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Abstract
Computer-aided detection/diagnosis (CAD) is increasingly used in clinical practice.
CAD systems are useful for decision making in detection and interpretation of
diseases by clinicians. Therefore, quality assurance (QA) for CAD has a key role in
clinics and it helps end users to make aware of changes in CAD performance both
due to intentional or unintentional causes. However, there are no QA requirements for
CAD in clinical use at present. CAD subcommittee of American Association of
Physicists in Medicine (AAPM) has recently published the general guidelines for all
CAD systems used in clinical practice. Further to that need of research studies to find
appropriate methods for QA of CAD systems has been pointed out by the publication.
Purpose of my study is to introduce a new method to assess lung cancer CT
screening CAD systems’ performance effectively and perform QA of the same CAD
system.
First part of the study was performed to verify the point spread function
(PSF)-based virtual nodules. 19 clinical lung nodules of 18 subjects were used from
screening data set of a general hospital for the verification study. These nodules were
confirmed by experienced lung screening radiologist. PSF-based nodules were
simulated with quite similar size and density of each clinical nodule. Then
superimposed on same images and CAD were performed. Similar free response
receiver characteristic (FROC) curves were obtained for both clinical lung nodules
and comparable PSF-based virtual nodules. This result implies that the CAD system
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has shown a similar performance on both clinical nodules and PSF-based virtual
nodules. Therefore, this result verifies the PSF-based virtual nodules.
Then the feasibility of PSF-based virtual nodules was checked for assessing
CAD system performance in detail. PSF-based nodules were simulated with various
sizes and densities and superimposed on clinical images to assess the CAD
performance dependence on nodule size and density and slice thickness. FROC
curves are used to analyze results. Nodule size study shows true positive fraction
(TPF) is higher for larger nodules. Nodule density study shows that TPF is larger for
higher density nodules. Slice thickness study shows that higher percentages of
nodules on thick slices were detected by the tested CAD system. Therefore, tested
lung cancer CT screening CAD system shows tendency of performance on high dense
large nodules on thick slices.
Similarly the proposed PSF-based virtual nodules can be used to assess the
performance of a CAD system with images from various clinics with different
scan/reconstruction conditions. PSF-based virtual nodule method applies its own
images of a clinic which includes same scan/reconstruction parameters and avoids the
CAD performance dependence on special resolution conditions. Therefore, this
method is feasible to apply for QA of lung cancer CT screening CAD systems at any
different clinical sited for different CAD systems.
Study results show that practical implementation of QA for CAD system is
possible with the proposed method. Therefore, this study proposed PSF-based virtual
nodules based QA protocol for lung cancer CT screening CAD system.
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Chapter 1 Introduction
1. 1.

Lung cancer CT screening

1.1.1
Lung cancer is the leading cause of cancer-related deaths in the world and it is the
number one cause of cancer-related deaths in males and the second leading cause of
cancer-related deaths in females [1]. Approximately 95% of those diagnosed with
lung cancer die from it [2]. Symptoms of lung cancer generally produce in the well
advanced stages of the diseases. More than 10% of diagnoses are made incidentally
following a chest radiograph for an unrelated reason. Therefore effective treatment
options are limited and prognosis is poor due to the advance stage of the lung cancer
[3]. The 5-year survival rate for lung cancer varies by country but is generally 5–15%
[1, 4]. Findings from the early lung cancer action project (ELCAP) conforms that
survival rates are highest for those whose cancer is detected early stages (Table 1-1).
ELCAP has suggested a 10-year survival rate of 88% for patients with stage I lung
cancers. Further, ELCAP has suggested that low-dose computed tomography (LDCT)
screening can be prevented 80% of deaths from lung cancer in high-risk groups [2].

1.1.2

Basic principle of screening

There are number of basic principles established for lung cancer CT screening
programs.


First, the screening test must not cause harm. LDCT is a non-contrast study
conducted during a single breath hold lasting approximately15-20 seconds [5].
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Second, the screening test must be highly accurate at detecting treatable,
preclinical disease. Analysis of initial screening results during one randomized
trial indicated a sensitivity of 94.6% with a positive predictive value of 35.7%
[6].



Third, the screening population must have a high prevalence of detectable
preclinical disease. The specificity of a screening program depends on the
prevalence of the disease. Smoking is the most important risk factor for lung
cancer. 85% of lung cancer-related deaths are associate with smoking and
higher relative risk of developing lung cancer.

Table 1-1. Five-year survival rate for all patients with lung cancer diagnosis

1.1.3

Stage

5-year survival rate (%)

IA

49

IB

45

IIA

30

IIB

31

IIIA

14

IIIB

5

IV

1

Lung cancer screening trials

Number of lung cancer screening trials has conducted in fast. Radiographs were used
in 1960s and 1970s. However, due to the lower resolution of radiographs those
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studies were not concluded [7,8]. The advent of CT allowed considerable
improvement of sensitivity, and several studies have been conducted using LDCT as
the screening tool. In 1990s group of Japanese investigators [9,10] initiated the
screening for lung cancers by using CT. They demonstrated that LDCT is feasible to
detect about 3 times more lung cancers than chest radiography [11, 12]. Following
that number of normalized and randomized trials has been conducted. Results of
some major programs such as ELCAP and National Lung Screening Trial (NLST)
have been published and the results of Dutch-Belgian randomized lung cancer
multislice CT screening (NELSON) trial are expected in 2015. NLST was the first
prospective randomized trial comparing screening efficacy of LDCT and chest
radiograph using mortality as an end point. Results show that LDCT screening can
reduce the mortality from lung cancer 20% more than by screening with chest
radiographs. This study concludes that LDCT screening can reduce the mortality [7].
Overall goal of the LDCT screening is to reduce mortality from lung cancer.
Studies have shown the benefits of the LDCT screening. One important benefit is
early diagnosis of lung cancer which help to reduce the risk of mortality because early
stage lung cancer potentially curable and needs only less invasive surgical techniques
[13]. Another indirect benefit of screening program is increasing the number of
participants for smoking cessation programs [14, 15].
However, mass screening based on helical CT images leads to a considerable
number of images to be evaluated; this is time-consuming and makes its use difficult
in the clinic [16]. Therefore, computer aided detection/diagnosis (CAD) system for
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lung cancer screening is a feasible solution to decrease the work load of clinicians and
increases the nodule detection efficiency [17 - 20].
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1. 2.

CAD systems

Medical imaging has been indispensable in medicine since the discovery of x-rays.
Medical imaging offers useful information on patients’ medical conditions and on the
causes of their symptoms and diseases. With the advancement of imaging
technologies, a large number of medical images are produced which the radiologist
has to analyze and evaluate comprehensively in a short time. It has long been
recognized that clinicians do not always make optimal use of the data acquired by an
imaging device [21, 22]. The limitations of the human eye-brain system, limitations
in training and experience, and factors such as fatigue, distraction, and satisfaction of
search may all contribute to suboptimal use of available information [23 - 25].
Medical image processing attempts to modify the image presented to the readers in
such a manner that abnormalities are enhanced for the human visual system. However,
image processing alone is unlikely to completely address factors such as fatigue,
distraction, or limitations in training. CAD systems applied to medical images go
beyond image processing, such that they may provide specific lesion location
information and/or other diagnostic analysis to assist clinicians [26]. Therefore,
computer aids are demanded and become indispensable in physicians’ decision
making based on medical images. Consequently, computer-aided detection and
diagnosis has been investigated and has been an active research area in medical
imaging. [27 - 31]. Basically computer aid is used for two major tasks of computer
aided detection and computer aided diagnosis. CAD systems mark regions of an
image that may reveal specific abnormalities and are used to alert clinicians to these
regions during image interpretation. Computer-aided diagnosis systems provide an
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assessment of a disease using image-based information alone or in combination with
other relevant diagnostic data and are used by clinicians as a decision support in
developing their diagnoses. The first study of applying computer aids in radiology
was published by Winsberg et al. in 1967 [32]. This study conducted to detect
abnormalities in mammograms. After that computer aided detections have studied to
apply in various areas such as detecting focal abnormalities in chest radiographs,
heart abnormalities, angiography, detection of lung nodules in chest radiography,
detection of interstitial lung diseases in chest radiography, lung nodule detection in
chest CT, breast magnetic resonance imaging (MRI), breast ultrasound and detection
of polyps in CT colonography. The success of a particular CAD system can be
measured in terms of accuracy of diagnosis, speed, and automation level. In 1988,
U.S. Food and drug Administration has approved the first commercial CAD system
which was developed by researchers from University of Chicago for mammograms
and the system has commercialized by R2 Technology Inc. Following that CAD
systems are commercially available for other imaging modalities too [33].
Early detection of the small lung nodule is the target of lung screening. CAD
system can play a key role in lung cancer CT screening and help to reduce the
mortality. Research results show that the combination of a radiologist and CAD as a
second reader can significantly improve the detection rates of lung nodules, and it has
been recommended and proposed to use a CAD system for daily routine work [17 20, 34]. Consequently, CAD system for lung cancer CT screening has become an
attractive research interest in medical imaging and diagnostic radiology. Many studies
of performance evaluations of CAD systems have been carried out using clinical
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image databases [17 - 20, 35 - 43]. As the image databases included actual nodules
with complicated shapes and heterogeneous density, the CAD performance evaluated
with using the database was considered as an overall performance for various size and
density of nodules, not for specific nodule characteristics. Although the CAD systems
for lung cancer CT screening are commercially available, standardized approaches for
evaluating and reporting their performance have not yet been fully formalized in the
literature or in a standardization effort and research on quality assurance (QA) of
CAD is limited to date [44]. In my study I have focused on this matter and proposed a
QA protocol for CAD system for lung cancer CT screening by applying point spread
function (PSF)-based virtual nodules.
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1. 3.

QA for clinical lung cancer CT screening CAD system

CAD is increasingly used in clinical practice. CAD systems are useful for decision
making in detection and interpretation of diseases by clinicians. Therefore, quality
assurance (QA) for CAD has a key role in clinics and it helps end users to make
aware of changes in CAD performance both due to intentional or unintentional causes.
However, there are no QA requirements for CAD in clinical use at present. Need of
QA for CAD systems has identified and published by CAD subcommittee of
American association of physicists in medicine (AAPM) as recommended general
QA guidelines common for all CAD systems. This lack of QA has led to difficulty in
the comparison of available CAD system and to understand the CAD performance
variation under different clinical practices [26].
Basically the clinical applications of products are done considering the riskbenefit profile associate with them. CAD performance may change with the time and
therefore the initial risk-benefit profiles also change. Thus, QA testing throughout the
life cycle of CAD is essential to assure the consistency of CAD system performance
over time. Without having a routine QA practice, clinicians may not be alerted to any
unexpected changes in CAD performance and do not have the ability to easily
identify any potential issue that may arise. Therefore, acceptance test should be
performed ensuring the CAD system functions correctly when installed at clinic and
conform the specifications given by the manufacturer. Routinely check of CAD
performance is needed to identify weather the initial performance has changed
significantly. CAD systems used in different clinical applications should apply a
feasible QA protocols depending on its application.
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In this study I introduced a newly developed feasible method of QA for lung
cancer CT screening CAD system following recommended general QA guidelines
published by AAPM [44]. These general guidelines are based on 7 matters.
Q1. When does a QA procedure need to be performed?
Q2. Who should perform the test?
Q3. What are the tools and materials that may be used to perform the QA
tests?
Q4. What are the performance measures to be used?
Q5. What QA results should be captured and how should they be reported?
Q6. What are the criteria of success/failure of the tests (or minimal
requirements)?
Q7. What should be done if the CAD QA test fails?
Depending on the particular CAD application responds to these questions are
varied. In my study I mainly focused on the lung cancer CT screening CAD systems
and tried to find the responses mainly for the points raised in Q1, Q3 and Q4.
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1.3.1. When does a QA procedure need to be performed?
Selection of an appropriate lung cancer CT screening CAD system for a particular
screening clinic is one of the critical issues to be considered. This selection should be
done carefully considering many factors as explained in the discussion section. Once
an appropriate CAD system has been selected and installed, it is the hospital staff’s
(e.g., diagnostic medical physicist, radiologist and radiological technologist)
responsibility to assure that the equipment functions correctly, according to all
published claims made by the CAD developer. This is the time to do performance
verification and conformation of the specification documented and created during the
selection process. This process is called the acceptance testing [45]. Documentation
of the system performance during the warranty period may become a critical issue
and hence must be carefully maintained. Following successful installation and
acceptance, CAD system must be monitored on an ongoing basis to ensure continued,
reliable performance. This routine QA practice with a periodic evaluation procedure
is an essential part of QA and the purpose of routine QA testing is to identify any
changes of CAD performance that may result in a clinically significant degradation.
One of the other critical situations when the CAD QA tests are recommended is after
upgrading or changing the CT scanner’s software or CAD system’s software. Further
to that replacement of CT scanners hardware components which affect image quality
also leads to a CAD performance variation, hence the QA tests are recommended
after such replacement. Main hardware changes are X-ray tube or detector system and
the main software change that effect on image quality is the image reconstruction
algorithm. After having any of these changes performance of the lung cancer CT
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screening CAD system should be checked and compared with the initial performance.
Addition to the situations as discussed earlier, CAD performance may vary due to the
change in one or more of image acquisition parameters such as kV, mAs or slice
thickness. After such change of image acquisition parameters QA tests are
recommended to apply.

1.3.2. What are the tools and materials that may be used to perform the QA
tests?
QA for CAD system need to use method which apply feasible materials and tools.
These are three proposed materials and tools as follows:
a.

Validated software tools provided by the CAD manufacturer or a third party

b.

Set of clinical images with appropriate known reference standards provided by

the CAD manufacturer or collected at the clinical site and
c.

Phantoms that are validated for a specific CAD QA purpose with a validated

test procedure.
According to the available literature none of these materials or tools has
implemented in the clinical practice of QA yet. Therefore, the most suitable materials
or tools should be introduce and validate for the routine clinical use. When the most
suitable material or tool is selecting, there are several factors to be considered. It
should be cost effective and appropriate to measure the relevant parameter and what
QA of lung cancer CT screening CAD system would be performed. If a software tool
is selected as a QA tool it should allow user to save and retrieve user-selected image
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data for QA and store and analyze results of QA test without interfering with the local
patient data. Other proposed option is to use a set of clinical images. In this method
numerous nodules in a large-scale image database are necessary to perform a detailed
QA test such as effect of CAD on lung nodule characteristics and image acquisition
conditions. Collection of a set of clinical images with an appropriate
scan/reconstruction condition is a very much time consuming work to an individual
clinic. CAD performance evaluation should be performed by using images with the
same scan/reconstruction parameters as screenings are done in the clinic where the
CAD system is used. Because, CAD performance varies with image quality and
therefore it depends on scan/reconstruction parameters. Use of phantom images is
worth of consideration as potential resource for lung CAD QA procedures. It would
be a solution instead of collecting larger number of screening images from an
individual clinic. One important thing is to verify that CAD system performance is
relatively close to its response to real clinical images. One major limitation of the
physical phantoms is the cost to build a large set of different physical phantoms that
will realistically cover the variations in the lesion characteristics and anatomical
structures in the patient population.
1.3.3. What are the performance measures to be used?
There are number of measures to be considered in QA for lung cancer CT screening
CAD system. Performance measured to be performed depends on the purpose of the
QA test. True positive fraction (sensitivity) which is the ratio of detected nodules to
the total number of nodules considered is the most commonly used term to evaluate
and present the CAD performance. Detection sensitivity depends on number of
12

factors. One of them is lung nodule characteristics such as its size and density.
Therefore, QA test should be performed by applying nodules with known sizes and
densities and also the results should be reported accordingly. Image acquisition
parameters also affect on the detection sensitivity of lung cancer CT screening CAD
system. Therefor image acquisition conditions such as slice thickness, mA, kV and
reconstruction kernel should be reported and the changing of sensitivity under these
conditions also should be measured.
In my study, I considered the proposed materials and tools and performance
measures to be used for QA of CAD under the general guidelines for QA of CAD
published by CAD subcommittee of AAPM. I propose a new approach for QA of
lung cancer CT screening CAD system based on the PSF measured in the CT system.
Partially digital phantom which is a newly proposed concept is the base of this
method. Partially digital phantoms are form by superimposing simulated nodules on
clinical images [44]. This method can be considered as a combination of all three
proposed materials and tools for QA of CAD. Computational tool (software) is used
to obtain simulated nodules based on measured PSF of the CT scanner. Then images
obtained from the same clinic are used and the simulated nodules are superimposed
on those images. Therefore, this partially digital phantom realistically represents the
anatomical variation in real lung screening subjects and the same spatial resolution
conditions of the clinic. Nodules can be simulated with various sizes, densities and
shapes covering clinically diagnosed range and any location from the whole lung field
can be selected by considering the probability of detected nodules. Therefore, this
independent testing provides a higher level of QA to monitor CAD system
13

performance in the local patient population and also improve the effectiveness of end
users’ use of CAD by increasing their understanding of CAD performance in local
population. Receiver operating characteristic (ROC) methodology is a widely used
method for comparing the performances of imaging modalities. When the number of
lesions is more than one, free-response receiver operating characteristic (FROC) is
appropriate. Proposed QA method applies more than one virtual nodule on selected
subjects’ images and therefore, FROC curves are used to compare the CAD
performance in QA tests.
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Chapter 2 Theory of generating PSF-based virtual nodules
2.1.

Principle of computer simulation

Blurring of the CT image can be described by the PSF of a system [46, 47]. The PSF
is assumed separable into a two-dimensional (2D) PSF in the x-y scan plane and the
SSP in the z-direction perpendicular to the scan plane [48 - 51]. Then, the three
dimensional (3D) CT image I (x, y, z) can be expressed as [47, 48, 50]

I ( x, y, z )  [O( x, y, z ) * *PSF ( x, y)] * SSP( z ) ,

(1)

where O(x, y, z) is the object function, PSF(x, y) and SSP(z) are the 2D PSF and slice
sensitivity profile, respectively; and ** and * are 2D and 1D convolutions,
respectively. Noise and artifact components are neglected in this representation.
Figure 2-1 and Figure 2-2 illustrate the generation of 3D image of computer-

PSF (x,y)

simulated nodule.

x(mm)

y(mm)

(b)

(a)

(c)

Figure 2-1. Generation of computer-simulated nodule in scan (xy) plane. (a) Image of the object
function in scan plane. (b) 2D PSF in scan plane obtained for reconstruction kernel FC50. (c)
Image of the computer-simulated nodule in scan plane
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SSP (z)

1

0
-10

(a)
.

0

z (mm)

(b)

10

(c)

Figure 2-2. Generation of computer-simulated nodule in perpendicular direction of scan plane (z
direction). (a) image of the object function in zx plane. (b) SSP obtained for slice thickness 8
mm. (c) Image of the computer-simulated nodule in zx plane.
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2.2.

3D PSF measurements

One important thing of the proposed QA procedure is application of spatial resolution
condition of the same scanner at the screening clinic. Therefore, measurement of 2D
PSF and the SSP is needed and measured data is used in simulation process. Setting
the reconstruction kernel as similar to the screening settings (e.g. FC50 Asteion,
Toshiba Medical Systems), 2D PSF measurement of the scanner was performed using
a method that determined the 2D PSF in the scan plane by one scan of a commercial
phantom, accompanied by verification [49,50]. Figure 2-3 shows an image and a CT
scanned image of the phantom used for PSF measurements. This cylindrical phantom

(a)

(b)

Figure 2-3. Phantom used for the PSF measurements. (a) Image of the phantom (b) CT scanned
image of the phantom.

is filled with the lung tissue equivalent material and contains soft tissue equivalent 10
cylinders placed parallel to the main axis (z-direction). Diameters of the soft tissue
equivalent cylinders are 2, 3, 5, 7 and 10 mm. The CT image I(x, y) of such an
objects is characterized by its spatial resolution in the scan (xy) plane and does not
17

depend on the spatial resolution in the z direction, as shown in the following
expression:

I ( x, y)  O( x, y) * *PSF ( x, y) ,

(2)

where O(x,y) and PSF(x,y) are two dimensional (2D) object function and the PSF in
scan plane respectively. ** represents the 2D convolution. Using the convolution
theorem Equation (2) can be transferred as
PSF ( x, y )  F 1F I ( x, y ) / F O( x, y )

(3)

where F and F-1 denotes the 2D Fourier transform and the 2D inverse Fourier
transform, respectively. The calculation in Equation (3) corresponds to the 2D
deconvolution. Phantom was scanned and the CT images of phantom structures were
obtained. Then corresponding object [O(x,y)] functions were numerically generated.
Then PSF was obtained from Equation (3) [50]. Then setting the slice thickness
similar to screening settings (e.g. 8.0 mm), SSP measurement was performed using a
commercial phantom (Gold Disk Delta phantom Kyoto Kagaku Co., Ltd., Kyoto,
Japan) consisting of a 50-μm-thick gold disk of 1 mm in diameter placed in acrylic.
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Chapter 3 Verification of PSF-based virtual nodules by lung
CAD using CT screening database
3. 1.

Introduction

Application of CAD as a second reader is a well-established technique for increasing
the identification of small pulmonary nodules by radiologists on chest CT and has
shown good sensitivity for detecting small lung cancers [52]. Therefore, use of CAD
systems in clinical practice is increasing rapidly. There should be a QA procedure to
check the performance of CAD system from its acceptance test at first installation and
consistency of performance over time. For that fixed set of test cases are
recommended [44]. This set of cases should represent the patient population as well
as the similar spatial resolution conditions used in the same screening clinic.
Collection of such test cases as a reference standard required additional effort and
experience to estimate the characteristics of nodule on clinical images. Further, it
takes considerably long time for an individual clinic collect such set of images and
this is not feasible to a new clinic at the starting point. Considering these practical
issues my study proposed to apply set of PSF-based virtual nodules having known
sizes and densities for QA procedure as a reference standard. Then it is very
important to verify that CAD system for lung cancer CT screening response to
proposed PSF-based virtual nodules is similar to the its response to real nodules.
Purpose of this part of the study is to verify the CAD detection of real nodules and the
proposed PSF-based virtual nodules are comparable. Radiologist conformed set of
real nodules were chosen from a screening clinic and the similar PSF-based nodules
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were generated based on the sizes and densities of each real nodule. Then simulated
images were superimposed on corresponding images. Finally the CAD detections
were performed and the results were compared by using separate FROC curves for
real nodules and virtual nodules.
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3. 2.

Materials and Methods

Lung cancer CT screening dataset of General Hospital at Nagano, Japan was used
with the approval of the institutional review board. In this clinic, applicants have been
subjected to lung screening examinations with a multidetector-row CT scanner
without contrast enhancement (Asteion, Toshiba Medical Systems, Tokyo, Japan).
The imaging parameters were as follows: reconstruction kernel FC50, 120 kV, 30 mA
tube current, 8.0 mm slice thickness, 4 detector rows, 0.75 s rotation time and a pitch
factor of 1.375. There were 60 total cases in the hospital dataset on which radiologist
has detected nodules. Among them, 18 cases (having total of 19 nodules) were
selected for the verification study. Selection criteria were such that the nodules have
both spherical or elliptical shape and limited to single slice. Therefore, the nodule
sizes were limited to about the slice thickness 8 mm.
I applied PSF-based image simulation to simulate lung nodule images. This
needs to apply the nodule size to the object function as shown in the Equation (1).
Due to the blurring of images, sharp edges of nodules are not visible on clinical CT
images and therefore, the true sizes cannot be directly obtained. Apparent size of a
nodule is defined as the size appears in the image. The apparent size in the image is
apart from its true size. Flowchart (Figure 3-1) shows the steps of obtaining the true
nodule size from clinical CT images. Ohkubo et. al. 2008 [53] has published the
relationship between the apparent size and true size of simulated images. Based on
that publication the relationship between the true size and the apparent size on image
of an object was obtained by simulating nodules applying 3 to 10 mm diameters.
Measured PSF and SSP values of the same clinic were applied for the simulation
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Simulation of spherical nodules with diameter from 3 to 10 mm

Obtaining the FWHM (apparent size) of simulated nodule

Plotting the graph of apparent size versus true size
(calibration curve for nodule size)

Measuring the profile data of nodules on clinical images

Calculation of equal area diameter (D)

Use of calibration curve to obtain the true size

Figure 3-1. Flowchart of the nodule size measurement

process [(Equation (1)]. Full width of half maximum (FWHM) of simulated images
has considered as the apparent size of the object on image. Then the apparent sizes for
each object function sizes from 3 to 10 mm were obtained by simulating images.
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Identity

Figure 3-2. Calibration curve for nodule size

After that the graph of apparent size versus true size was obtained (Figure 3-2). If the
apparent size of an object on image is known then the corresponding true size can be
obtained from this graph. Therefore, this graph can be considered as the calibration
curve for nodule size. Next step is to measure the apparent size of selected real
nodules on clinical images. Profile data across nodules were used to measure the
apparent sizes of nodules. Same conditions were applied for the real nodules also
(Figure 3-3).
x

y

D 2

A = π ( )( ) = π ( )
2
2
2
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(4)

where A is the area of the ellipse and circle, x and y are apparent sizes of short axis
and long axis of the ellipse and D is the apparent diameter of equal area circle as
shown in Figure 3-3.
Therefore, FWHM of profile was considered as the apparent sizes of the
selected profile line. Then the apparent sizes of long axis and short axis were obtained

x
A

y

D

Figure 3-3. Estimation of real nodule size

for each selected nodules. Assuming the shape of the nodule is an ellipse, the area of
the ellipse was calculated by using the measured apparent sizes of axes. Then the
apparent diameter (D) of the equal area circle was obtained by using the Equation (4).
Then the true sizes corresponds to the each nodule can be obtained from the
calibration curve for nodule size (Figure 3-2).
Density of each real nodule needed to apply in simulation process. Densities
appears in the images are apart from the true densities of the object. Therefore, there
should also be criteria to find the true density of real nodules on images. Term ∆CT
was defined as the density difference between background and the object function.
This study has applied the ∆CT values instead of the density therefore; true values of
∆CTs were needed to calculate from images. Flowchart in Figure 3-4 shows the steps
of the density calculation.
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First the image simulation was done for the object function sizes from 3 to 10
mm. Apparent density percentage is defined as the percentage of the object function
density appears on the center of the simulated nodule. Then the apparent density

Simulation of spherical nodules with diameter from 3 to 10 mm

Obtaining the apparent density percentage for each nodule size

Plotting the graph of apparent density percentage versus true size
(calibration curve for nodule density)

Measuring the mean density of the real nodule

Measuring the background density by profile data

Calculation of apparent density (∆CT)

Use of calibration curve for nodule density to calculate true
density (∆CT)
Figure 3-4. Flowchart of the nodule density measurement
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percentage was obtained for each nodule size. Then the graph of apparent density
percentage versus true size was obtained for simulated nodules [53]. Apparent density
percentages for nodule sizes up to 10 mm can be obtained from the graph. Therefore,

Figure 3-5. Calibration curve for nodule density

this can be considered as the calibration curve for nodule density. Then the mean
density of each real nodule was measured by selecting small circular reign of interest
near the nodule center. After that background densities of the screening images were
obtained by profile data. ∆CT values were calculated by using the measured mean
density and the background density. Calculated values are the density difference
between the real nodule and the background appears in the image and these are apart
from the true values. Then the graph of apparent density percentage versus the true
size was obtained (Figure 3-5). Apparent density percentage for a given real nodule
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size can be calculate from the graph. Therefore this can be considered as the
calibration curve for nodule density. Next the calibration curve for nodule density
was used to obtain the corresponding apparent density percentages for the each true
nodule sizes calculated previously. Then the true densities (∆CT) of each real nodule
were calculated by using the Equation (5). Sizes of each nodule were calculated
previously therefore, apparent density percentages can be obtained for each calculated
nodule size from the calibration curve for nodule density (Figure 3-5).

True Density(∆CT) =

Mean Density (∆CT)

(5)

Apparent Density Percentage %

After that the corresponding nodules were simulated by applying the true sizes
and densities (∆CT values) and measured PSF and SSP values from the screening
clinic to the object function [as in Equation (1)]. For the accuracy simulated images
were computed with a fine digital sampling pitch (the interval of the discrete data).
However, clinical images do not have such fine intervals as in simulated images.
Superimposing process needs the similar intervals on both simulated and screening

(a)

(b)

(c)

Figure 3-6. Generation of virtual nodules. (a) Numerically generated object function with a
fine digital sampling pitch. (b) Computed simulated blurred image. (c) Resampled image.
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images for simple addition. Therefore, resampling should be performed before
superimposing the simulated images on clinical images. Then, the simulated blurred
images were transformed into same voxel size used in practical images that can be
used in clinical evaluations. Figure 3-6 illustrates the three images of each stage
starting from object function to resampled image. Superimposing the resampled 3D
simulated images on practical screening images PSF-based virtual nodules are
obtained. In this study the resampled images were superimposed on corresponding
clinical images. Sample images for three selected cases are shown in Figure 3-7.
Locations of the virtual nodules were decided considering the similar background
including the location of blood vessels and distance to blood vessels. These images
were analyzed by the prototype CAD system developed by our research team. Finally
CAD outputs were taken and two separate FROC curves were obtained for real
nodules and PSF-based virtual nodules.

Figure 3-7. Selected three cases for real nodule and virtual nodules. Arrows are pointed
to real nodules and arrowheads are pointed to virtual nodules.
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3. 3.

Results

Range of the applied nodule diameters was from 4.2 to 7.6 mm (mean 5.9 ± 1.0 mm)
and the range of densities (∆CT) was 194 to 790 HU (mean 382.2 ± 157.8 HU).
Details of size and density measurements of each nodule have given in Table 3-1.
Sample results of CAD system detections are shown in Figure 3-8.This CAD system
indicates detected areas on the images by rectangles. These detected areas are either
true positive (TP) or a false positive (FP). Here there are three detections, two TPs of

Figure 3-8. Sample detections by the CAD system. Arrows from left to right shows
the detections of PSF-based virtual nodule, real nodule and a false positive
respectively

real nodule and PSF-based virtual nodule and a FP. Based on detection results FROC
curves are obtained. Two FROC curves for real nodules and PSF-based virtual
nodules are shown in Figure 3-9.
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Table 3-1. Measurement details of nodule size and density
Case
Number

Short Long Apparent

True

Background

Mean

Apparent

True

Axis

Axis

Size

Size

Density

Density

(∆CT)

(∆CT)

x

y

(mm)

(mm)

(HU)

(HU)

(HU)

(HU)

(mm) (mm)
5404

2.83

4.40

3.53

4.47

-955

-788

167

326

5330

5.36

5.03

5.20

6.53

-989

-791

198

282

5113

4.22

4.86

4.53

5.71

-907

-756

151

241

4884

4.56

6.73

5.54

6.96

-760

-426

334

452

3719

4.72

5.64

5.16

6.49

-952

-597

355

508

3917

4.04

2.73

3.32

4.22

-883

-498

385

790

3917

3.92

4.18

4.05

5.12

-929

-702

227

397

4067

5.26

6.49

5.84

7.34

-961

-808

153

199

4572

4.42

3.96

4.18

5.28

-950

-763

187

318

5373

4.18

4.30

4.24

5.35

-961

-588

373

627

5440

3.67

6.20

4.77

6.00

-878

-493

385

587

5599

4.33

4.08

4.20

5.31

-933

-723

210

356

5698

3.35

5.52

4.30

5.42

-858

-611

247

412

5986

5.61

6.09

5.84

7.34

-976

-806

170

220

6017

3.67

4.74

4.17

5.27

-912

-697

215

366

6084

5.10

4.41

4.74

5.97

-955

-781

174

268

6147

5.68

5.00

5.33

6.70

-926

-677

249

347

6284

3.59

3.80

3.69

4.67

-931

-674

257

485

15114

6.23

5.84

6.03

7.58

-920

-754

166

194
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Results verify that CAD system for lung cancer CT screening has shown nearly
similar performance on real nodules and PSF-based virtual nodules. Therefore,
proposed PSF-based virtual nodule can be used as a substitute for real lung nodules
for CAD system for lung cancer CT screening

True Positive Fraction

Virtual nodules

Real nodules

False Positive per Subject
Figure 3-9. FROC curves for real nodules and PSF-based virtual nodules

.
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3. 4.

Discussion

This study has verified the use of PSF-based virtual nodules and real lung nodules
with the lung cancer CT screening CAD system. CAD performance assessment
required a larger number of different characteristic nodules. However, collection of
such a large pool of diagnosed images need to made strenuous efforts and would be a
laborious work in clinical practice. Therefore PSF-based virtual nodules would be a
possible solution for CAD developers to assess the performances such as dependency
on nodule characteristic and scan/reconstruction parameters. Furthermore, these
virtual nodules could be used in QA process as well. Clinical images were selected
from a dataset of a screening clinic and the one selection criteria was the appearance
of nodule is nearly spherical or elliptical. There were about 80% nodules having such
shape among the nodule size lower than 8 mm. There were about 75% nodules having
diameter less than 8 mm in the clinical data set. Therefore, application of spherical
nodules is comparable with the small lung nodules studies. This part of the study has
proved the validity of using PSF-based virtual nodules for assessing the performance
of lung cancer CT screening CAD system and therefore, validates the use of virtual
nodules for QA process of CAD.
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Chapter 4 CAD Performance with different conditions
4.1.

CAD of different nodule sizes

4.1.1. Introduction
Clinically, the size and density of lung nodules are primary factors in determining the
risk of malignancy. Several publications on CT screening for lung cancer have clearly
demonstrated the positive relationship of lesion size to likelihood of malignancy [54,
55]. Lung cancer CT screening guidelines indicate that follow up actions are
recommended for the subjects having nodules with diameters above 5 mm [56].
Therefore CAD performance dependence on nodule size is an important factor to be
evaluated. The aim of this part of the study was to assess CAD performance
dependence on virtual nodule size.
Nature of clinically detected lung nodules is complicated with irregular shape.
Quantitative assessment of CAD performance for QA protocol needs a concrete
definition for the nodule size. Therefore, in order to get clear definition for nodule
size spherical object functions applied for the study. However, any irregular shape
can be applied in the simulation process. Size dependency of CAD performance was
analyzed by applying range from 4 to 8 mm in 1-mm increments. Each group
consisted of a sufficiently large number of virtual nodules (150 nodules in 5 subjects).
CAD analysis was performed and the detections were compared by using separate
FROC curves for each nodule size.
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4.1.2. Materials and Methods
Screening images of ten subjects which have not detected any lung nodules were
selected from lung cancer CT screening dataset of General Hospital at Nagano, Japan.
Approval of the institutional review board was taken from the same hospital. In this
clinic, applicants have been subjected to lung screening examinations with a
multidetector-row CT scanner without contrast enhancement (Asteion, Toshiba
Medical Systems, Tokyo, Japan). The imaging parameters were as follows:
reconstruction kernel FC50, 120 kV, 30 mA tube current, 8.0 mm slice thickness, 4
detector rows, 0.75 s rotation time and a pitch factor of 1.375. Selection of cases were
done as such that; first all subjects’ images were analyzed by the lung cancer CT
screening CAD system. Radiologist has confirmed that there is no lung nodule on
images, however CAD marks some FP on images. Then subjects were placed in
ascending ordered according to the number of FPs marked by the CAD system. After
that the subjects were divided into five groups containing approximately equal
number of subjects in each group so that there were five groups having FP detections
comparatively, very high, high, average, low and very low. Then 2 subjects from each
group selected for the study. Therefore, total of 10 subjects were selected for the
study.
Computer simulated nodule images were generated applying different sizes of
4, 5, 6, 7 and 8 mm to the object function as in Equation (1) while the ΔCT value of
the object function was kept unchanged at 300 HU. For the simulation process
measured PSF and SSP were substituted in Equation (1). Subsequently, images were
resampled, and were superimposed on above selected five subjects’ images one from
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Figure 4-1 Virtual nodule images fused on three locations of the lung field. (a) Selected
locations are shown in a coronal image of the lung field. (b) Location in the upper lung
field. (c) Location in the middle lung field. (d) Location in the lower lung field.

each group. To cover the whole lung field, three locations were selected from the
upper, middle and lower field areas as shown in Figure4-1. Each selected location
was fused on 10 nodule images so that there were five virtual nodules in each of the
left and right lungs. Thus, there were 30 virtual nodules per each subject with one size
from 4 to 8 mm at a time. Five separate sets of images for the different nodule sizes
were prepared. Each set of prepared screening images together with the rest of the
five subjects’ images (without virtual nodules) were separately analyzed by the CAD
system. Prototype CAD system used in this study has provided the option of changing
its sensitivity. Thus, nodule detection sensitivity of the system was changed, and the
number of combinations of TP fraction (TPF) and FPs per subject (FPS) were taken
for different sensitivity levels [41, 42]. These values were used to obtain FROC
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curves. The jackknife FROC (JAFROC) method was used to estimate the statistical
significance of the difference between the curves obtained for different nodule sizes
separately [57].
4.1.3. Results
Performance dependence of a lung cancer CT screening CAD system has been
assessed based on nodule size. Figure 4-2 shows sample CAD detections for different
virtual nodule sizes. CAD performance dependence on nodule size has shown in the
figure where all five virtual nodules having diameter of 8 mm have been detected but
only four with diameter of 5 mm; thus one FN appears in Figure 4-2(a). Therefore,
Figure 4-2 indicates that the CAD system detected larger virtual nodules than small
ones. Overall results imply that tendency of virtual nodule detection by the CAD
system can be seen towards larger-sized nodules.

Figure 4-2 CAD detections of virtual nodules having different sizes and same density
(∆CT = 300 HU) on a selected location. Arrow shows false positives on the bottom
left of both images. (a) Only four virtual nodules with diameters of 5 mm were
detected. (b) When the diameter is 8 mm, all five nodules were detected by CAD on
the same location.
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Figure 4-3. FROC curves for different nodule sizes from 4 - 8 mm. TPF of CAD detections
increased with nodule size. However, when nodule size increased the gap between
consecutive curves decreased.

Figure 4-3 shows FROC curves for CAD detections of different virtual nodule
sizes. TPF of CAD detections of smaller-sized virtual nodules are lower than that of
larger ones. The TPF for 4 mm virtual nodules is clearly the lowest value while other
nodules are considerably high. TPFs increased with the increase of virtual nodule size.
However, the gap between curves of consecutive virtual nodule sizes decreases when
increasing their size. Results by the JAFROC method (Table 4-1) show that there are
statistically significant differences between FROC curves of all pairs of different
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virtual nodule sizes (p < 0.05) except between 7 and 8 mm curves (p = 0.131).
According to these results, this CAD system was able to detect larger virtual nodules
easily.
Table 4-1 p-Values for each pair of different nodule sizes
4 mm

5 mm

6 mm

7 mm

8 mm

4 mm

-

< 0.05

< 0.001

< 0.001

< 0.001

5 mm

-

-

< 0.001

< 0.001

< 0.001

6 mm

-

-

-

<0.001

<0.05

7 mm

-

-

-

-

0.131

8 mm

-

-

-

-

-
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4.1.4. Discussion
Performance of lung cancer CT screening CAD system has been assessed for various
nodules sizes by applying PSF-based virtual nodules. Study conducted applying
virtual nodules with sizes similar to the clinically proven actual nodule range [58].
Size of the virtual nodules has changed from 4 mm to 8 mm by 1 mm steps. This part
of the study has conducted while keeping the nodule density (∆CT) unchanged at 300
HU. Tested CAD system has shown poor performance on detection of 4 mm nodules.
Nodules having diameter 5 mm or above have detected with more than 80% values
for TPF. When the nodule size increases TPF also has increased, which is an
acceptable result as a performance of CAD systems. Detailed results of CAD system
performance dependence on nodule size have not yet been obtained by any other
methods. Phantom studies permit only limited number of nodules set inside. This
PSF-based method permits to apply multiple sizes to the various numbers of nodules.
Therefore, PSF-based virtual nodule method allows assessing the detailed results of
lung cancer CT screening CAD systems’ performance dependence on nodule size.
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4.2.

CAD of different nodule densities

4.2.1. Introduction
Density of a lung nodule is also an important characteristic to be considered in lung
cancer CT screening. Depending on the density lung nodules can be named as solid
nodules and ground glass nodules. Some nodules contain high dense part as well as a
low dense part called sub-solid nodules. Studies have shown the relationship of
malignancy of lung nodule and the density. Therefore density of a nodule also plays
an important role at decision making process in screening. The aim of this part of the
study was to assess CAD performance dependence on virtual nodule density.
Clinically detected lung nodules are having heterogeneous density distribution
with solid and sub-solid categories. In order to get a concrete definition in the
quantitative assessment of CAD performance, this study has applied only one density
nodule at selected time. Therefore, uniform density (ΔCT value) was applied to the
object function as in Equation (1). For density dependency study simulated images
were generated applying three different ΔCT value of 200, 300 and 400 HU to the
object function. Finally FROC curves were plotted for CAD detections and
statistically analyzed for different nodule densities.
4.2.2. Materials and Methods
Screening images of ten subjects were selected from the same hospital dataset as
described in section 4.1.2. Three sets of computer simulated nodule images were
generated applying uniform density for ΔCT values of 200, 300 and 400 HU.
However, this simulation method can be used to apply complicated density
distribution also. For the density dependency study size was kept unchanged at 6 mm.
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Resampling and superimposing were performed as described earlier and three
separate sets of images were prepared for each ΔCT value. Finally, the same
procedure was followed for CAD detections, obtaining FROC curves and statistical
analysis as in the previous section.
4.2.3. Results
Lung cancer CT screening CAD systems’ performance has been assessed based on
nodule density. Figure 4-4 shows sample CAD detections for different nodule

Figure 4-4. CAD detections of virtual nodules having different densities and same size
(diameter 6 mm). (a) Only three virtual nodules with density (ΔCT) 200 HU were detected. (b)
When the density (ΔCT) is 400 HU, all five nodules were detected on the same location.

densities. Nodule density affected on nodule detection by the CAD system (Figure 44). All five high density (ΔCT = 400 HU) nodules have been detected while only
three from low density (ΔCT = 200 HU) nodules. Therefore, there are two false
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negative (FN)s in Figure 4-4(a). Furthermore, the figure shows that a larger number
of higher-density virtual nodules have been detected than low-density ones.
FROC curves of each density for ΔCT values of 200, 300 and 400 HU were
plotted (Figure 4-5). The curves show that the lowest density (ΔCT = 200 HU) virtual
nodules have the lowest TPF. The efficiency of CAD detection is shown to have
increased with nodule density. Maximum TPFs of the 300 and 400 HU curves are
more than 0.9 while the 200 HU curve has a value less than 0.9. The gap between
FROC curves for a selected value of FPS decreased with density. CAD performance
dependency on nodule density among the three densities was statistically analyzed by
using the jackknife method (Table 4-2). Results show that a statistically significant
difference can be seen between each nodule density (p < 0.01). Results show that
more dense virtual nodules were conveniently detected by the tested CAD system.
Table 4-2. p-Values for each pair of different nodule densities (∆CTs)
200 HU

300 HU

200 HU

-

< 0.001

< 0.001

300 HU

-

-

< 0.01

400 HU

-

-

-
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400 HU

Figure 4-5. FROC curves for ΔCT values of 200, 300 and 400 HU. CAD showed better
performance on 400 HU nodules. TPF increased with virtual nodule density. The gap
between the 200 and 300 HU curves is higher than that of 300 and 400 HU. Curves have
become horizontal when the FP per subject value is about eight
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4.2.4. Discussion
Performance of lung cancer CT screening CAD system has been assessed by applying
PSF-based virtual nodules having three different nodule densities. Study has
conducted applying virtual nodules with density range similar to the clinically
detected actual nodules [58]. Applied densities (∆CT values) of virtual nodules were
200, 300 and 400 HU. Study has conducted while keeping the nodule size unchanged
at 6 mm. Figure 4-5 shows that CAD system has shown good performance on nodules
detection having TPF more than 80% for all three selected nodule densities. Nodules
having the densities (∆CT value) of 300 and 400 HU have been detected with 90%
TPF. Furthermore, figure shows that, when the density increased detection rate also
has increased. This is an acceptable result of nodule detection by a lung cancer CT
screening CAD system. PSF-based virtual nodules are generated from uniform
density object function. Therefore, density of the nodule is a known value and the
detailed results of CAD performance dependence on nodule density can be obtained
for certain densities. Clinically detected actual lung nodules may have heterogeneous
density distribution and therefore assessing the CAD performance dependence on
nodule density may not be possible for a given certain value of the density. PSFbased method permits to apply various densities to the larger numbers of virtual
nodules. Therefore, detailed performance assessment of CAD could be performed by
applying PSF-based virtual nodules.
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4.3.

CAD system performance with thin and thick slices

4.3.1. Introduction
Screening databases show that clinical practice of lung cancer CT screening applies
different scan/reconstruction parameters. Slice thickness is one of them which use
range of values from small to large values in different screening clinics. Standard for
the slice thickness of lung cancer CT screening has not yet been set. Therefore,
different institutes use slice thicknesses ranging from 1 to 10 mm. Application of
CAD is possible with both thin and thick slices. Therefore it is important to assess the
CAD performance for different slice thicknesses. Purpose of this part of study is to
assess the CAD performance when using thin and thick slice images.
4.3.2. Materials and Methods
Screening images of two different screening hospitals were used for the study. One
hospital has applied thin slice (1 mm) thickness and the other has applied thick slices
(8 mm). Plaka Healthcare Center in Niigata has done the screening with thin slices. In
this clinic, applicants have been subjected to lung cancer CT screening examinations
with a multidetector-row CT scanner without contrast enhancement (Aquilion,
Toshiba Medical Systems, Tokyo, Japan). The imaging parameters were as follows:
reconstruction kernel FC51, 120 kV, 60 mA tube current, 1.0 mm slice thickness, 16
detector rows, 0.5 s rotation time and a pitch factor of 0.9375. Approval of the
institutional review board was taken for accessing the database. Thick slices were
selected from database of General Hospital at Nagano. In this hospital screenings
have done with a multidetector-row CT scanner without contrast enhancement
(Asteion, Toshiba Medical Systems, Tokyo, Japan). The imaging parameters were
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similar to as in section 3.2. Sets of screening images were selected from both clinics
as described in section 4.1.2. PSF and SSP of both clinics was measured and used in
simulation process. Two separate sets of computer simulated nodule images were
generated for the clinics. Applied density and diameter was same for both clinics as
ΔCT value of 300 HU and object function diameter 6 mm. After that simulated
nodules were resampled and superimposed on clinical images. Set of 150 nodules
were applied on images of each case and the whole lung field was covered selecting
three levels of the lung as described earlier. Finally, the same procedure was followed
for CAD detections and obtaining FROC curves as in the previous sections.
4.3.3. Results
Lung cancer CT screening CAD systems’ performance has been assessed for thin and
thick slices. Figures 4-6 and 4-7 show sample CAD detections for thin and thick
slices. According to Figure 4-6, four nodules from each left and right lungs have been
detected by the CAD system on thin slice. Therefore, one false negative appears in
each left and right lungs and the detection rate is 80%. Figure 4-7 shows that all five
nodules on left lung have detected while four from the right lung. Therefore, one false
negative appears in the selected location on thick slice and the detection rate is 90%.
The figures show that tested CAD system has performed better with thick slices than
thin slices.
FROC curves were plotted for CAD detections of both thin slices and thick
slices. Figure 4-8 demonstrates that CAD system has maximum TPF about 0.8 for
thin slices and 0.9 for thick slices. Therefore tested prototype CAD system has shown
about 10% higher performance with thick slices than thin slices.
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Figure 4-6.Sample nodule detection by CAD system on thin slices.
Four nodules from left and right lungs are detected.

Figure 4-7. Sample nodule detection by CAD system on thick
slices. All five nodules from left lung and only four from right
lungs are detected.
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4.3.4. Discussion
Performance of a lung cancer CT screening CAD system has assessed for thin and
thick slices by applying PSF-based virtual nodules. Literature shows that lung cancer
CT screening is performing for various scan/reconstruction conditions. Selection of
slice thicknesses is considerable and it has changed from 1 to 10 mm [17 - 20, 35 43]. Generally a CAD system should be able to detect the nodules on both thin slices
and thick slices. In clinical practice CAD may have to detect either nodules on thin
slices or thick slices depending on the parameter selection of the clinic. This study
has used thin slices with 1mm thickness from one clinic and thick slices with 8 mm
thickness from next clinic and the performances are analyzed by FROC curves.
Tested lung cancer CT screening CAD system has shown better performance with
nodules on thick slices. FROC curves in Figure 4-8 shows that maximum TPF is
about 90% for thick slices and about 80% for thin slices. Therefore, CAD system has
shown about 10% higher performance with detecting nodules on thick slices. FROC
curves for both thin and thin slices have become horizontal when the FP per subjects
is about 7. These results were obtained by applying same nodule characteristics to
each nodule having 6 mm diameter and 300 HU ∆CT value for the density. Therefore,
PSF-based method can be used to assess the CAD performance with different slice
thicknesses without an effect from nodule characteristics.
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True Positive Fraction

Thick slices

Thin slices

Nodule Diameter =6 mm
Nodule ∆CT = 300 HU

False Positive per Subject
Figure 4-8. FROC curves for thin and thick slices. CAD has shown about 10% better
performance on thick slices than thin slices. Curves have become horizontal when
the FP per subject value is about eight
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Chapter 5 Discussion
Performance of CAD system has been assessed in detail by applying PSF-based
virtual nodules with verification. PSF-based virtual nodule method was used to obtain
results with strong evidence of CAD performance on the same clinics’ images with
same scan/reconstruction conditions. Study in chapter 3 demonstrates the CAD
system performance on real nodules and PSF-based virtual nodules. Similar FROC
curves were obtained for both real nodules and the PSF-based virtual nodules.
According to the obtained FROC curves, tested CAD system shows similar
performance on detecting real nodules and proposed virtual nodules. This result
suggests the validity of the use of PSF-based virtual nodules for CAD performance
assessment and its QA.
Chapter 4 demonstrates the CAD performance dependence on nodule
characteristic as well as scans parameters. First part of the study (section 4.1) shows
the CAD performance dependence on nodule size. Size of a nodule is a critical factor
in lung cancer CT screening. Screening guidelines are also prepared based on the size
of lung nodules and the follow up actions are recommended for the nodules having
diameter above 5 mm [56]. According to the results, CAD performance has increased
with the nodule size. Study has shown acceptable results for CAD system
performance. Second part of the study (section 4.2) based on the CAD performance
dependence on nodule density. Results demonstrate that CAD performance increase
with the nodule density.
These validated results show a detailed description on performance of lung
cancer CT screening CAD system and also the results are generally expected.
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Furthermore, detail results of CAD system performance dependence on nodule
characteristics and scan/reconstruction conditions has not yet been obtained by any
other method. Need of such method for QA purposes have been identified recently
[44] and QA of CAD systems has become an active research field. Major objective of
performing a QA test is to check the CAD performance consistence over the time.
PSF-based virtual nodules based QA protocol is feasible to apply from initial
implementation of a CAD system at a screening clinic (acceptance test) and routine
QA test for assuring the consistency of CAD performance over time. Because of these
reasons, I propose to apply PSF-based virtual nodules for QA of lung CAD system.
Proposed QA protocol includes number of steps from image simulation to
analysis of CAD detections. Following flowchart (Figure 5-1) shows the main steps
of the QA protocol for a CAD system at selected lung screening clinic. In the QA
protocol, firstly the 2D PSF and the 1D SSP of the CT system at the screening clinic
should be measured. Then lung nodule image simulation is performed based on the
measured PSF and SSP. These measured PSF and SSP are substituted in the Equation
(1). Therefore, this simulated image has the advantage of having an exact dependency
on the characteristics of the spatial resolution of the same CT system [34]. Assuming
solitary spherical pulmonary nodules object function O(x,y,z) is generated
numerically with spherical shape and uniform density. Diameter of the object
function was set at 6 mm for the proposed QA protocol. Screening guidelines has
recommended by the Fleischner society mainly based on the nodule size. According
to the guidelines follow up actions are required for the nodule size above 5 mm [56].
Therefore, 6 mm has selected as the nodule size for the proposed QA protocol. S.
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Sone et al have published the density variation of tumors with size [58]. According to
the published data, tumors with diameter 6 mm have average density about -600 HU.
Therefore, proposed QA protocol applies nodule density -600 HU. According to the
experience average density of the lung background is about -900 HU. Density of the
object functions were assigned using the term ∆CT, (defined in section 3.2).
Therefore the applied density (∆CT) for the object function is 300 HU. Then lung CT
screen images of five subjects from the same clinics’ image dataset were selected for
the QA protocol. Then images of healthy subjects on which radiologist have not
detected any lung nodules are used for the QA test. For the accuracy simulated
images were computed with a fine digital sampling pitch (the interval of the discrete
data). However, clinical images do not have such fine intervals as in simulated
images. Superimposing process needs the similar intervals on both simulated and
screening images. Therefore, resampling should be performed before superimposing
the simulated images on clinical images. Then, the simulated blurred images were
transformed into practical images that can be used in clinical evaluations [59]. Figure
3-6 illustrates the three images of each stage starting from object function to
resampled image. (a) Numerically generated object function with a fine digital
sampling pitch. (b) Computed simulated blurred image. (c) Resampled image.
Superimposing the resampled 3D simulated images on practical screening images
PSF-based virtual nodules are obtained and these images are applied for the QA
process. Locations of the nodules were selected covering the whole lung field as
shown in Figure 4-1. Then the CAD detections should be performed and the FROC
curves are obtained based on detection results. Then the results can be analyze either
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with specifications given by the manufacturer or the initial QA test. If this is the
initial QA test (i.e., the acceptance test), then the specifications given by the
manufacturer and the obtained results are checked for any significant difference. If
this is a routine QA test done for checking the consistence of CAD performance over
time, then the initial result at the acceptance test and the obtained results are checked
for any significant change.
This study has proposed a QA protocol for lung cancer CT screening CAD
system. Recommendations for minimum number of cases and the set of reference
nodules have not yet been published by any recognized body. Sufficiently large
number of nodules is needed for QA process and therefore, it will take relatively
longer period to collect such images for an individual clinic [44]. AAPM CAD
subcommittee also has recognized that collection of large number of nodules is not
practical for QA in all clinical sites. Image simulation would be a solution for this
burden and multiple nodules with various densities can be simulated as required for a
particular QA procedure. This study has proposed to apply total of 150 nodules
superimposed on five healthy cases’ images. Proposed size and the density (∆CT) are
6 mm and 300HU. Selection of above parameters (number of cases, total number of
nodules, nodule size and density) is arguable and open for discussion. However, all
these parameters can be changed without extra effort with an agreement with
evidence of relative parties or recognized body.
This study has some limitations. Firstly, study used only one CAD system
however; it needs to apply with some other CAD systems also. Because CAD systems
have many types of algorithms and therefore feasibility of the proposed method
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should be checked with different systems. Secondly, simulated nodules were
calculated from the object functions determined as ideal spheres with uniform density.
Study has applied spherical nodules with uniform density. However, clinical nodules
may have a complex shape with heterogeneous density [58, 59]. Including such
complex nodules future studies should be conducted. Thirdly only three levels of the
lung field have considered superimposing the virtual nodules and the locations of the
nodule manually selected. Only five subjects’ screening images were used for this
study and therefore future studies can be performed increasing number of subjects
and locations of the lung field.
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Chapter 6 Conclusion
This study has proposed a new approach for QA of lung cancer CT screening CAD
systems. Validity of the PSF-based virtual nodules for the use of CAD performance
assessment was verified by comparing with clinical nodules. It was demonstrated that
virtual nodule method allows assessing detailed results of the CAD system
performance. The proposed method can be applied as a QA procedure for lung cancer
CT screening CAD systems.
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