22 ± 1.64 9.18 ± 1.74 9.19 ± 1.78 9.25 ± 1.71 9.25 ± 1.67

Table 3:Mean error and standard deviation betweenmeasurements
at 0∘ location and others before correction (mm).

5∘ 10∘ 15∘ 20∘

M1 (𝑛 = 18) 0.04 ± 0.24 0.18 ± 0.48 0.29 ± 0.96 0.33 ± 0.58
M2 (𝑛 = 20) 0.10 ± 0.26 0.21 ± 0.55 0.91 ± 0.45∗ 1.21 ± 0.69∗

M3 (𝑛 = 18) 0.19 ± 1.05 0.71 ± 0.54∗ 1.31 ± 0.71∗ 1.79 ± 0.94∗
∗Statistically significant difference at 𝑃 < 0.05.

Table 4:Mean error and standard deviation betweenmeasurements
at 0∘ location and others after correction (mm).

5∘ 10∘ 15∘ 20∘

M1 (𝑛 = 18) 0.02 ± 0.21 0.02 ± 0.29 0.04 ± 0.20 0.04 ± 0.25
M2 (𝑛 = 20) 0.09 ± 0.20 0.04 ± 0.18 0.06 ± 0.20 0.09 ± 0.24
M3 (𝑛 = 18) 0.04 ± 0.32 0.03 ± 0.32 0.03 ± 0.27 0.03 ± 0.23

3. Results

There was no statistically significant intraobserver difference
in repeated measurements of CBCT images (𝑃 > 0.05).
Intraobserver consistency was rated at 95% between two
measurements.

Before the correction of the mandibular plane, the value
of vertical measurements increased as the angle between the
mandibular plane and the scanning table increased (Table 1).
The vertical measurements between the 0-degree and 5-
degree angles were not statistically significant different in any
site of themandible (𝑃 > 0.05). However, at the 15-degree and
20-degree angles, there were statistically significant differ-
ences for the M2 and M3 areas (𝑃 < 0.05; Table 3).

The differences of vertical measurements were more
pronounced in the M3 areas than in the M2 areas and the
differences in M2 areas were greater than those in M1 areas
(Table 3). In the M3 areas, statistically significant differences
at 10-, 15-, and 20-degree angles were observed (𝑃 < 0.05).
However, in theM1 area, there were no statistically significant
differences between 0-degree angle and the other angles (𝑃 >
0.05; Table 3).

In contrast, after the correction of the mandibular plane
with software, the vertical measurements were relatively
constant across different angles of the mandibular planes

regardless of sites of the mandible (Table 2). There was
no statistically significant difference in the measurements
between the 0-degree angle and the other angles (𝑃 > 0.05).
Regarding the marked areas of the mandible, there was no
statistically significant effect in the M1, M2, and M3 areas
(𝑃 > 0.05; Table 4).

4. Discussion

During evaluations of preimplant sites of the mandible,
accurate measurements of the distance from the mandibular
canal to the alveolar crest on radiographs have been linked
to primary implant success [13]. Insertion of an inadequately
long implant can injure the inferior alveolar nerve resulting
in permanent hypoesthesia of the lower lip [14].

Prior to the correction of mandibular planes, the ver-
tical measurements based on CBCT scans were affected
by changes in the position of the mandible. As the angle
between the mandibular plane and the CBCT scanning table
increased, the vertical measurements increased. Because the
cross sections of CBCT images that were taken at angles
other than the 0-degree angle were not perpendicular to
the long axis of the mandible, the vertical measurements
from the CBCT images taken at different angles might be
overestimated compared to those at 0-degree angle location
of the mandible.

Regarding the sites of themandible, before correction, the
greatest differences of vertical measurements were observed
in the posterior regions, and the difference of measurements
decreased toward the more anterior regions. Because the M3
areas are the farthest from the axis of rotation in terms of
angle, the cross-sectional images of the areas were oblique to
the long axis of the mandible. So the measurements in the
M3 areas were likely greater than those of the other sites in
the mandibles.

Large errors in measurements of available bone height
might cause nerve injury during the insertion of the implant.
When patients are not accurately positioned in CBCT scans,
CBCT rescans might be necessary for accurate evaluations of
preimplant site. When patients are not accurately positioned
in CBCT scans, CBCT rescanmight be necessary for accurate
evaluation of preimplant site, and it results in unnecessary
radiation exposure to the patient.
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Figure 3: CBCT images before and after the correction of the
mandibular planes.The inferior border of themandible (mandibular
plane) was positioned at 5-, 10-, 15-, and 20-degree angles relative to
CBCT scanning table, and the mandibular planes at different angles
were corrected to the 0-degree position using the software. (a) Five-
degree angle location. (b) Ten-degree angle location. (c) Fifteen-
degree angle location. (d) Twenty-degree angle location.

Today, imaging software has been developed for dental
treatment, and the software has the functionality to rotate the
axis of CBCT image. We thought that this function should
be used for the correction of mandibular plane on all CBCT
images thatwere at angles other than the 0-degree angle. After
correction, the vertical measurements at different angles
corresponded relatively well with those at the 0-degree angle.
Additionally, a strong correlation was found in the vertical

measurements between the 0-degree angle and the other
angles in all sites of themandible.Therefore, the correction of
themandibular plane using software is thought to be a reliable
tool for the accurate measurements of the vertical distance in
preimplant site of CBCT images.

In conclusion, changes of mandibular position in CBCT
scan affected the vertical measurements from the cross-
sectional images according to the sites of the mandible.
However, when CBCT scans are performed at angles other
than the 0-degree angle, software-based correction of the
mandibular plane can provide satisfactory information about
the vertical measurements without requiring an additional
CBCT scanning.
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ments ofmandibular canal region obtained by cone-beam com-
puted tomography: a cadaveric study,” Oral Surgery, Oral Medi-
cine, Oral Pathology, Oral Radiology andEndodontology, vol. 107,
no. 2, pp. e34–e42, 2009.

[7] L.-G. Chen, T. Lundgren, H. Hallström, and F. Cherel, “Com-
parison of different methods of assessing alveolar ridge dimen-
sions prior to dental implant placement,” Journal of Periodontol-
ogy, vol. 79, no. 3, pp. 401–405, 2008.

[8] K. Abramovitch and D. D. Rice, “Basic principles of cone beam
computed tomography,” Dental Clinics of North America, vol.
58, no. 3, pp. 463–484, 2014.

[9] M. Loubele, N. Van Assche, K. Carpentier et al., “Comparative
localized linear accuracy of small-field cone-beamCT andmul-
tislice CT for alveolar bone measurements,” Oral Surgery, Oral
Medicine, Oral Pathology, Oral Radiology and Endodontology,
vol. 105, no. 4, pp. 512–518, 2008.

[10] K.-D. Kim, H.-G. Jeong, S.-H. Choi, E.-H. Hwang, and C.-S.
Park, “Effect ofmandibular positioning on preimplant sitemea-
surement of the mandible in reformatted CT,”The International



BioMed Research International 5

Journal of Periodontics & Restorative Dentistry, vol. 23, no. 2, pp.
177–183, 2003.
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Purpose. Smooth muscle cells (SMCs) of cavernosum play an important role in erection. It is of great significance to quantitatively
analyze the level of SMCs in penis. In this study, we investigated the feasibility of shear wave elastography (SWE) on evaluating the
level of SMCs in penis quantitatively.Materials andMethods. Twenty healthymale rats were selected.The SWE imaging of penis was
carried out and then immunohistochemistry analysis of peniswas performed to analyze the expression of alpha smoothmuscle actin
in penis.Themeasurement index of SWE examination was tissue stiffness (TS).Themeasurement index of immunohistochemistry
analysis was positive area percentage of alpha smooth muscle actin (AP). Results. Sixty sets of data of TS and AP were obtained.
The results showed that TS was significantly correlated with AP and the correlation coefficient was −0.618 (𝑝 < 0.001). The result
of TS had been plotted against the AP measurements. The relation between the two results has been fitted with quadric curve; the
goodness-of-fit index was 0.364 (𝑝 < 0.001). Conclusions. The level of SMCs in penis was successfully quantified in vivo with SWE.
SWE can be used clinically for evaluating the level of SMCs in penis quantitatively.

1. Introduction

The special structure in cavernosum is the key structure
for erectile function. In cavernosum, smooth muscle cells
(SMCs) account for about 40–52% of cells [1] and the level
of SMCs can directly affect the erectile function. Blood flows
into sinusoids during the relaxation of SMCs; this is the key
process of penile erection. So the blood flow of cavernosum
under the erectile condition is directly determined by the
number of SMCs. The decrease of SMCs will directly lead to
the erectile hypofunction. Studies have found that, with age
increasing, the smooth muscle tissue will gradually atrophy,
cells will decrease, fibrous tissue will proliferate, and conse-
quently the erectile function will decline [2]. The number
of SMCs of cavernosum is also closely related with the sex
hormone levels. Testosterone can promote the generation of
SMCs and enhance the cell vitality. Cell vitality and prolifer-
ation of SMCs decline with testosterone decrease, which can
lead to their atrophy and reduction in the number and the
decline of erectile function [3]. Some diseases can also lead to
the change of the number of SMCs. For example, Peyronie’s

disease can cause abnormal fibrosis of cavernosum and the
decline of SMCs-fibroblasts ratio and consequently affect the
erectile function [4]. Therefore, it is of great significance to
quantitatively analyze the level of SMCs in penis. At present,
the level of SMCs can be quantitatively analyzed only by penis
biopsy and immunohistochemistry [5, 6]. But this method
is not suitable for clinical expansion because of many side
effects; a new technology is in urgent need.

Shear wave elastography (SWE) is a new ultrasound
technology. It uses probe to emit safe acoustic radiation force
impulses which can focus consecutively on different depth
of tissue to cause the tissue particles to vibrate and generate
shear waves. The ultrafast imaging system can precisely
measure the shear wave velocity, and then the tissue stiffness
(TS) can be calculated with shear wave velocity in system
and can accomplish real time imaging [7–12]. Since TS is
determined by cell types and amount of tissue, theoretically,
SWE can be used to analyze cell types and level. Also, SWE is
noninvasive, of low cost, and easy to handle. It may become a
newmethod to diagnose pathological changes of cavernosum
tissues and take the place of biopsy.
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In this study, twenty rats with different level of SMCs in
penis were imaged by SWE and TS was measured. Then we
analyzed the correlation of TS with the amount of SMCs and
investigated the feasibility of SWE on evaluating the level of
SMCs in penis quantitatively and noninvasively.

2. Materials and Methods

2.1. Animals. All animal experiments were approved by Insti-
tutional Animal Care and Use Committee. Twenty healthy
male Sprague Dawley rats (1.5–14 months) obtained from
the Animal Breeding Center were randomly sampled. The
rats’ weight was 337.12 ± 102.64 g, and length of body was
13.43 ± 4.92 cm.

2.2. Reagents. The anti-alpha actin antibody [SA-20] (ab
82247) and rabbit anti-rat IgG H&L (HRP) (ab 6734) were
obtained from Abcam (Shanghai, China).

2.3. SWE Examination. All rats were anesthetized with
sodium pentobarbital (30mg/kg, ip), and anesthesia was
maintained with supplemental sodium pentobarbital as
needed.Thepenis of ratwas in a flaccid state belownarcotism.
The ultrafast ultrasound device Aixplorer (SuperSonic Imag-
ine, Aix-en-Provence, France) was used for SWE imaging and
the probe selected was SuperLinear SL15-4. The four limbs of
the rat were fixed supinely after it was anesthetized and the
two-dimensional ultrasonography was performed after penis
was fully exposed. The transverse section was selected for
scanning. Then SWE was carried out after penis was shown
clearly and the SWE imaging box should be larger than the
transverse section of penis. The near glans, mid, and the
near root segment of penis were, respectively, selected for
SWE imaging and the images were saved in real time. The
information regarding the Aixplorer settings was as follows:
the focal depth was 1-2 cm, the gain was 30%, the frame for
averaging was 12Hz, and the penetration mode selection of
SWE was “Pen.”

After SWE examination, the saved images were used
for measurement. Q-Box was used to measure TS in SWE
imaging box. The delineated standard of the Q-Box (circle)
was surrounding penis on the largest scale with the capsule
as the outer boundary. Therefore, the diameter of Q-Box was
different for each rat; it was determined by the size of penis.
TS of the near glans, mid, and near root segment of penis was,
respectively, measured. The unit was kilopascal (kPa).

2.4. Histological Examination. Each rat was killed immedi-
ately after SWE examination. Penis was cut off at the root
and fixed in 4% paraformaldehyde for 12–24 hours. After
dehydration through graded concentrations of ethanol and
transparence in xylene, penis was embedded in paraffin. The
paraffin-embedded tissue was cut into 5 𝜇m sections and
adhered to SuperFrost Plus slides. These prepared sections
were used for hematoxylin-eosin (HE) and immunohisto-
chemical staining.

The sections were stained with hematoxylin for 10min,
followed by being rinsed several times with flowing water,

and then they were stained with eosin for 20–30 s. After
dehydration through graded alcohol and transparence in
xylene, the sections were mounted with neutral gum and
baked at the temperature of 37∘C for drying.

After heat drying, the sections were deparaffinized in
xylene and subsequently rehydrated in gradients of ethanol.
The sections were treated with 3% hydrogen peroxide to
inactivate endogenous peroxidase, and then the antigen was
retrieved at 95∘C for 10min.The sections were incubatedwith
the normal goat serum at 37∘C for 15min and then primary
antibody, anti-alpha actin antibody (1 : 50), was applied, and
the sections were incubated at 4∘C overnight. Subsequently,
the sections were incubated with rabbit anti-rat secondary
antibody for 15min and then incubated with streptavidin-
peroxidase complex for 15min. Colored reactions were devel-
oped by incubating with 33-diaminobenzidine and subse-
quently counterstained with hematoxylin. After dehydration
and transparence, the sections were mounted with neutral
gum. Between all reaction steps, the slides were rinsed with
0.1M phosphate buffered saline (pH 7.4).

2.5. Image Collection and Analysis. The sections with HE
staining were observed under light microscope and the color
image analysis system was used to analyze immunohisto-
chemical images. The image analysis and data measurement
were performed by professional pathologists with more than
5 years of experiences. The positive area percentage of alpha-
smooth muscle actin (AP) of the near glans, mid, and near
root segment of penis was, respectively, measured by the
software of Leica QWin Plus (Wetzlar, Germany).

2.6. Statistical Analysis. TheKolmogorov-Smirnov (K-S) test
was used to determine whether the data sets (TS and
AP of rats) followed normal distribution. If necessary, the
nonparametric method (Spearman test) would be used to
analyze the correlation of TS with AP.The statistical analyses
were performed by SPSS software (v. 18.0 for Windows; SPSS
Inc., Chicago, USA). A 𝑝 value of < 0.05 was considered
statistically significant.

3. Results

3.1. SWE Imaging. All rats’ penises were imaged successfully
(Figure 1). The two-dimensional images showed that the
transverse section of penis was oval with clear boundary
and intact capsule and was uniformly hypoechoic inside.The
SWE images showed that each area of penis was filled with
color, the image was like an oil painting, and there were no
mosaic-like points (area without SWE signal). TS of all rats
was 9.10 ± 1.63 kPa.

3.2. HE Staining and Immunohistochemistry Analysis. The
rats’ penile tissue mainly included SMCs and fibroblasts
(Figure 2). The sections with immunohistochemical staining
were obtained successfully. Figure 3 shows the expression of
alpha-actin of penis. AP of all rats was 10.55 ± 9.13%, AP of
the near glans segment of all rats was 10.60 ± 8.93%, AP of
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Figure 1: SWE imaging of penis. The two-dimensional image (lower) shows that the transverse section of penis is oval with intact capsule
and uniformly hypoechoic inside. The SWE image (upper) shows that each area of penis is filled with color, the image is like an oil paint, and
there are nomosaic-like points. Q-Box was a circle depicted with tunica albuginea as the boundary. (Q-Box, measurement results of TS; Min,
minimum; Max, maximum; SD, standard deviation; Diam, diameter.)

Figure 2: Sections of rat’s penile tissue (HE 100x).The outer layer is
the corpus cavernosum; the inner layer is the corpus spongiosum.At
the center of the corpus spongiosum is the urethra (cavity) which is
covered with urethral epitheliums (blue staining). The penile tissue
is mainly composed of SMCs and fibroblasts and the arrangement.

Figure 3: The expression of alpha-actin in rats’ penile tissue. The
brown color shows the positive cell in this area. In this figure, the
positive cells are smooth muscle cells (400x).

the mid segment was 10.77±10.02%, and AP of near the root
segment was 10.27 ± 8.87%.

3.3. Correlation Analysis. For each rat, the near glans, mid,
and near root segment of penis were, respectively, selected for
the measurement of TS and histological examinations. Sixty
sets of data of TS and AP were obtained. We found that the
data of TS followed normal distribution (𝑝 = 0.909), but
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Figure 4: The result of TS plotted against the AP measurements of
each rat. The relation between the two results has been fitted with
quadric curve.

the data of AP did not. So the Spearman test was used to
analyze the correlation betweenTS andAP.The result showed
that TS was significantly correlated with AP (𝑝 < 0.001); the
correlation coefficient was −0.618. The result of TS has been
plotted against the AP measurements of each rat (Figure 4).
The relation between the two results has been fitted with
quadric curve (𝑦 = 0.001𝑥2−0.132𝑥+10.349); the goodness-
of-fit index was 0.364 (𝑝 < 0.001).

4. Discussion

Penis is mainly composed of corpora cavernosa and corpus
spongiosum, and the cell types include SMCs and fibroblasts.
SMCs are the structural basis of cavernosum relaxation and
account for about 40–52% in cavernosum. The main process
of penile erection is as follows: with sexual stimulation, SMCs
relax and then corpora cavernosum penis congests and swells
followed by the gradual increase of intracavernous pressure.
At the same time, the subalbugineous veniplex is compressed
which can lead to the decrease of blood reflux. When the
intracavernous pressure is high enough, the inflow of penis
arteries stops and there is no outflow.Thus the penis is under
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a fully closed condition and achieves full erection [13, 14].
Meanwhile, the effective venoocclusion is directly affected by
the SMCs-fibroblasts ratio. Therefore, the level of SMCs can
directly impact the erectile function.

So far, the only way to evaluate the level of SMCs in
penis is obtaining samples by penis biopsy and quantifying
cell amount by immunohistochemistry. The mechanism of
quantifying the amount of SMCs by immunohistochemistry
is as follows: SMCs in penis include cavernosum SMCs and
vascular SMCs,mainly cavernosum SMCs [1], which have the
function of contraction and contain alpha-actin. And anti-
alpha actin antibody can serve as the marker of SMCs. But
this method needs high technical conditions when drawing
materials and is invasive and liable to cause some severe side
effects including penis pain and penile induration.Therefore,
it is difficult to be accepted by patients and the clinical
application has been greatly restricted. It is necessary to
explore a noninvasive method that can be applied on clinical
evaluation of the level of SMCs in penis.

SWE is a new technology which can be used to analyze
TS clinically. Since TS is closely associated with cell types and
level of tissue, SWE can be used to analyze cell types and level.
SWE uses the ultrafast imaging system to precisely record the
tissue movement induced by the propagation of shear waves
and the velocity of the tissue movement is quantified using
tissue Doppler techniques; thus the propagation of shear
waves through the scanning plane can be monitored in real
time. The shear wave velocity getting through each particle
of tissue is estimated using cross correlation algorithms.
Then the TS can be calculated with shear wave velocity in
system. At the same time, the TS can be color coded and
superimposed on a B-mode image, and then a real time TS
map of in vivo tissue is formed [1, 11, 12]. Since SWE is hopeful
to be a new method for analyzing types and level of cells, we
attempted to analyze the level of SMCs in penis with SWE.

In this study, anti-alpha actin antibody was selected
to quantitatively measure the amount of SMCs and the
measurement index was AP. Then the correlation of TS with
AP was analyzed.The result showed that TS was significantly
negatively correlated with AP of all rats. It suggests that
there is a significant negative correlation of TS with SMCs in
penis. This finding just fits with the common understanding
that more SMCs in penis means better elasticity and lower
TS of penis. At the same time, we got the quantitative
relationship betweenAP andTS of penis for the first time.The
curve-fitting equation was TS = 0.001AP2− 0.132AP + 10.349.
Therefore, SWE is promising to be a new noninvasivemethod
of evaluating the level of SMCs and it deserves further study.

The transverse section was used for SWE measurements
in this study as we considered the anisotropy of SMCs. Based
on the anisotropy of SMCs, the shear wave speed along the
fiber could be significantly higher than that across the fiber.
When SWE imaging was carried out, shear waves would
propagate along the fiber if the section was parallel to the
fiber, and shear waves would travel across the fiber if the
section was perpendicular (or nearly perpendicular) to the
fiber. Therefore, when the longitudinal section was used for
SWE imaging, the influence of the anisotropy of the SMCs
for shear wave velocity could not be avoided because it was

impossible to ensure that each section was parallel to the
fiber in practice. When the transverse section was selected,
the influence of the anisotropy of the SMCs for shear wave
velocity could be overcome effectively because it was possible
to ensure that each section was perpendicular (or nearly
perpendicular) to all fibers.

There are some limitations in this study. We could not
identify the corpus spongiosum and the corpus cavernosum
of rats in the two-dimensional ultrasonography, so we mea-
sured the TS of the whole penis. But the cell types of the cor-
pus spongiosum are close to the corpus cavernosum, mainly
including SMCs and fibroblasts, so our result is also suitable
for the corpus cavernosum. Furthermore, since the corpus
spongiosumand the corpus cavernosumof humanbeings can
be clearly divided in the two-dimensional ultrasonography, it
would not happen when this technology is used clinically.

5. Conclusion

In our research, the level of SMCs in penis was successfully
quantified in vivo with SWE. SWE can be used clinically for
evaluating the level of SMCs in penis quantitatively, and it
deserves further study.
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