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Chapter 1
Introduction and outline
1.1

Introduction

This thesis presents computer-aided diagnosis (CAD) systems for automatic detection and quantification of interstitial lung disease (ILD) in conventional chest
radiographs and computed tomography (CT) scans. The purpose of this introduction is to provide the reader with background information necessary for understanding the thesis’s contents. Section 1.1.1 describes the basic lung anatomy
and familiarizes the reader with interstitial lung disease. Two imaging modalities
for diagnostics of ILD - conventional chest radiography and computed tomography - are introduced in Sections 1.1.2 and 1.1.3, respectively. In Section 1.1.4,
fundamental principles and prerequisites in designing CAD systems presented in
this thesis are explained.

1.1.1

The human lungs and interstitial lung disease

The lungs are the essential organs of respiration. They are two in number, placed
one on either side of the chest, sometimes referred to as thorax. The left and right
lungs are separated from each other by the heart, the great vessels of the heart,
and the other organs of the mediastinum. The surface of each lung is covered by
a thin membrane called pulmonary pleura1 . The lung is connected to the trachea
and heart through the bronchus and the pulmonary arteries and veins. A place
where these organs enter the lung is called the hilum, and the region around it
- the perihilum. The lung tissue is called parenchyma. The anatomical unit of
the parenchyma is a primary lobule, which consists of an alveolar duct, tiny air
cells, or alveoli, connected with it, their blood and lymphatic vessels, and nerves.
The alveolar duct is connected to a bronchiole, the smallest subdivision of the
intrapulmonary bronchi. The direct function of the lung, the exchange of gases
between the atmosphere and the bloodstream, is accomplished in alveoli.
“Interstitial lung disease” is a term that encompasses the large group of disorders that primarily affect the lung parenchyma in a diffuse manner. The in1 Medical terms related to the lungs often begin with pulmo-, or with pneumo-, originating
from Latin and Greek words for lung, respectively.
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terstitium is the connective tissue containing numerous elastic fibers and blood
capillaries, that surrounds and separates the alveoli. The word comes from two
Latin words: inter meaning between, and sistere meaning to stand - to stand
between. Interstitial lung disease primarily involves the inflammation and fibrosis of the interstitium, but can also affect the alveolar space, peripheral airways
and vessels [1]. The term “interstitial lung disease” is synonymous with “diffuse
parenchymal lung disease” [2].
Clinically, the diseases have similar manifestation with increasing shortness
of breath, cough, and widespread shadowing on a chest radiograph. The disease
etiology, treatment and prognosis is, however, very different for different disorders. A disease can be chronic or acute, have a known or unknown cause. A
group of chronic interstitial lung diseases with known causes includes disorders
caused by occupational, environmental or drug agents, as well as disorders secondary to some systemic diseases. The most common chronic disorders are those
whose cause is unknown, among them idiopathic interstitial pneumonias (IIPs)
and sarcoidosis. Some types of ILD have poor prognosis and low survival rates,
with only palliative treatment available, while the other types can be treated effectively. An accurate diagnosis is essential to the appropriate management of
a patient. Medical treatments for some types of ILD are toxic and capable of
producing severe side effects, therefore, should not be administered mistakenly.
An up-to-date classification and recommendations on diagnostics and treatment
of ILD can be found in Refs. [1, 2, 3].
TB is often regarded separately from chronic ILD. TB is an infectious disease and the major cause of illness and death worldwide, especially in developing
countries. The World Health Organization (WHO) reported an estimated 9.27
million new cases of TB and 1.75 million deaths in 2007 [4]. In most cases, TB can
be eliminated with modern antibiotics when diagnosed timely. One of the main
targets of the WHO is to halve TB prevalence and death rates by 2015 compared
with their level in 1990 [5].
Imaging plays an important role in diagnosing TB and ILD. Since TB is caused
by a microorganism, only microbiological examination can produce a definitive
diagnosis. Chest radiography is used in diagnosing such cases where clinical suspicion of TB exists but the sputum smear is negative [6]. With the advent of digital
radiography, x-ray examination is increasingly employed in screening high-risk
population groups for TB, in order to detect suspect cases that should undergo
further examinations.
For diagnosing ILD a multidisciplinary approach is recommended, with the
agreement of clinical, radiological and histological information. Previously, the
final diagnosis was solely based on histology made on surgical biopsy, which is an
invasive procedure associated with a lot of contraindications. Besides, histological
findings are often not differential enough, i.e. could be associated with two or more
diagnoses [2]. Nowadays, it is widely accepted that a diagnosis of many ILDs
can be reasonably supported by analysis of patterns appearing at thin-section
computed tomography of the lungs [2, 7]. In clinical practice, a conventional x-
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ray is usually the first examination on which the initial detection of interstitial
abnormalities is performed.

1.1.2

Conventional radiography

Until the beginning of the last century no means existed to investigate the internal world of the living human body. The discovery of penetrating x-rays by
W.C. Röntgen in 1895 started the science of diagnostic medical imaging [8]. A
chest radiograph, commonly called a chest x-ray, is a 2D projection image obtained by directing a beam of x-rays at the patient’s chest. A fraction of x-ray
photons passes through the body and onto some sensitive photon detector, e.g.
a phosphor screen. The x-ray photon detector, in turn, emits light photons that
can be either detected by a light-sensitive film (analog radiography), or released
and digitized by a computed radiography reader device (digital computed radiography), or converted to electrical charge by photodiodes embedded in the photon
detector (digital radiography). In the last two cases image acquisition results in a
digital image stored as a computer file. Digital radiography has many advantages
and is expected to completely replace the analog technique in the near future [9].
The contrast between the elements of the chest in a radiograph is achieved
due to the different degrees of x-ray absorption by bones, soft tissue, and the
air in the lungs while x-ray photons are traveling through the body. Different
views of the chest can be obtained by changing the projection direction. The
most common is a posterior-anterior (PA) view: the x-rays enter through the
back of the chest and exit out of the front where they are detected. Figure 1.1
shows a PA chest radiograph that depicts healthy lungs, with several normal
structures labeled. Since a radiograph is a 2D projection of a 3D subject, organs
and structures situated at different depths in the thorax get superimposed in the
final image. This is one of the major limitations of conventional radiography.
Degraded contrast and image noise because of scattered radiation are the other
limitations. Nevertheless, due to its simplicity and low cost, chest radiography
remains the staple for diagnosis of many thoracic diseases.
The lung parenchyma affected by ILD exhibits a variety of abnormal texture
patterns in the radiograph. In TB, abnormal changes in pleura or mediastinum
can be present, in addition to textural abnormalities in the parenchyma. In this
thesis we only focus on radiological findings related to the lung parenchyma.
Detection of interstitial abnormalities in chest radiographs is a clinically difficult task because of overlapping lung anatomy and low contrast of subtle abnormalities with diverse radiological presentations. Moreover, abnormal radiological
findings are nonspecific - what looks similar in the x-ray can correspond to different ILDs [10]. In Figures 1.2 and 1.3 several close up views of TB and ILD lesions,
respectively, are shown in order to illustrate the variety and, often, subtlety of
interstitial abnormalities in chest radiographs. Note how the shadows formed by
superimposed structures, such as ribs, blood vessels, scapulas and fat, degrade
the contrast of lesions and obscure their borders.
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Figure 1.1: A normal PA chest radiograph. The left side of the image shows the
right lung of the patient. The lungs, filled with radiolucent air, show up dark in the
image. They are transpierced with blood vessels. Bones that absorb a lot of radiation
are the brightest structures in the image. Healthy interstitium should not be visible in
the radiograph. Some important anatomical structures are labeled in the image. (1) The
heart. (2) The trachea. (3) One of the ribs. The posterior (back) part of the rib is
better visible in the PA radiograph than the anterior part. (4) The hilum in the right and
left lungs. (5) The clavicles. (6) The arrow indicates the border of the vertical shadow
produced by the scapula. (7) The spine. (8) Some blood vessels. The small dot pointed
to by one of the arrows is a vessel running in the same direction as the x-rays. (9) The
diaphragm. (10) A gas bubble in the stomach (often visible in the radiograph).
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(a)

5

(b)

(c)

(d)

Figure 1.2: Examples of abnormal texture patterns often encountered in radiographs of
TB patients. TB abnormalities are often located in the upper lobes (upper thirds of the
lungs), like an infiltrate in (a), a nodule under the right clavicle in (b) and a cavity, a
darkened areas surrounded by bright margins, in (d). An enlarged hilum, like one in (c),
is another radiological finding characteristic for TB.

(a)

(b)

(c)

(d)

Figure 1.3: Examples of abnormal texture patterns encountered in chronic ILD patients.
While diffuse and consolidated abnormalities can be quite obvious ((a) and (c)), the
examples in (d) and (d) depict more subtle lesions. The line in (b) going from bottom
left to top right is an abnormal fibrotic scarring. The arrow in (d) points to a very subtle
abnormality hidden behind the rib. This a difficult lesion to spot for radiologists and
CAD systems.
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Computed tomography

The second most important landmark in diagnostic imaging was the invention of xray tomography scanner by G. Hounsfield in 1972 [11]. The computed tomography
scan, or, simply, the CT scan, is the 2D reconstruction of a cross-section of a
patient’s anatomy rather than a projection of the shadows cast by overlapping
organs and bones. During CT scanning, the source of x-ray radiation circles
around the patient, and the detectors on the opposite side measure the fraction of
the radiation that passes through the body. From these measurements, the crosssection image is reconstructed. Although the earliest mathematical description of
a reconstruction method appeared in 1917 [12], the implementation of the method
was not possible without the computer. Therefore, computed tomography is an
inherently digital imaging modality.
A modern chest CT scan is a stack of 2D cross-section images (slices) obtained at every 0.7-1.0 mm, each of these corresponding to a section of thorax as
thin as 1 mm. Such scans are generated by multidetector CT (MDCT) scanners
first introduced in 1998 [13]. Nowadays, MDCT scanners can acquire up to 320
transversal slices simultaneously and produce an isotropic picture of the thorax or
other body parts in a few seconds. Another key advantage of computed tomography, besides eliminating overlapping structures, is an improved contrast between
tissues. Figure 1.4 shows one of transversal slices of a normal thoracic CT scan
and two other planar views, coronal and sagittal, that can be easily computed
from a stack of transversal slices and are routinely used in clinical diagnostics.
Thin-section CT, such as MDCT, is valuable in detecting ILD in patients
for whom the diagnosis is uncertain after chest radiography and clinical assessment [2]. As in convention radiography, interstitial abnormalities in CT look like
patches of abnormal texture, only much better defined than in the radiograph.
The presence of a certain abnormal texture pattern in the patient’s CT, or a combination of several patterns, as well as their spatial 3D distribution in the lungs,
were found characteristic for many ILDs, especially those with unknown cause [7].
Some abnormal patterns typical for ILD are illustrated in Figure 1.5.

1.1.4

Computer-aided diagnosis

Radiologists do not detect all abnormalities that are found in retrospective image reviews, and they do not always correctly make a diagnosis based on those
abnormalities that they find. The application of computers to medical image interpretation has been investigated since the 1960s. With the increasing power
and spread of computers and the advent of digital imaging modalities, the growth
of the CAD research area has been tremendous for the last 20 years. In thoracic
imaging, studies on CAD include the development of computerized methods for
the detection of lung nodules in chest radiographs and CT, detection and classification of ILD, detection of pneumothorax, and temporal subtraction of chest
radiographs to detect interval changes. General historical overviews of CAD sys-
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(a)

(b)

(c)

Figure 1.4: Examples of 2D views taken from normal thoracic (chest) CT. In (a) a
transversal, or axial, CT section is depicted. This particular slice corresponds approximately to the center of the chest. The left side of the image depicts the right lung. A
modern CT scan consists of several hundreds of transversal slices, from which the other
planar views can be easily restored at any level of depth. A coronal view in (b) is a
frontal view of the chest. In this example it is restored at the chest level marked by the
horizontal line in (a). The patient in this image is facing the viewer. A sagittal view
in (c) is a lateral view of the chest. In this example it is restored at the chest level marked
by the vertical line in (a). The back of the patient is on the left side of this image.

(a)

(b)

(c)

(d)

(e)

Figure 1.5: Examples of abnormal texture patterns typical for different ILDs, as seen
in axial CT slices: reticular and linear patterns (a), ground glass opacity with reticular
pattern (b), honeycombing (c), nodular pattern (d), and consolidations (e). One may
notice that some of these image are quite noisy. This is because they were taken with
a decreased amount of radiation (it is called a low-dose CT) to reduce the chance of
damage to the patient’s tissues. Nevertheless, the quality of such images is good enough
for performing ILD diagnostics.
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tems can be found in Refs. [14] and [15]. Refs. [16], [17] and [18] provide specialized
reviews on CAD applications for the lungs.
The CAD output is intended to be used as a “second opinion”, and radiologists
make the final decisions. An underlying assumption is that combining the competence of the radiologist with the capability of the computer system can improve
interpretation results. Obviously, the higher the performance of the system, the
better an overall effect on the final decisions. However, the performance of the
computer doesn’t have to be higher or equal to that of the radiologist. An improved performance of radiologists who used CAD in making their decisions was
demonstrated for a number of thoracic CAD applications [19, 20, 21, 22]. Several
CAD systems for lung nodules detection have become commercially available.
CAD systems can be classified into two types - computer-aided detection and
computer-aided diagnosis. The former outputs estimated locations of abnormalities, or simply estimates a likelihood that the image contains anything suspicious.
The major area of the utilization of such CAD systems are screening programs,
e.g., a TB screening program for high-risk population groups, or lung cancer CT
screening for smokers. In screening programs, an enormous amount of images
have to be interpreted, with most being normal. This is a time-consuming and
error-prone task for radiologists. For already-detected lesions, computer-aided diagnosis systems assist in their characterization, e.g., in estimating the malignancy
of lung nodules or the types of ILD.
In this thesis we consider computer-aided detection systems. The basic working principles of such systems are described in the next section.
Principles of CAD systems
From an engineering point of view, CAD systems are based on the combination
of sophisticated image processing and pattern recognition techniques. While the
image processing part is responsible for extracting useful information from images, the pattern recognition part is responsible for the classification of extracted
information. What sort of information should be extracted depends on the task at
hand. For detection of interstitial abnormalities, for example, the texture appearance of the lung fields is important, because it distinguishes the normal lungs from
abnormal. Therefore, some texture properties should be derived from the patches
of texture in the lungs. Whereas for the lung nodules detection, first, the objects
resembling nodules (nodule candidates) should be located within the lung fields,
and then, their properties should be measured. e.g., their shape and size. When
distinguishing properties of the image, or the objects of interest in the image are
measured, these measurements are concatenated in a vector, thereby representing
each sample in a high-dimensional space. By convention, such a vector is called
a feature vector, and its elements are called features.
The CAD system is often represented as a black box that takes a feature vector
as an input and produces a sample label as an output. What happens inside the
black box of the CAD systems of this thesis, as well as inside many other CAD
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systems, is called two-class supervised classification. It uses a classifier to make
decisions. The classifier is a function f : Rp → R, where p is the dimensionality of
the feature space, that is applied to a feature vector x and predicts the class label
of a sample represented by x. The class label can either be a binary decision, such
as normal or abnormal, or denote a degree of abnormality on a given scale, such as
a probability of being abnormal. The binary decision is obtained by thresholding
the function f :

1
if f (x; w) > θ,
h(x; w) =
(1.1)
0
otherwise,
where w are the free parameters of the function f . They determine the boundary
between two classes in the feature space. The estimation of the free parameters
w precedes the application of the classifier. In the learning, or training, phase,
parameters w get optimized, for instance, by minimizing the classification error
on the set of samples whose true class labels are known. Such set of samples
is called a training set, and the process of obtaining the optimal w is called
training. In the classification, or testing, phase, new, previously unseen data are
classified using the trained classifier, that is, their class labels are determined by
applying functions f or h. Popular classifiers are linear and quadratic discriminant
classifiers, nearest neighbor classifiers, support vector machines, neural networks,
etc [23].
The choice of a classifier, as well as the choice of features, are two important
issues to consider while designing a CAD system for a particular task. In choosing features the goal is to allow feature vectors from different classes to occupy
compact, disjoint regions in the feature space. Then, finding the true boundaries between classes is feasible, provided enough training samples are available.
However, it is difficult to find good, discriminating features for real-life complex
problems. One of the ways is to compute a lot of candidate features that might
be useful according to some idea or assumption about a given problem, and then
dispose of meaningless ones. Several automated procedures have been developed
to select an optimal subset from candidate features, or to compute a reduced set
of new features from the initial set. In chapters 3, 5 and 6 of this thesis we apply
principle component analysis (PCA) to the initial feature set. PCA is a linear
transformation that effectively reduces the dimensionality of the feature set by
extracting the most expressive features responsible for most of the variance in the
training data.
As far as classifiers are concerned, there is no best performing classifier for
all problems. In designing a CAD system, one often needs to experiment with
a number of classifiers to find the most suitable one for a given task. Some of
the classifiers make an assumption on the form of the classes’ probability density functions (e.g., linear and quadratic discriminant classifiers), while the others
don’t (e.g., nearest neighbor classifiers). Linear classifiers, such as the linear
discriminant classifier and support vector machine, look for a linear boundary be-
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tween classes, while boundaries constructed by nearest neighbor classifiers could
be rather complex. For all the CAD systems presented in this thesis, linear classifiers were the best performing ones. Chapter 2 of this thesis investigates a novel
linear classifier whose training is based on other principals than the minimization
of classification error.
There is a lot more to be said about pattern classification that can be found
in textbooks and reviews like [23, 24].
Prerequisites
Two other aspects involved in building the CAD system are data acquisition and
preprocessing. They greatly depend on the problem domain. The preprocessing
of thoracic images, whether they are conventional radiographs or CT scans, includes segmentation of the lung fields and, optionally, other anatomical structures.
Segmentation of the lung fields results in a binary mask image, where the lungs
and non-lungs areas are labeled differently. Such a mask restricts computation of
features to the lung fields. There exist a considerable number of methods for 2D
and 3D lung segmentation. To mention a few, there are active shape models and
pixel classification methods for 2D segmentation [25], an automatic rule-based
approach using thresholding and regiongrowing for 3D segmentation [26], and
an atlas-based segmentation-by-registration approach [27, 28] that is especially
useful in segmenting pathological lungs from CT scans. In this thesis, for lung
segmentation in chest radiographs, the active shape model algorithm was used in
chapters 2 and 3, and the pixel classification method in chapter 6. In chapter 5,
the automatic rule-based approach was used in combination with the atlas-based
approach to segment the lungs in 3D CT scans.
Image registration is another possible preprocessing step. Registration means
alignment of anatomical structures of two different images. When used for segmentation, an atlas, i.e. an image with already known segmentation mask, is
registered to a target image. The resulting deformation is applied to the atlas’s
mask in order to create a mask for the target image. When there is more than one
atlas and, subsequently, more than one registration can be computed, the target
mask is generated by combining all the masks obtained with available deformations. Another possible utilization of registration is image comparison. Aligning
two CT scans enables the comparison of CT sections of matching anatomy. This
is used in detecting temporal changes in a patient’s successive scans in chapter 5
of this thesis.
The annotation of images, such as the delineation of abnormalities, is a part
of a data acquisition process. Since training of the CAD system requires a set
of samples with known labels, such labels have to be obtained beforehand. They
are called the reference standard, or the ground truth. The form of the reference
standard depends on a given task. For the detection of interstitial abnormalities,
an ideal reference standard would be the exact outlines of lesions in the image.
Such a reference standard is usually provided by an expert radiologist, or a panel of
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radiologists, who manually (with the assistance of a dedicated software) delineate
all the lesions they are able to find in the training images. Defuse interstitial
abnormalities in chest radiographs typically have ill-defined borders. This impedes
their delineation and results in unreliable and irreproducible outlines. Manual
delineation is also a tiresome task, especially in 3D. A CAD system in chapter 4
of this thesis employs a superior reference standard for interstitial lesions in chest
radiographs which is based on CT findings.
A reduced but more reliable ground truth is an opinion whether the image
contains any ILD- or TB-related abnormalities. Such an opinion, given by a radiologist, can be also supported by clinical evidences or outcomes of laboratory
tests. Images, for whom only the presence or absence of the disease is known,
but not the delineation of specific lesions, are called weakly labeled data. In practice, this form of the ground truth is natural and, therefore, easier to obtain,
because giving a general opinion about an image is a typical daily task for a radiologist. For example, the data that comes from a TB screening program, are
usually accompanied by the reading results of two or more physicians, indicating
whether the image is normal or exhibits some suspicious patterns associated with
TB. The delineations of suspicious regions are not provided, and a specialized
observer study has to be conducted to obtain them. But obtaining exact abnormality outlines may not be possible or practical for the reasons mentioned above.
Classification of weakly labeled data is the subject of research in chapters 2, 3
and 6 of this thesis.
Evaluation
When the ground truth is provided for the test data as well, the classification
performance of the CAD system can be evaluated. The performance of two-class
classification can be assessed either in terms of accuracy, sensitivity and specificity,
or by building the receiver operating characteristic (ROC) curve and computing
the area under curve (denoted as either AUC or Az in this thesis). To explain
these measures, let us introduce some terminology first. Normal and abnormal
(i.e., diseased) samples are conventionally called negatives and positives, respectively. With two-class classification, four types of outcome can be distinguished:
true positives, which are correctly classified normal samples; false negatives, which
are abnormal samples misclassified as normal; true negatives, which are correctly
classified abnormal samples; and, finally, false positives, which are normal samples
misclassified as abnormal.
The CAD system strives for minimizing mistakes, that is, minimizing the total
amount of false negatives and false positives. This is equivalent to maximizing
a classification accuracy. Accuracy is the fraction of correctly classified samples,
i.e., a ratio of the sum of true positives and true negatives to the total number of
samples. When a classification system makes no mistakes, the maximum accuracy
of 1 is achieved. Sensitivity and specificity are used to characterize how well positive and negative samples are classified. Sensitivity is a fraction of true positives,
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that is, a ratio of true positives to the sum of true positives and false negatives.
Specificity is a fraction of true negatives, that is, a ratio of true negatives to the
sum of true negatives and false positives. The closer sensitivity and specificity
are to 1 the better classification performance is.
Accuracy, sensitivity and specificity are suitable performance measures for a
classification system that produces binary labels. According to Eq. 1.1, a discrimination threshold θ should be fixed to some value to convert the continuous output
of a classifier to the binary one. If the output of the classifier denotes the probability of a sample of being abnormal, a typical value for θ is 0.5. However, this
choice of θ is empirical and does not guarantee the highest possible classification
accuracy of a particular CAD system. By varying θ and computing corresponding
accuracies, one can find an optimal discrimination threshold. If classified samples
are ordered correctly, i.e., every positive sample gets a higher classification output
than every negative sample, it is possible to find a θ that results in the accuracy
of 1.
The area under the ROC curve is another measure of a classifier’s performance [29, 30]. The ROC curve is obtained when the true positive fraction is
plotted as the function of the false positive fraction. This is equivalent to plotting
sensitivity against 1-specificity computed for varying thresholds. Figure 4.4 in
chapter 4 shows several ROC curves. AUC characterizes the performance of a
classification system independently from a chosen discrimination threshold and
possesses other desirable properties, such as invariance to prior class probabilities. AUC gives an indication of how well the negative and positive classes are
separated by the classifier. When the negative and positive samples are ordered
correctly, AUC equals to 1. As a single-number performance measure, AUC is
preferred to accuracy.

1.2

Outline of the thesis

This thesis contributes to the development of pattern classification methods employed by CAD, with the application of these methods to the automated analysis
of ILD and TB. We consider three different applications. In chapters 2, 3 and 6,
we aim at detecting the presence of disease in chest radiographs. The purpose of a
CAD system described in chapter 4 is to pinpoint the locations of abnormalities
in radiographs. In chapter 5, a CAD system is described that estimates the
progression of ILD in follow-up CT scans.
In chapters 2 and 3, two novel classification approaches are presented that
deal with weakly labeled data. In chapter 2, the absence of local ground truth is
overcome by assuming that every pixel in an abnormal image is abnormal. Such
an assumption usually results in highly overlapping normal and abnormal classes
in the feature space. This chapter focuses on training the classifier with such illseparable data. Instead of minimizing the classification error, AUC is explicitly
optimized, which is shown to be a more robust strategy when two classes have a
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large overlap. When all pixels in the lung fields are classified, their probabilities
of being abnormal are integrated in a single decision about the whole image.
Chapter 3 describes an entirely different approach to handling weakly labeled data. We assume that the distributions of local texture measurements
are different for normal radiographs and radiographs with diffused abnormalities.
Dissimilarity-based features that estimate these differences per measurement are
proposed as an image representation. A number of CAD systems can be trained,
each with image representations obtained from comparison with a different training image. Subsequently, a test image can be classified a number of times. A final
image decision is obtained by combining the results of all such classifications.
In chapter 4, a new method to set a reference standard for interstitial abnormalities in chest radiographs is described. Abnormality outlines are manually
delineated in selected coronal slices of a thoracic CT scan and automatically
mapped to a radiograph of the same patient. To train a CAD system, lung pixels
that fall inside delineated areas are considered positives, while those fallen outside
are considered negatives. The CAD system performs pixel-wise classification of
the lung fields and produces a color-coded probability map accentuating areas
highly probable of being abnormal.
Chapter 5 presents a CAD system for automated estimation of ILD progression in serial thoracic CT scans. The system compares corresponding 2D axial
sections from the baseline and follow-up scans and yields an opinion whether this
pair of sections represents regression, progression or unchanged disease. The CAD
system performs classification in two stages. In the first stage, image pairs exhibiting any change in the state of disease are separated from unchanged cases. In
the second stage, the direction of an estimated change is classified into regression
or progression. Different features are exploited in each classification stage.
In chapter 6, another application that uses the approach described in chapter 3 is considered: the analysis of radiographs from TB mass screening programs.
The dissimilarity-based approach is extended by applying it to fixed lung partitions, as well as to the complete lung fields, and merging the local and global
classification results into a single image decision. The CAD system yields a probability for an image to contain TB-related abnormalities.
Chapter 7 is the final chapter that provides a summary and general discussion.

Chapter 2
Optimization of the Area under the ROC curve,
with an application to the detection of interstitial
lung disease in chest radiographs
D.M.J. Tax, Y. Arzhaeva, R.P.W. Duin and B. van Ginneken, “AUC optimization
by subsampling constraints,” in preparation.

Abstract
The area under the ROC curve (AUC) is a popular performance measure for
classifiers because it is insensitive to class imbalance and skewed misclassification
costs. Unfortunately, AUC optimization is difficult for large sample size problems
and most subsampling methods for optimizing the AUC are ill-suited for the
situations in which optimizing the AUC is preferable over the classification error,
i.e. when the classes are highly overlapping and imbalanced. We propose a
classifier that optimizes the AUC using a linear programming formulation. This
formulation has the advantage that the large set of classification constraints can
easily be subsampled, without significantly decreasing the stability of the result.
Furthermore, the non-used constraints can be used to optimize the complexity
parameter of the classifier. In a set of experiments the good performance of this
classifier is shown and compared with other methods.
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Introduction

In medical screening programs, or in detection problems in general, one has to
deal with unknown class priors or misclassification costs. For these problems,
the Area under the ROC curve (AUC) is a better performance measure than the
classification error [30, 31, 32, 33]. Not only is it insensitive to class priors and
costs, it also appears to be more stable for small sample sizes, making it a better
measure to compare different classifiers than accuracy [33].
In the optimization of the AUC one focuses on the correct ordering of objects
from two classes, often called the positive and negative class. Objects from the
positive class should get a higher classifier output than objects from the negative
class. When the classifier outputs of the positive objects have the same distribution as the outputs of the negative objects then both classes overlap and cannot
be separated. On the other hand, when all positive objects have a higher output than all the negative objects, the two classes are fully separable. The AUC
directly represents the fraction of object pairs that are correctly ordered. Optimizing the AUC therefore minimizes classification error but because it uses the
object pairs instead of the class distributions, it is insensitive to class priors or
misclassification costs.
Several methods are proposed for optimizing the AUC, inspired by, for instance, boosting algorithms [34], decision trees [35] or support vector classifiers
[36]. In [37], a simplified linear version of the classifier in [36] is presented. This
classifier is simpler to optimize than the original version from [36] because it
reduces the quadratic optimization problem to a linear programming problem.
Furthermore, it is sparse in the features such that it can perform well in high
dimensional feature spaces.
Although the optimization of the AUC seems very attractive from the theoretical point of view, in practice there are two important factors that limit the
widespread use of the AUC optimization. The first factor is that the practical
performance increase is often small, compared to the minimization of classification error. The AUC results in [38, 36, 39] show that for many data sets it does
not pay off to explicitly optimize the AUC. It is shown in [40] that the expected
value for the AUC is linearly related to the classification error. It appears that
the advantage of the AUC over the classification error is that for imbalanced and
highly overlapping classes the variance of the AUC estimate is much smaller. This
higher stability of the AUC is very valuable when classifiers are evaluated in noisy
and low sample size situations.
The second factor that limits the applicability of the AUC is that it is computationally a hard optimization problem. For the optimization of the AUC one has
to consider all pairs of positive and negative objects. For each pair a constraint
is introduced that enforces the correct ordering of these two objects. The complexity increases therefore from the sample size n, for a standard classification
problem, to n+ · n− for the AUC optimization, where n+ and n− are the number
of positive and negative training examples respectively. Several heuristics have
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been proposed to alleviate the problem. A successful one is proposed in [36] where
a k-nearest neighbor approach is used. For each training object the nearest object
from the other class is selected and all other objects are ignored. Results show
that this is a very successful approach, in particular for clearly separable classes.
Unfortunately, for heavily overlapping classes the nearest neighbors are not very
informative and this subsampling method does not perform well.
In section 2.2 we discuss situations when the AUC optimization could be
preferred to the minimization of the classification error. Then, we show the formulation of the AUC optimization that uses random subsampling of constraints,
instead of subsampling of objects. This makes the method efficient in cases when
the AUC optimization is advantageous. Furthermore, the discarded constraints
can be used to optimize a free complexity parameter (this complexity parameter
determines the trade-off between the sparsity of the solution, and the error on
the training set)1 . In section 2.4 we compare the proposed classifier with other
methods and we finish with conclusions in section 2.5.
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Figure 2.1: Artificial data set containing strong clustering characteristics and class
overlap. The left figure shows a scatter plot using 100 objects per class. In the right
subplot the two class sizes are 100 and 20.

It is often observed that the explicit optimization of the AUC is in many cases
not significantly better than optimizing the classification performance [38, 36, 39].
In [40] it is shown that the expected value of the AUC for a fixed error rate is
a direct function of the error rate2 . However, the analysis of the variance shows
1 A preliminary paper with this idea of subsampling the constraints was first presented in
[37]. In this chapter we analyzed why this method is expected to perform better and we extend
the formulation by incorporating the automatic optimization of the complexity parameter.
2 Two classifiers with identical classification errors can have different ROC curves. When one
fixes the classification error, one can integrate over all ROC curves that are consistent with this
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that the AUC estimation has smaller variance than the classification error, in
particular in the case that the classes are overlapping and imbalanced. To clarify
this, an artificial data set is constructed to show these characteristics.
In the left subplot of Figure 2.1, a scatter plot of an artificial data set is
shown, that incorporates the features that make the minimization of classification
error not suitable. The data set contains two classes. The first class contains
two Gaussian clusters of equal size, centered at (3, 0) and (0, 0). The second
class also contains two Gaussian clusters, but centered at (3, 0) and (1, 5). Most
standard classifiers tend to focus on the gap between the upper and two lower
clusters. In particular when one of the classes is severely undersampled and the
misclassification costs are not adjusted accordingly, the few overlapping objects
in cluster (3, 0) can be ignored. For standard classification this signifies that
the classifier is robust against noise and outliers. In the case that these objects
convey important information on the class distribution, these objects cannot be
considered noise and cannot be ignored in the optimization of the AUC.
This is shown in the right subplot. The class sizes are n− = 100 and n+ = 20.
The straight solid line is the decision boundary obtained by the linear support
vector classifier [41]. The resulting AUC for this classifier is 0.61. Without the
adjustment and tuning of the trade-off parameter C for each of the classes, the
classifier considers the few erroneous objects to be noise. The dashed line on
the other hand indicates the solution found after optimizing the AUC. Here the
objects in the overlapping clusters are not considered noise and they influence the
solution. By that, the AUC for this type of classifier is improved to 0.84.
We can summarize that the optimization maybe particularly useful when a
few objects of one class are ‘hidden’ in a much larger group of objects from the
other class, and these objects are still important to detect for an optimal AUC.
For classification problems with low class overlap and/or small class imbalance,
it may not be advantageous to perform the AUC optimization. It is sufficient to
optimize a standard classifier minimizing the classification error. For many of the
relatively simple UCI data sets [42] this may be the case. On the other hand,
many real world problems indeed suffer from class imbalance and overlap, making
the AUC optimization still a worthwhile effort.
Therefore, a good AUC optimizer should be robust against high class overlap
and (large) class imbalance. Furthermore, for its practical application it is also
desirable that the number of free parameters that has to be set by the user is
reduced, and that it is robust against high-dimensional feature spaces (or, that it
can perform feature selection automatically). In the next section we propose an
L1 AUC optimization formulation, and a new strategy to handle large data sets.
classification error and find the average AUC. It appears that this is AUC is exactly one minus
the classification error.
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Assume that we have a data set X tr = {(xi , yi ), i = 1, ..., N } with two classes,
a positive and a negative class, where each object is represented by p features
xi = (xi1 , ..., xip ). The classes contain n+ and n− objects respectively. It is
assumed that index k + runs over all positive objects (with yi = +1) and k − over
all negative objects (with yj = −1).
In the traditional approach to learning, a classifier is defined to predict from
a new object x its label, by applying a function f : Rp → R to the object, and
thresholding this function output by threshold θ to obtain a class label:

+1
if f (x; w) > θ,
h(x; w) =
(2.1)
−1
otherwise,
where w are the free parameters of function f . Notice that by varying the value
for θ, the ROC curve is obtained [29].
In most cases the classifier h is optimized by optimizing the parameters w
in f . This can be done for instance by minimizing the (apparent) classification
error:
N
1 X
1(h(x; w) 6= yi )
(2.2)
êemp (h, X tr ) =
N i=1
where 1(.) is the indicator function. Instead of the indicator function, the error
can be estimated by minimizing the mean squared error. In the definition of
these errors, the contribution of each object is counted independently of the other
objects in the training set.
An alternative performance measure is the Area under the ROC curve (AUC).
This measure counts how often an object of class +1 (x+ ) is ranked higher than
an object of class −1 (x− ):
AU C = P r(f (x+ ) > f (x− )).

(2.3)

Clearly, a perfect separation of the two classes is obtained when AU C = 1. The
AUC performance can be simply estimated on a finite data set X tr :
+

ˆ C(h, X tr ) =
AU

−

n
n
X
X
1
1 (f (xk+ ) > f (xk− )) .
n+ n− +
−

(2.4)

k =1 k =1

One of the classifiers that directly optimizes the AUC is the support vector
machine as defined in [39]. It minimizes the L2 norm of w with constraints on
the ordering of the objects. The optimization problem is defined as follows:
XX
min kwk2 + C
ξk + k −
(2.5)
k+ k−
+

−

s.t. ∀k , k : f (xk+ ) − f (xk− ) ≥ 1 − ξk+ k− ,

ξk+ k− ≥ 0.

(2.6)
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The constraints (2.6) express the pairwise differences between objects from
different classes f (xk+ ) − f (xk− ). The slack variables ξk+ k− in these constraints
approximate the indicator function 1(.) that is part of (2.4). This approximation
has the drawback that the number of constraints is quadratic in the number of
objects, so it becomes very large.
The optimization problem can be cast into a linear programming form, by
replacing the L2 norm by the L1 norm, (similar to the L1 -SVM, [43] or [44]) and
by using a linear function f : f (x; w) = wT x. In [38] the L1 formulation was used
such that large data sets can be considered.
XX
min kwk1 + C
ξk + k −
(2.7)
k+ k−
+

−

T

s.t. ∀k , k : w (xk+ − xk− ) ≥ 1 − ξk+ k− , ξk+ k− ≥ 0.
This can easily be recast in a linear programming formulation:
X
XX
min
(ui + vi ) + C
ξk+ k−

(2.9)

k+ k−

i
−

subject to: ∀k + , k : (uT − vT )(xk+ − xk− ) ≥ 1 − ξk+ k− ,
ξk+ k− ≥ 0,

(2.8)

(2.10)

∀i : ui ≥ 0, vi ≥ 0.

The threshold θ is not defined, but can be derived when the misclassification
costs and class priors have been supplied. We refer to this as the optimized AUC
linear programming classifier, or AUC-LPC classifier.
This AUC-LPC is simple to kernelize,
similar to [38].
P
P For this, we have to
assume that we can write uT z = k αk xTk z and vT z = k βk xTk z, where k runs
over all training objects. This results in:
X
XX
min
(ui + vi ) + C
ξk+ k−
(2.11)
k+ k−

i

X
subject to: ∀k , k :
(αk − βk ) · (K(xk+ , xk ) − K(xk− , xk )) ≥ 1 − ξk+ k− ,
+

−

k

ξk+ k− ≥ 0, ∀i : ui ≥ 0, vi ≥ 0.

2.3.1

(2.12)

Subsampling the constraints

A serious problem is that the number of constraints in (2.6) and (2.8) is quadratic
in the number of objects, or more precisely n+ n− . To cope with this, different
strategies have been proposed.
The first strategy, as is used in [38], is by training the classifier in batches
(‘chunks’), retaining the problematic pairs from each of the batches. In practice,
it is still a computationally expensive procedure, and the authors of [38] are not
very content with it either. The second strategy, that the authors then propose, is
to start by randomly drawing objects from both classes, and to iteratively update
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this set by considering the objects that are violating many constraints. In this
case, only very hard to classify objects are considered. To avoid that the classifier
flips its labels because only objects that have violated constraints are included,
the training set is extended to include some well-ordered object pairs as well.
In [36], the third subsampling strategy is suggested, inspired by [45] and [46].
There, only the objects and their nearest neighbors from the other class are considered. The user has to define a number m indicating how many neighbors are
assumed to be informative. Then, only constraints between each object x and m
of its nearest neighbors are imposed. This subsampling heuristic can fail when
there is a large class overlap and the number of neighbors is not sufficiently large.
A similar approach is taken in [47], where the data are clustered, and the cluster
centers are used as positive and negative examples. It has similar characteristics
to using the nearest neighbor approach, for it selects or generate objects in the
feature space.
In this chapter, we suggest the fourth approach that avoids subsampling objects. By utilizing the primal formulation (2.6) or (2.8), it is very simple to
randomly subsample the constraints in (2.8). This random sampling with M constraints avoids focusing on the local structure in the data (as given by the m
nearest neighbors or clusters), but characterizes the structure of the constraints
on a larger scale. Therefore, the approximation is less biased.
Unfortunately, when constraints are randomly subsampled from (2.6), its dual
formulation is still very large and the kernel matrix is still of size n+ n− × n+ n− .
Only the elements that correspond to the object pairs xk+ , xk− that are not
considered will be zero. In practice the optimization of the dual still becomes
impractical. The L1 variant, on the other hand, does not suffer from that (see
equation (2.12)), and, therefore, we will focus on the L1 version in this chapter.
More insight can be gained by considering the difference vectors, representing
the constraints in equation (2.8):
x̃k+ k− = xk+ − xk− .

(2.13)

For each constraint a single object x̃ is defined. For a given weight vector w, a
constraint k + k − is satisfied when:
wT x̃k+ k− ≥ 1.

(2.14)

The constraints can be represented by points with the same dimensionality as the
original objects. More remarkably, the linear classifier w in the original feature
space can directly be plotted in this “difference” space. Equation (2.14) shows
that the plane (passing through the origin), for which the highest number of
objects has a projection larger than 1 on the normal of this plane, is the optimal
AUC plane. The normal of this plane w is the ranking direction in the original
feature space.
In Figure 2.2 the original artificial data set from section 2.2 is scattered (the left
subplot), together with a scatter plot of the difference vectors (the right subplot).
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Figure 2.2: On the left, The scatter plot of a data set containing two overlapping
classes, indicated by the circles and the crosses. An AUC-LPC using the k-nearest
neighbor heuristic is plotted using a dashed line, an AUC-LPC using the subsampling
heuristic is plotted with a solid line. On the right, the scatter plot of all the difference
vectors where each dot represents one constraint x̃k+ k− , see text. The pluses indicate
the difference vectors selected by the 1-nearest neighbor approach. The dashed line is
obtained by using the constraints given by the pluses. The solid line is obtained using all
constraints.

When all the difference vectors are used, the AUC-LPC defines a w perpendicular
to the solid line in the left subplot. The AUC-LPC using the 1-nearest neighbor
subsampling results in the (suboptimal) dashed line. The overlapping classes
result in a relatively poor sampling of the constraints (the lower cluster in the right
subplot), and it is reflected in the resulting AUC. The first (optimal) classifier has
AUC=0.84, while the second only obtains AUC=0.61.

2.3.2

Constraint subsampling or object subsampling

A full analytic analysis of the difference between constraint subsampling and object subsampling is complicated because it involves unknown distributions for the
two classes, and the summation over the violated constraints (2.14). Instead, we
consider how much the distribution of the difference vectors changes when the
original objects xk+ , xk− are subsampled instead of the difference vectors x̃k+ k− ,
for some given class distributions. The essential observation is that by subsampling the objects instead of the constraints, one does not obtain independent
constraints. This harms the convergence of the estimates on the constraint distribution. In particular, the estimates of the variance converge much slower when
objects are subsampled than when the constraints are subsampled. This results
in a less stable estimate for the AUC.
Assume we have two random variables X + and X − , distributed according to
+
p (x) and p− (x), respectively. We define a new random variable, the difference
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between the variables Z = X + − X − . The distribution of Z is now given by:
Z
p(z) =
p+ (x)p− (x − z)dx
(2.15)
When X + and X − are normally distributed,
p+ (x) = N (x; µ, σ 2 ),

p− (x) = N (x; ν, τ 2 ),

(2.16)

the distribution of the difference vectors can be determined exactly by using
(2.15):
p(z) = N (z; µ − ν, σ 2 + τ 2 ).
(2.17)
+
+
Given a sample {x+
i }, i = 1, .., qn from p , 0 < q < 1, the maximum likelihood
Pqn+ +
1
c2 =
+ =
xi and σ
estimates for the first and second moments are µc
i
qn+
+
P
qn
1
c
+ 2
(x+
i − µ ) . The variance of this variance estimate is:
i
qn+ −1
+
+
+
2
c2 ∼ O( 1 )
c2 ) >= (qn − 1) m+ − (qn − 1)(qn − 3) σ
< var(σ
4
+
3
+
3
(qn )
(qn )
qn+

(2.18)

+
where m+
Similarly, <
4 is the estimate of the fourth order moment of p .
c2 ) > can be assessed.
var(σ
When a fraction 0 < q < 1 from (2.16) is sampled, the estimates of the
variances converge with qn1+ and qn1− , making the total estimate for σ 2 + τ 2
converging with min(qn1+ ,qn− ) :

c2 + τb2 ) >∼ O(
< var(σ

1
)
min(qn+ , qn− )

(2.19)

On the other hand, when σ 2 + τ 2 is estimated directly from (2.17) using the
q 2 n− n+ samples, it converges with:
1
2 + τ 2 ) >∼ O(
< var(σ\
)
(2.20)
qn+ qn−
The estimate (2.20) therefore converges much faster than (2.19), showing that the
subsampling in (2.17) is much more efficient than in (2.16).
To verify that a higher variance in the variance estimates of difference vectors
lead to a poorer estimate of the AUC, we simulate it using an artificial, 2D
banana-shaped data set. This data set contains only n− = n+ = 50 objects, and
therefore, the full sum in (2.4) can be computed. For varying fractions q, the
ratio between the estimated AUC and the sum (2.4) is computed. The estimated
AUC is obtained by subsampling q objects from p+ and p− , or by subsampling
q 2 from (2.15).
In Figure 2.3 the resulting two ratios are shown, averaged over 50 runs. The
picture shows that the bias in this AUC estimate is small for both sampling
approaches. The variances of the two approaches differ significantly though. The
AUC estimate using random object sampling has a significantly larger variance
than that using the constraint sampling.
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Figure 2.3: The relative deviation from the true sum (2.4) for the estimate using the
subsampled constraints (solid line) and the subsampled objects (dashed line). The results
are averaged over 50 runs.

2.3.3

Using the unused constraints for the optimization of C

By considering a random sample of the constraints for the optimization leaves
a (large) set of constraints unused. The AUC is an estimate of the fraction of
constraints that are satisfied (see equation (2.4)). The remaining constraints can
therefore be used to evaluate the model. Although these data are not independent
of the training data (or training constraints), they give an indication of the suitability of C in (2.7), without using extra validation data. When M constraints
are used in the optimization of (2.8), the fraction of satisfied constraints can be
estimated by:


X
1
q(w; X tr , M ) = + −
1
wT (xk+ − xk− ) > 1
(2.21)
n n −M
{k+ ,k− }

where {k + , k − } is the set of all constraints that are not used in (2.8).
In order to test this approach, we estimate the AUC performance on an independent test set and compare this with the number of constraint violations
among the remaining constraints. In figure 2.4 the AUC performance on an independent test set is shown as function of the trade-off parameter C (indicated
by the solid line). The data set is the same as used in section 2.2, with n− = 100
and n+ = 20. The AUC-LPC is fitted using M = 500 constraints. The fraction
of satisfied training constraints depends on the class overlap, and, in this case, it
is around 0.84 (indicated by the dotted line). The dashed line shows the fraction
of satisfied unused constraints. The figure shows that this fraction fits well with
the AUC on the test set. The fraction of satisfied constraints on the training set,
on the other hand, is positively biased. For this example the optimum fraction of

2.4. Experiments

25
0.85

0.84

0.83

0.82

q

0.81

0.8

0.79

0.78

train constr. satisfied
unused constr. satisfied

0.77

AUC testset
0.76

0.75
−3
10

−2

10

−1

10

0

10

1

C

10

2

10

3

10

Figure 2.4: The AUC performance on an independent test set (solid line), the fraction of satisfied unused constraints q (dashed line) and the fraction of satisfied training
constraints q (dotted line) as function of C.

satisfied constraints is obtained for C = 0.5, resulting in an AUC of around 0.83.
Although the estimate may suffer from some noise, the shape of the curve still
allows the optimization of C.

2.4

Experiments

In this section we compare first the AUC-LPC with other classifiers on some
artificial data set, then on a larger set of standard classification problems, and,
finally, in a real world application.

2.4.1

Artificial data set

In Table 2.1, the performances of some classifiers are compared on the artificial
data shown in Figure 2.1. We compare standard supervised classifiers, such as
the linear discriminant analysis (LDA), quadratic discriminant (QD) [23], the
support vector machine using the L1 norm (L1 SVM) [48], the standard (linear)
support vector machine using the L2 norm (L2 SVM) [41], and a classifier called
Least Errors in Sparse Subspaces (LESS) [49]. These classifiers are compared to
classifiers that optimize the AUC directly. These are the Rankboost algorithm
[34], the AUC-LPC with the full set of constraints, the AUC-LPC with the nearest
neighbor heuristic and the k-means heuristic, and the AUC-LPC with the random
subsampling heuristic and the optimized parameter C.
In the third column the results are shown for the balanced case. Simple
classifiers, like the LDA or QD, correctly classify only the pure clusters, and
obtain AUC performances around 0.66. More advanced classifiers, like both SVM
classifiers and the AUC optimizers, do not ignore the overlapping clusters and
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Table 2.1: AUC performances (×100) on the artificial data shown in Figure 2.1. Results are averaged over 10 runs, the standard deviation is given in parenthesis. The
parameter C is fixed to C = 10, except for the last two classifiers, where C is optimized
on the remaining constraints. Results in bold are the best performances, and the performances that are not significantly worse than the best (tested using a single sided t-test
with a confidence of α = 0.05).
classifier
LDA
QD
linear L1 SVM
linear L2 SVM
LESS
Rankboost
AUC-LPC full
AUC-LPC k-nn
AUC-LPC k-nn
AUC-LPC k-means
AUC-LPC k-means
AUC-LPC subsamp.
AUC-LPC subsamp.
AUC-LPC optim. C
AUC-LPC optim. C

C = 10
C = 10
C = 10
B = 500
M = n− n+
k=1
k=5
k = 10
k = 25
M = n− + n+
M = 5(n− + n+ )
M = n− + n+
M = 5(n− + n+ )

balanced
100:100

imbalanced
100:20

66.0 (3.8)
70.8 (2.2)
84.4 (0.2)
84.0 (0.7)
84.4 (0.2)
85.0 (0.7)
84.5 (0.4)
83.1 (1.8)
83.9 (0.8)
75.3 (0.5)
83.8 (1.5)
84.5 (0.4)
84.5 (0.4)
84.4 (0.6)
84.4 (0.5)

61.7 (4.3)
71.4 (2.2)
79.2 (0.6)
79.2 (0.6)
78.5 (1.5)
83.0 (1.7)
84.0 (0.6)
74.4 (7.5)
77.4 (5.2)
74.7 (0.5)
83.3 (1.6)
83.8 (0.8)
83.8 (1.0)
83.6 (0.9)
83.9 (0.8)

obtain a significantly higher AUC. The cluster overlap causes the k-nn and kmeans subsampling approaches to represent the constraint distribution poorly
(as shown in Figure 2.2). The good results of the Rankboost indicate that a
non-linear decision boundary may be preferred for this data set. The last column
shows the results when the class balance is skewed from 100 : 100 to 100 : 20.
The SVM classifiers fall back to an AUC of less than 0.8. The AUC optimizers
are stable in their performances maintaining the AUC at around 0.84.

2.4.2

Standard UCI data sets

To compare the different approaches in optimizing the AUC for a wider variety
of data sets, the classifiers are applied to a set of problems, listed in Table 2.2,
obtained from the UCI repository [42]. The data sets vary in the number of
objects, number of features and class imbalance. All problems are reduced to
two-class classification problems by selecting one class (given in Table 2.2) and
combining all other classes. All features were rescaled to unit variance.
In Tables 2.3 and 2.4, AUC performances are given for a large set of classifiers.
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Table 2.2: Summary of the used data sets.

name

data set

n+ -n−

p

class

heart
biomed
auto
abal
thyr
glass
diab
ecoli
colon
leuk

Heart Cleveland data set
Biomedical data set
Automobile database
Abalone data set
Thyroid data set
Glass identification
Diabetes data set
Ecoli data set
Colon gene expression [50]
Leukemia gene expression [51]

139-164
127-67
88-71
1407-2770
191-3581
76-138
500-258
52-284
22-40
25-47

13
5
25
10
21
9
8
7
1908
3571

Diseased
Ill
Risk rating > 0
1-8
Hyperfunctioning
Building non-float
Presence
Periplasm
Tumor
Cancer

The first four classifiers are standard classifiers: the LDA, the QD, the Parzen
density estimator (where the width parameter is optimized using a leave-one-out
estimation [52]), and the 1-nearest-neighbor classifier (where the class posterior
probability is inversely proportional to the distance to the nearest neighbor of
that classe). Next, there are the L1 and L2 SVM, both with the linear kernel.
For the L2 SVM, the LIBSVM implementation is used [53]. The L1 SVM and
the AUC-LPC use a linear programming optimizer, GLPK [54]. After that, the
Rankboost is shown, with a varying number of weak learners B.
Finally, the AUC-LPC is applied with different settings. In “AUC-LPC full”,
all constraints are used. In “AUC-LPC obj.”, training objects are randomly subsampled. And in “AUC-LPC k-nn”, constraints are subsampled by only considering the k nearest neighbors from the other class (as mentioned in section 2.3.1).
Random subsampling results are listed with “AUC-LPC subsamp.”. Then, the
results for the AUC-LPC using the optimization of C are shown. To obtain the
optimal C, 25 different AUC-LPC’s with 25 values of C between 10−3 and 10+3
are trained. The AUC-LPC with the lowest number of violated constraints is then
used as the optimized AUC-LPC. The last lines of Tables 2.3 and 2.4 show the
results for the kernelized AUC-LPC that uses an RBF kernel. The kernel width
parameter is optimized using 5-fold cross validation, where 25 values between
σ = 0.1d1N N and σ = 50d1N N are tried, where d1N N is the averaged first nearest
neighbor distance in the training set. For the support vector machines and the
AUC-LPC methods (except for “AUC-LPC optim. C”), the parameter C is set
to 10.
Among data sets in Table 2.2, two different types of classification problems
can be distinguished roughly: the first, where linear classifiers perform very well
already, and the second, where non-linear classifiers are required. For the latter
problems (represented by auto, thyr, glass, and ecoli), the nearest neighbor classifier often performs very well, followed by the Rankboost algorithm. The

28

2.4. Experiments

other classifiers, like the SVM and AUC-LPC, are not flexible enough, and, therefore, their kernelized variants have to be used. This requires the optimization of
extra kernel parameters, which results, in almost all cases, in overfitted classifiers. Consequently, their performances are not better (except for ecoli) then
the results of the 1-nn or Rankboost.
Comparing the linear classifiers, the AUC-LPC and the L2 SVM are often
very close in performance, although there are situations where the AUC-LPC is
considerably better (for instance, thyr and glass). The standard LDA is often
much worse than more sophisticated linear classifiers.
The AUC-LPC with the full set of constraints does not significantly outperform the AUC-LPC with randomly subsampled constraints for most of the data
sets. When the default value of C = 10 is not optimal for a data set, which is
the case for the high dimensional data sets colon and leuk, the AUC-LPC with
optimized C outperforms the AUC-LPC using all constraints but with the fixed
C = 10. For the other data sets, the default C give satisfactory results. Furthermore, the AUC-LPC that randomly subsamples objects is, practically, always
significantly worse than the AUC-LPC subsampling the constaints (except for,
possibly, colon). The AUC-LPC that randomly subsamples the constraints is a
bit better than the AUC-LPC that uses the k-nn subsampling.
In most cases the variances in the results of different AUC-LPC classifiers
are similar, with the exception of the “AUC-LPC obj.” that exhibits a larger
standard deviation for all the data sets. One may also notice that a very large
standard deviation appears in the results of the Rankboost algorithm for auto
data set. All of the individual features in the auto data set have large class
overlap, and combined with the relatively small sample size this results in a very
unstable performance. a huge standard deviation explains why the performances
of the Rankboost with this data set (an AUC of 0.771 and 0.778) are still not
significantly different from that of the 1-Nearest neighbor classifier (an AUC of
977). It means that the results of many runs of the algorithm were very good,
but there were a few runs where the method completely collapsed. This results
in a huge variance in the performance, but the method is finally not significantly
worse than the best method.
Finally, the results in Tables 2.3 and 2.4 show that the AUC optimizers perform
better than the standard classifiers on highly unbalanced data, such as thyr. But
the standard classifiers can be equally good or better than the AUC optimizers
for balanced and mildly unbalanced data sets.
In Tables 2.5 and 2.6, the training times for all methods are listed. The
“AUC-LPC full” is the most computational expensive method, often requiring
more than 10 times more computational time than the other methods. The
“AUC-LPC optim. C” is still slow, because optimization is repeated 25 times
in order to find an optimal C. As expected, the “AUC-LPC optim. C n− + n+ ”
is roughly 25 times slower than the “AUC-LPC subsamp. n− + n+ ”. Computing the AUC-LPC with the nearest neighbor subsampling is slightly faster than
computing the AUC-LPC with the random constraint subsampling, although the

2.4. Experiments

29

total number of constraints is the same. It is, probably, caused by the fact that
the nearest neighbor subsampling procedure generates dependent and redundant
constraints. Therefore, the optimization problem is slightly simpler than the
problem where the constraints are independent and diverse. For the (very) high
dimensional feature sets, such as colon and leuk, where the computation of the
inverse of the covariance matrix is very expensive, training of AUC-LPC classifiers
is even faster than training of the LDA and QD.

2.4.3

Lung disease detection

To show the utility of the AUC optimization in a real world example, we discuss
the detection of interstitial lung disease in chest radiographs. The task is to classify patients as being healthy or being ill, based on the classification of individual
pixels in a radiograph. The experiments are performed on a database obtained at
the University of Chicago hospitals [55]. It contains 100 normal chest radiographs
and 100 abnormal radiographs with interstitial lung disease. ILD manifests itself
on the radiographs with a variety of abnormal texture patterns. The normal cases
were selected based on consensus of the panel of experienced radiologists. The
abnormal cases were selected based on radiological findings, computer tomography scans, clinical data and/or follow-up radiographs, by consensus of the same
radiologists. Any image that contained possibly abnormal or definitely abnormal
areas was labeled abnormal. The radiographs were digitized to 2000 by 2000
pixels with 0.175 mm pixel size and 10 bits intensity.
In each of the radiographs lung segmentation is performed using the Active
Shape Model algorithm, description of which can be found elsewhere (e.g., in [56]).
Then, the mean lung shape is calculated from the available images with the previously segmented lung fields, and every 5th pixel in the X and Y directions is
selected within the mean lung fields, in total 7103 pixels. Correspondent pixels
are subsequently obtained in every image using a warping function computed between the mean lung shape and a given lung segmentation, as described in [57].
From each radiograph, a number of features are computed for subsampled pixels.
First, images are filtered with the Gaussian derivatives, up and including the second order, at five different scales. An original pixel intensity and pixel intensities
from all the filtered images are included in the feature set. Furthermore, for each
pixel in the original and filtered images, four central moments, the mean, standard deviation, skewness and kurtosis, are computed from a small circular region
around the pixel. These features characterize the textural appearance of a pixel
neighborhood. Together with the two positional features and a binary feature
indicating if a pixel is inside a rib or not (found by applying rib segmentation
from [58]), this results in 158 features per pixel.
In order to classify a patient, the pixel classification outputs h(x) for pixels
from the radiograph Xi have to be integrated into a single output g(Xi ). A simple
combination rule is used: the outputs h(x) for the pixels of Xi are sorted, and a
certain quantile level output (for instance, the 95% percentile) is extracted. This

heart
56.1 ( 0.4)
57.2 ( 0.4)
64.2 ( 0.6)
82.4 ( 0.7)
89.7 ( 0.5)
89.8 ( 0.6)
87.9 ( 1.7)
87.6 ( 1.5)
87.4 ( 1.7)
89.6 ( 0.7)
79.9 ( 3.6)
85.2 ( 1.8)
87.7 ( 1.1)
89.7 ( 1.0)
88.0 ( 1.8)
89.3 ( 0.6)
88.5 ( 0.8)
89.3 ( 1.0)
89.3 ( 0.9)

classifier

LDA
QD
Parzen Density
1-Nearest neighbor
L1 SVM
L2 SVM
Rankboost B = 25
Rankboost B = 50
Rankboost B = 100
AUC-LPC full
AUC-LPC obj. n− + n+
AUC-LPC obj. 5(n− + n+ )
AUC-LPC 1-nn
AUC-LPC 5-nn
AUC-LPC subsamp. n− + n+
AUC-LPC subsamp. 5(n− + n+ )
AUC-LPC optim. C n− + n+
AUC-LPC optim. C 5(n− + n+ )
AUC-LPC optRBF n− + n+

biomed
86.4 ( 0.6)
89.9 ( 0.7)
89.9 ( 0.6)
92.4 ( 0.5)
95.7 ( 0.5)
95.7 ( 0.4)
89.5 ( 1.8)
92.1 ( 1.6)
92.4 ( 1.6)
95.3 ( 0.7)
90.3 ( 2.4)
94.1 ( 0.8)
94.8 ( 0.7)
95.3 ( 0.2)
95.0 ( 0.9)
95.3 ( 0.6)
95.0 ( 0.4)
95.2 ( 0.5)
92.8 ( 0.9)

58.0 ( 1.2)
72.9 ( 1.1)
84.5 ( 0.5)
97.7 ( 0.7)
96.2 ( 0.8)
93.9 ( 0.7)
76.4 (19.7)
77.1 (20.2)
77.8 (21.1)
95.6 ( 0.5)
84.4 ( 5.4)
88.6 ( 2.5)
86.5 ( 2.4)
94.5 ( 1.1)
93.3 ( 0.6)
95.9 ( 0.7)
93.3 ( 0.9)
95.0 ( 1.1)
93.2 ( 1.9)

data set
auto
abal
( 0.1)
( 0.1)
( 0.2)
( 0.2)
( 0.1)
( 0.1)
( 0.6)
( 0.8)
( 0.9)
-(-)
89.4 ( 0.5)
90.2 ( 0.3)
73.8 ( 0.7)
89.0 ( 0.1)
90.8 ( 0.1)
90.9 ( 0.1)
90.8 ( 0.1)
90.8 ( 0.1)
89.6 ( 0.3)

84.2
84.9
85.3
85.5
90.7
90.7
87.7
88.5
89.0

58.3 ( 0.2)
60.5 ( 0.1)
63.3 ( 0.2)
83.0 ( 0.4)
50.5 ( 6.9)
61.0 ( 0.7)
98.9 ( 0.0)
99.7 ( 0.0)
99.8 ( 0.0)
-(-)
81.1 ( 8.2)
91.2 ( 2.7)
86.8 ( 0.7)
92.7 ( 0.9)
96.7 ( 0.2)
96.3 ( 0.2)
96.2 ( 0.4)
96.3 ( 0.3)
97.1 ( 0.3)

thyr

Table 2.3: AUC performances. Results are averaged over five 10-fold cross validation runs, the standard deviation is given in
parenthesis. Results for the “AUC-LPC full” on abal and thyr cannot be given because the number of constraints was to large.
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60.6 ( 0.6)
64.2 ( 0.9)
68.2 ( 0.5)
87.7 ( 1.4)
59.0 ( 0.6)
65.2 ( 1.7)
73.0 ( 2.4)
74.2 ( 2.7)
77.3 ( 2.4)
72.4 ( 1.0)
64.6 ( 4.3)
68.9 ( 2.6)
67.8 ( 1.7)
70.3 ( 0.5)
67.2 ( 2.1)
71.7 ( 1.2)
70.9 ( 1.3)
72.2 ( 0.8)
82.1 ( 1.0)

LDA
QD
Parzen Density
1-Nearest neighbor
L1 SVM
L2 SVM
Rankboost B = 25
Rankboost B = 50
Rankboost B = 100
AUC-LPC full
AUC-LPC obj. n− + n+
AUC-LPC obj. 5(n− + n+ )
AUC-LPC 1-nn
AUC-LPC 5-nn
AUC-LPC subsamp. n− + n+
AUC-LPC subsamp. 5(n− + n+ )
AUC-LPC optim. C n− + n+
AUC-LPC optim. C 5(n− + n+ )
AUC-LPC optRBF n− + n+

70.8 ( 0.3)
70.8 ( 0.2)
75.3 ( 0.2)
72.2 ( 0.4)
83.0 ( 0.1)
83.0 ( 0.1)
81.0 ( 0.3)
82.3 ( 0.4)
83.3 ( 0.3)
-(-)
78.3 ( 1.8)
80.8 ( 1.1)
82.4 ( 0.4)
82.7 ( 0.2)
82.7 ( 0.2)
83.1 ( 0.2)
83.1 ( 0.2)
83.2 ( 0.2)
80.3 ( 0.7)

diab
93.1 ( 0.5)
93.6 ( 0.4)
94.8 ( 0.2)
95.3 ( 0.4)
93.4 ( 0.5)
93.5 ( 0.4)
93.0 ( 0.8)
94.0 ( 0.6)
94.4 ( 0.5)
93.9 ( 0.4)
91.7 ( 1.9)
92.4 ( 1.2)
91.0 ( 0.4)
93.5 ( 0.3)
93.6 ( 0.4)
93.7 ( 0.4)
93.3 ( 0.6)
93.9 ( 0.4)
96.1 ( 0.7)

data set
ecoli
colon
50.0 ( 0.0)
50.0 ( 0.0)
50.0 ( 0.0)
78.9 ( 2.3)
82.9 ( 3.7)
84.5 ( 1.1)
77.0 ( 1.8)
80.1 ( 2.3)
81.3 ( 3.6)
82.9 ( 3.7)
79.4 ( 5.3)
82.5 ( 4.7)
80.1 ( 4.2)
83.2 ( 4.6)
87.9 ( 5.9)
83.2 ( 3.0)
87.7 ( 1.7)
86.5 ( 2.5)
83.8 ( 5.6)

leuk
79.9 ( 1.5)
78.3 ( 0.8)
50.0 ( 0.0)
97.7 ( 1.1)
98.8 ( 1.3)
98.6 ( 0.4)
99.2 ( 1.4)
99.8 ( 0.6)
100.0 ( 0.0)
98.3 ( 1.6)
93.2 ( 4.6)
97.5 ( 0.6)
98.5 ( 0.5)
98.3 ( 1.6)
98.7 ( 0.9)
98.4 ( 1.5)
99.3 ( 0.9)
98.6 ( 1.0)
95.4 ( 1.4)

Table 2.4: AUC performances. The performance of the “AUC-LPC full” on diab is not given because the number of constraints
was too large. Results are averaged over five 10-fold cross validation runs, the standard deviation is given in parenthesis.

glass

classifier
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heart
(0.000)
(0.000)
(0.001)
(0.000)
(0.001)
(0.001)
(0.000)
(0.000)
(0.000)
(1.492)
(0.001)
(0.014)
(0.001)
(0.006)
(0.001)
(0.011)
(0.030)
(0.256)
(0.006)

LDA
QD
Parzen Density
1-Nearest neighbor
L1 SVM
L2 SVM
Rankboost B = 25
Rankboost B = 50
Rankboost B = 100
AUC-LPC full
AUC-LPC obj. n− + n+
AUC-LPC obj. 5(n− + n+ )
AUC-LPC 1-nn
AUC-LPC 5-nn
AUC-LPC subsamp. n− + n+
AUC-LPC subsamp. 5(n− + n+ )
AUC-LPC optim. C k = 1
AUC-LPC optim. C k = 5
AUC-LPC optRBF n− + n+

0.030
0.030
0.263
0.048
0.097
0.060
0.039
0.070
0.163
363.195
0.099
1.105
0.081
0.710
0.090
0.986
1.194
23.365
1.499

classifier
(0.011)
(0.001)
(0.011)
(0.000)
(0.005)
(0.001)
(0.002)
(0.000)
(0.000)
(0.260)
(0.000)
(0.007)
(0.001)
(0.001)
(0.000)
(0.002)
(0.006)
(0.046)
(0.004)

biomed
0.030
0.026
0.121
0.041
0.057
0.039
0.027
0.046
0.104
23.958
0.052
0.274
0.054
0.245
0.053
0.285
0.425
6.143
0.335

0.028
0.027
0.092
0.042
0.073
0.041
0.030
0.052
0.118
36.285
0.067
0.568
0.065
0.465
0.066
0.530
0.734
11.563
0.689

(0.005)
(0.001)
(0.003)
(0.001)
(0.004)
(0.000)
(0.001)
(0.001)
(0.001)
(0.436)
(0.001)
(0.012)
(0.000)
(0.003)
(0.000)
(0.003)
(0.009)
(0.128)
(0.004)

data set
auto
abal
(0.001)
(0.001)
(0.630)
(0.002)
(0.105)
(0.066)
(0.046)
(0.077)
(0.241)
-(-)
4.242 (0.279)
250.269 (5.227)
3.652 (0.079)
145.575 (3.579)
4.688 (0.122)
333.453 (10.054)
115.492 (2.853)
8206.7 (257.4)
58528 (1940.7)

0.020
0.020
15.767
0.032
5.158
2.034
0.996
1.998
4.984

5.251
234.192
4.609
187.623
4.675
207.140
108.132
5024.9
43020

0.041
0.038
21.438
0.053
11.935
0.901
0.419
0.825
2.040

(0.007)
(0.001)
(0.716)
(0.001)
(0.035)
(0.005)
(0.003)
(0.008)
(0.014)
-(-)
(0.467)
(9.445)
(0.030)
(1.449)
(0.144)
(1.986)
(4.059)
(133.8)
(810.2)

thyr

Table 2.5: Training time (s), averaged over five 10-fold cross validation runs, with the standard deviation in parenthesis. Times
for the “AUC-LPC full” on abal and thyr are not given because the number of constraints was to large.
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0.191
4.340
0.208
3.146
0.192
4.350
3.780
104.783
14.725

0.030
0.030
0.975
0.047
0.192
0.191
0.082
0.152
0.370

(0.000)
(0.000)
(0.009)
(0.000)
(0.003)
(0.003)
(0.001)
(0.005)
(0.012)
-(-)
(0.022)
(0.356)
(0.002)
(0.013)
(0.006)
(0.088)
(0.135)
(2.312)
(0.422)

diab
0.024
0.024
0.262
0.039
0.083
0.042
0.029
0.051
0.117
80.400
0.073
0.703
0.061
0.537
0.068
0.678
0.862
16.569
1.107

(0.000)
(0.000)
(0.008)
(0.000)
(0.000)
(0.000)
(0.000)
(0.000)
(0.001)
(0.404)
(0.002)
(0.019)
(0.000)
(0.002)
(0.001)
(0.007)
(0.018)
(0.098)
(0.032)

data set
ecoli
51.534
100.793
0.124
0.071
1.025
0.101
0.194
0.374
0.911
24.235
0.737
5.694
0.928
5.797
0.882
6.022
18.122
140.479
1.550

colon
(0.040)
(0.117)
(0.001)
(0.001)
(0.012)
(0.001)
(0.012)
(0.029)
(0.073)
(0.367)
(0.008)
(0.045)
(0.008)
(0.113)
(0.010)
(0.034)
(0.235)
(1.434)
(0.011)

427.551
862.616
0.286
0.133
3.145
0.238
0.407
0.772
1.866
93.253
1.809
16.329
2.661
18.102
2.489
19.167
53.786
442.860
27.627

leuk
(0.541)
(6.556)
(0.004)
(0.002)
(0.048)
(0.004)
(0.002)
(0.002)
(0.004)
(1.166)
(0.024)
(0.271)
(0.054)
(0.042)
(0.020)
(0.642)
(0.465)
(4.086)
(0.551)

Table 2.6: Training time (s), averaged over five 10-fold cross validation runs, with the standard deviation in parenthesis. The
training time of the “AUC-LPC full” on diab is not given because the number of constraints was too large.

(0.001)
(0.000)
(0.004)
(0.000)
(0.000)
(0.001)
(0.000)
(0.000)
(0.000)
(0.263)
(0.001)
(0.019)
(0.000)
(0.002)
(0.001)
(0.005)
(0.006)
(0.127)
(0.013)

LDA
QD
Parzen Density
1-Nearest neighbor
L1 SVM
L2 SVM
Rankboost B = 25
Rankboost B = 50
Rankboost B = 100
AUC-LPC full
AUC-LPC obj. n− + n+
AUC-LPC obj. 5(n− + n+ )
AUC-LPC 1-nn
AUC-LPC 5-nn
AUC-LPC subsamp. n− + n+
AUC-LPC subsamp. 5(n− + n+ )
AUC-LPC optim. C k = 1
AUC-LPC optim. C k = 5
AUC-LPC optRBF n− + n+

0.026
0.026
0.107
0.041
0.053
0.051
0.028
0.049
0.112
26.334
0.059
0.311
0.053
0.221
0.051
0.245
0.419
4.802
0.454
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value is used as the final output g(Xi ) for the patient i. This means that when at
least 5% of the pixels are classified as being abnormal with high confidence, the
output for this patient is labeled “abnormal”.
In Table 2.7 the results of the patient classification at three different quantile
levels are shown. In this data set both classes are balanced: 90 normal and 90
abnormal radiographs are used for training in each iteration of 10-fold cross validation. For training purposes, all the pixels in the abnormal images are considered
abnormal. Consequently, the two classes are highly overlapping in the feature
space. The first four classifiers are supervised classifiers, the LDA and QD, the
linear L2 SVM, and the L2 SVM using the radial basis kernel. The parameters C
and σ in the RBF kernel of the SVM are optimized using two-fold cross validation
on a rough 25 × 25 grid of values C, σ.
All supervised classifiers show relatively poor performances in Table 2.7. The
results of the AUC-LPC classifiers are much better. We evaluated three different
subsampling strategies, the k-means subsampling, the k-nn subsampling with
different k, the random constraint subsampling and the constraint subsampling
with C optimization. For all the AUC-LPC mappings but the last one, C = 1 is
chosen, which is close to the value of C chosen by the optimization procedure.
The subsampling strategy can make a difference. The k-means subsampling
strategy gives poor performance, because of the relatively small number of clusters
that are used. When a larger number of clusters are used, many of these clusters
are empty. For this data set, only about 25 clusters can be found reliably. The
difference between the k-nn and random subsampling approaches is not very large,
but still significant for a higher threshold. The subsampling approach is more
stable, the variance of its outcomes is often lower than that of the other classifiers.
The optimization of C improves the performance only slightly.
Table 2.7: AUC results on the interstitial lung disease data with the balanced classes.
Results are obtained using 10-fold cross validation. Performances indicated in bold are
the best, or not significantly worse than the best for a given quantile level.
quantile level output
0.5
0.95

classifiers

0.05

LDA
QD
linear L2 SVM
RBF L2 SVM σ = 500
AUC-LPC k-means k = 25
AUC-LPC knn k = 1
AUC-LPC knn k = 5
AUC-LPC subs. M = 2500
AUC-LPC opt C M = 2500

56.2 (11.6)
53.6 (10.4)
49.1 (17.1)
71.7 (19.1)
57.7 (17.3)
92.6 (7.6)
93.1 (7.5)
91.7 (6.8)
92.9 (6.7)

68.6 (17.0)
66.2 (16.7)
61.8 (21.3)
67.9 (17.5)
64.0 (18.5)
89.2 (9.8)
92.3 (7.5)
94.9 (5.9)
95.5 (5.7)

63.7 (17.2)
59.7 (17.7)
63.4 (21.5)
66.0 (16.9)
45.5 (15.5)
37.0 (18.0)
37.9 (17.4)
80.0 (15.2)
78.0 (16.3)
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Conclusions and discussion

Although the AUC optimization is often proposed as a more stable alternative to
classification error minimization, in practice it is advantageous only when classes
are severely overlapping or imbalanced in size. For these cases, standard classifiers
often ignore the few objects from the small class that are located inside the distribution of the larger class. When these objects cannot be considered noise, the
optimization of the AUC is preferred over the minimization of the classification
error.
Unfortunately, the optimization of the AUC has a complexity quadratic to
the training set size. Heuristics have been developed to subsample the training
objects, but, in particular for the situation when the classes overlap significantly,
suboptimal results have been obtained. In this chapter another approximate AUC
optimization procedure was proposed to handle such situations. Instead of subsampling the training set, it randomly subsampled the pairwise constraints. This
avoids a biased sampling of the constraints which can happen when objects are
subsampled. Furthermore, the constraints that were not used in the optimization
could be used to evaluate the classifier. This enables the optimization of metaparameters that influence the complexity of the classifier. This is particularly
useful when the performance is relatively sensitive to the setting of the complexity parameter, and the training set size is small. In this chapter, the proposed
subsampling strategy was applied to a (sparse) linear classifier, but it can be applied to any AUC optimizer that explicitly lists the constraints, e.g., a kernelized
version.
The experimental results on the standard data sets and the real world medical
imaging data demonstrated the benefit of the AUC optimization for highly unbalanced or overlapping classes. The proposed subsampling strategy considerably
decreased the training time without compromising the classification performance
of the AUC optimizer. In most of the experiments presented in this chapter, the
AUC optimizer using this strategy produced significantly better results than the
results obtained using the other subsampling heuristics.

Chapter 3
Dissimilarity-based classification in the absence of
local ground truth and its application to the
diagnostic interpretation of chest radiographs
Y. Arzhaeva, D.M.J. Tax and B. van Ginneken, “Dissimilarity-based classification
in the absence of local ground truth: application to the diagnostic interpretation
of chest radiographs,” Pattern Recognition, vol. 42, no. 9, pp. 1768–1776, 2009.

Abstract
In this chapter classification on dissimilarity representations is applied to medical
imaging data with the task of discrimination between normal images and images
with signs of disease. We show that dissimilarity-based classification is a beneficial
approach in dealing with weakly labeled data, i.e. when the location of disease
in an image is unknown and therefore local feature-based classifiers cannot be
trained. A modification to the standard dissimilarity-based approach is proposed
that makes a dissimilarity measure multi-valued, hence, able to retain more information. A multi-valued dissimilarity between an image and a prototype becomes
an image representation vector in classification. Several classification outputs
with respect to different prototypes are further integrated into a final image decision. Both standard and proposed methods are evaluated on data sets of chest
radiographs with textural abnormalities and compared to several feature-based
region classification approaches applied to the same data. On a tuberculosis data
set the multi-valued dissimilarity-based classification performs as well as the best
region classification method applied to the fully labeled data, with an area under
the ROC curve (Az ) of 0.82. The standard dissimilarity-based classification yields
Az = 0.80. On a data set with interstitial abnormalities both dissimilarity-based
approaches achieve Az = 0.98 which is closely behind the best region classification
method.

38

3.1

3.1. Introduction

Introduction

Computer-aided diagnosis (CAD) is an important pattern recognition application. Statistical and structural pattern recognition methods as well as artificial
neural networks have been employed in the diagnostic interpretation of medical
images of different modalities and organs. The choice of a classification method
for a particular application can be influenced by many factors, among them the
availability of well-annotated training data. In this chapter we consider weakly
labeled medical images with diffuse local textural abnormalities and the task of
distinguishing them from images without abnormalities.
In object recognition, weakly labeled data is often defined as images labeled
only according to the presence or absence of the objects of interest. For the diagnostic interpretation of medical images, data is weakly labeled in the sense that
the absence or presence of disease in an image is known, however, the location of
a lesion and its precise delineation are not available. This is, in fact, a common
situation in practice because manual annotation of lesions is laborious or even impracticable. Ill-defined diffuse abnormal changes in the local textural appearance
of an organ is a clear example in case. Manual segmentation of textural abnormalities is unreliable due to high inter-observer variability. However, texture features
extracted from small local patches are potentially very informative in this case.
In this work we show that local information alone, without local labels, can give
good discriminatory results.
To detect images with abnormalities, we address the absence of local ground
truth for training by combining local texture features extracted from a large
number of regions of interest (ROIs). In the context of object recognition, a
similar classification problem was considered in [59]. The authors focused on
combining local information as well and developed generative and discriminative
approaches to the task. They showed that the generative model gave a higher
classification accuracy but required some fully labeled images for initialization.
The discriminative model was considerably less accurate than the generative one.
In this work we have chosen a very different approach that does not require any
parametric modeling or careful initialization.
We assume that normal images of the same organ bear more similarity to each
other with respect to their textural appearance than normal images and images
with abnormalities. We also assume that images with the same type of abnormalities are more similar to each other than to normal images. Therefore we
propose to reflect the common nature of images belonging to the same class by
using dissimilarity representations. In [60] this is defined as the representation
of objects by their pairwise comparisons instead of feature vectors. A pairwise
comparison is done by computing a measure of dissimilarity, or distance, between
two objects. To construct a classifier on dissimilarities one represents each training object as a vector of distances to a set of prototype objects. The standard
dissimilarity-based classification is described in [61] and [60]. In this chapter we
propose a modification to this strategy.

3.2. Dissimilarity representations
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In the standard approach, a single dissimilarity measure is computed between
two images, a test image and a prototype, thus reducing the abundance of local
textural information to one quantity. Since an image in our approach is represented by a set of texture features each of which is computed at multiple locations,
we propose to retain more information by computing dissimilarities for each feature separately. Then, instead of combining feature-based comparisons into one
value as in [62] and [63], we use them as a vector to train a classifier. That allows
us to build as many classifiers as there are prototypes, and to classify each test
image several times. Subsequently, we combine the outputs of all classifiers into
one posterior probability value.
Experimentally, we will focus on two specific data sets. These data sets have
already been used in other research papers which enables us to compare our
results with previously reported ones. Both data sets present challenging illdefined textural abnormalities in chest radiographs. The first one is a database
from a tuberculosis (TB) mass screening program, the second database contains
images with interstitial lung disease (ILD). In [55, 64, 65, 66] one or both of them
were used as test data for algorithms to distinguish between normal and abnormal
images. In the two best performing classification schemes applied in [65] and [66]
local labeling was used for training. That allowed the supervised classification of
ROIs as normal or abnormal, and the subsequent integration of local decisions
into a decision about the whole radiograph. Local labeling, provided it is correct,
provides more information for training the system, and hence, such systems are
potentially more powerful than ones where local labeling is unavailable. Although
the labeling implemented in [66] or [65] might not have been a perfect ground
truth, we will use their results as benchmarks for our study.
This chapter is organized as follows: Section 3.2 introduces the dissimilarity
representation and classification in dissimilarity space, as well as dissimilarity
measures we intend to use. The proposed classification approach is also explained
in this section. In Section 3.3 we compare the results of different classification
strategies applied to medical images. We discuss the results and methods in
Section 3.4. Section 3.5 draws conclusions.

3.2

Dissimilarity representations

In statistical pattern recognition objects are usually described by feature vectors.
When we consider images described by sets of texture features extracted from a
large number of patches, the description of the whole image becomes extremely
high-dimensional and therefore inefficient for learning. Dissimilarities provide
a convenient alternative for an image representation. Moreover, the proximitybased representation is a natural way of describing the class of similar objects.
A profound discussion on this subject can be found in [60, 61], and we borrow
notation from that work.
If T is a training set of size n, and R is a set of prototype objects of size
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r, R = {p1 , . . . , pr }, then any x, x ∈ T, is represented by a vector of dissimilarities
D(x, R) = {d(x, p1 ), . . . , d(x, pr )}, where d is a dissimilarity measure. Thereby
any traditional classifier operating on a feature space can be built on the n × r
dissimilarity matrix D(T, R). Usually, R is a subset of T , or the same set as T .
Objects in R can be randomly selected from T , or selected using a systematic
approach (see [67] for a discussion on possible approaches). A test set S of s
objects is also described in terms of their distances to R, i.e. by s × r dissimilarity
matrix D(S, R).
Defining a discriminative dissimilarity measure is as difficult as defining good
features in traditional feature-based classification. It is logical to demand that the
measure is non-negative. Another natural requirement for dissimilarities is to be
relatively small for similar objects. To ensure that, is desirable for the measure to
satisfy the triangle inequality condition, d(x, y) ≤ d(x, z) + d(z, y), for all x, y, z,
or else the compactness of dissimilarity representations might be violated [60].
If the measure is also symmetric and definite, it becomes a metric. Metrics are
preferred as measures of dissimilarity because many classification methods work
in metric spaces. In this chapter we consider only measures that are metrics.
For clarity, we use the terms “feature” and “feature vector” only for original
measurements extracted from an object. In our case, these are texture measurements computed from a large number of image ROIs. In the dissimilarity-based
classification framework, a vector of dissimilarities constitutes an image representation and is passed to a classifier.

3.2.1

Dissimilarity measures

Let us introduce several common measures suitable for the task of image classification. In the context of image retrieval images are often characterized by
multi-dimensional histograms of their features. An example of such features is
the distribution of pixel intensities in an image and in filtered versions thereof. In
this study, dedicated texture features are extracted from numerous and uniformly
placed ROIs in images. Similarly to pixel intensity histograms we can build oneor multi-dimensional histograms to estimate the probability density of these features or the density of their joint distribution. Several non-parametric measures
of dissimilarities between two histograms h = {h(i)} and k = {k(i)}, i being a
bin index, will be experimentally investigated in this chapter.
Minkowski, or lp , distance:
dp (h, k) =

X

h(i) − k(i)


p 1/p

.

(3.1)

i

For p = 1, this becomes the city block distance, and for p = 2, the Euclidean
distance.
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χ2 statistics:
dχ2 (h, k) =


2
X h(i) − m(i)
m(i)

i

,

(3.2)

where m(i) = h(i)+k(i)
. This measure calculates how unlikely it is that both
2
histograms represent the same distribution.
Jeffrey divergence:
dJ (h, k) =

X

h(i) log

i

k(i) 
h(i)
+ k(i) log
,
m(i)
m(i)

(3.3)

where again m(i) = h(i)+k(i)
. The Jeffrey divergence is a modification of the
2
Kullback-Leibler divergence [68] and is numerically stable, symmetric and robust
with respect to noise and the size of histogram bins [62].
Match distance:
dM (h, k) =

X

|ĥ(i) − k̂(i)| ,

(3.4)

i

P
P
where ĥ(i) = j≤i h(j) and k̂(i) = j≤i k(j) are cumulative histograms of h and
k respectively.
Kolmogorov-Smirnov distance:

dKS (h, k) = max |ĥ(i) − k̂(i)| ,
i

(3.5)

where again ĥ(i) and k̂(i) are cumulative histograms. The match and KolmogorovSmirnov distances are only defined for one-dimensional histograms, because the
ordering relation j ≤ i is arbitrary in more than one dimension [69].
A one-dimensional histogram is obtained by a suitable binning of the range
of feature values. However, we do not apply binning for multidimensional joint
feature distributions in order to avoid sparse and unstable histograms. Instead,
we use a clustering algorithm such as k-means to partition the feature space into
a fixed number of bins [69].
A dissimilarity between two images x and y can be expressed as the dissimilarity of their joint feature distributions, d(x, y) = d(h, k), where h and k are the
multi-dimensional histograms of the features of x and y respectively. Dissimilarity
measures from Eq. 3.1–3.3 are used for this purpose in the experimental part of
this study. This is by no means an exhaustive list of suitable dissimilarity measures
(see [60] and [69] for more). Besides comparing their joint feature distributions, a
dissimilarity between two images can be computed by combining independently
evaluated comparisons of individual feature distributions. Just as in [62], we use
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P
the Minkowski norm of order 1 to combine them, d(x, y) = f d(hf , kf ), where
d(hf , kf ) is any of the measures from Eq. 3.1–3.5 computed for the histograms hf
and kf of the feature f of the images x and y respectively.

3.2.2

Proposed approach

We propose, however, not to combine the individual comparisons d(hf , kf ) into
one value but to construct a vector D(x, y) = {d(hf , kf )} and use it as a new image
representation. The main difference between this approach and the standard
dissimilarity-based classification lies in how an image is represented through its
comparisons with the prototypes. In the standard approach, each element of the
image representation vector D(x, R) expresses the dissimilarity of the image x to
a different prototype from the set R. In our representation, each element of the
vector D(x, pk ) is a dissimilarity between the image x and the same prototype
pk , pk ∈ R, computed with respect to a different image characteristic. Here
those characteristics are the distributions of various features extracted from both
images.
Thus, we can obtain as many image representations as we have prototypes,
each representation vector having the same dimensionality as the set of original features. With r prototype images, r representations are obtained for each
training image, and consequently r classifiers can be trained. A test image, subsequently, can be classified r times using its prototype-bound representations. We
suggest combining the outputs of all classifiers to obtain a final solution. In Figure 3.1 the training and testing phases of the proposed approach are schematically
depicted.
Figure 3.1: Flow chart of the proposed approach. (A) Training phase. (B) Testing
phase.
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Training r classifiers
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B.
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classifiers
Clinical outcome/
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The combination of classifiers benefits from complementary information provided by different image representations. Various fixed, trainable and adaptable
combiners have been described in the literature (see [24] for references). In the
absence of a large pool of training data we opt for a fixed combination rule and
leave the exploration of trainable schemes for further research. It is shown in [70]
that the sum (or average) rule outperforms other fixed rules (such as the voting
and product rules) for combining classifiers that use different representations of
the patterns to be classified. The sum rule proved to be less sensitive to the
errors of individual classifiers. In this chapter we combine the image posterior
probabilities resulting from different classifiers with the sum rule:
r−1

1X
Pk (c|x),
P (c|x) =
r

(3.6)

k=0

where P (c|x) is a posterior probability that the image x belongs to a class c, c =
{0, 1}, and Pk (c|x) is a posterior probability yielded by the classifier k.

3.3

Comparative experiments

In this section we apply both standard and proposed approaches of Section 3.2 to
the classification of two sets of medical images exhibiting textural abnormalities.
Additionally, we compare the dissimilarity-based methods to a region classification
strategy adapted to weakly labeled data. The classification task is discrimination
between normal images (of healthy subjects) and images containing disease (we
refer to such images as abnormal).

3.3.1

Data

The TB database was collected from a tuberculosis screening program in the
Netherlands. Posterior-anterior (PA) chest radiographs were digitized to 932 by
932 pixels and 12-bit intensity. More technical details can be found in [66]. The
data set used in our experiments contains 241 normal cases and 147 abnormal cases
with textural abnormalities. These cases were selected from a larger database
by exclusion of images with non-textural abnormalities as well as images with
artefacts (e.g. clothing artefacts). The same subset was used in [66]. The ground
truth for the images was set by two radiologists. The image was considered
abnormal if one of them judged the image to be abnormal.
The ILD database consists of 100 normal and 100 abnormal PA chest radiographs obtained from the daily clinical practice of the University of Chicago
hospitals [71]. The abnormal radiographs exhibited various interstitial lung diseases and were selected on the basis of radiological findings, clinical and computed
tomography data, biopsy and the consensus of the panel of experienced radiologists. Each normal case was chosen based on the consensus of the same panel.
The radiographs were digitized to 2000 by 2000 pixels.

44

3.3. Comparative experiments

In both data sets the lung fields were segmented from the rest of the image
using the Active Shape Model algorithm, description of which can be found elsewhere (e.g. in [56]). The segmentation was performed with the same settings of
parameters as in [25]. Prior to feature extraction the resolution of images in both
data sets was sub-sampled to 700 by 700. In Figures 3.2(a) and 3.2(b) an example
radiograph from the ILD database is shown, together with its lung mask obtained
from the lung segmentation.

3.3.2

Texture features

In order to extract discriminative texture features the images are filtered with a
multiscale filter bank of Gaussian derivatives, and the moments of histograms are
calculated from regions in the derived images. Using multiple scales enables the
characterization of texture elements of different sizes, and the analysis of local histograms considers the texture primitives regardless of their spacial distribution.
This is a general approach to texture characterization [72, 73]. The histogram
moments were successfully used for automatic detection of textural abnormalities in chest radiographs [66, 74] and for texture analysis in thoracic computed
tomography scans [75].
Prior to filtering the image, pixel values in the lung fields are mirrored outside
the lungs symmetrically with respect to the lung borders. Namely, for each pixel
outside the lungs, the pixel value is substituted by its counterpart inside the
lungs with the nearest pixel on the lung border as a center of symmetry. This
prevents a major distortion in the filter output near the lung borders which is
normally caused by a large difference in appearance inside and outside the lungs.
Additionally, the left lung is flipped to resemble the right lung in orientation of
various anatomical and texture elements. Figures 3.2(c) and 3.2(d) illustrate the
mirroring and flipping preprocessing steps.
The lung fields are subdivided into overlapping regions of interest (ROIs). We
use an 8 by 8 pixel spacing to define the centers of circular ROIs, each of which
have a radius of 32 pixels. The number of ROIs per radiograph ranges from 1400
to 4100 approximately depending on the size of individual lungs. Radiographs are
filtered with Gaussian derivatives of orders 0, 1 and 2 at five scales, σ = 1, 2, 4, 8, 16
(illustrated in Figure 3.3). Then four central moments of the pixel intensity
distribution, namely, the mean, standard deviation, skewness and kurtosis are
calculated from each ROI in the original and filtered images, amounting to 124
features in total. These are the same features that were successfully used in the
classification of small regions in [76] and in [74] for localization of interstitial
abnormalities.
In those works local texture features were complemented by two position features, namely x and y coordinates of the ROI centers relative to the center of the
mass of the lung field. For this study we have assumed that the histograms of
ROI locations covering lung fields uniformly would not be informative attributes
in distinguishing between normal and abnormal lungs. For the multi-dimensional

3.3. Comparative experiments

(a)
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(b)

(c)

(d)

Figure 3.2: Data preprocessing steps are shown on an example chest radiograph: (a)
the original radiograph; (b) the lung mask obtained from the lung segmentation, with
distinct mask values for the right and left lung fields; (c) the right lung, delineated, with
its exterior substituted by corresponding pixel values from the lung inside; (d) the left
lung, delineated and flipped, with its exterior substituted by corresponding pixel values
from the lung inside.

histograms of joint feature distributions adding position features could have resulted in the mistaken estimation of two abnormal images as dissimilar when their
abnormalities were located in different lung regions. However, in practice, including position features brings minor improvements to dissimilarity classification results for both approaches. This could possibly be explained by an observation
made in [66] that the spacial distribution of abnormal areas in the TB and ILD
databases is not uniform. Tuberculosis is known to often affect the upper lung
fields, while interstitial abnormalities are more likely to occur in the lower lung
fields.
The original features are normalized. In the set of prototypes, each feature is
translated and scaled to have zero mean and unit standard deviation. Then the
same normalization parameters are applied to feature vectors in the rest of the
images.

3.3.3

Histograms

Before applying dissimilarity classification methods, the probability densities of
local texture features have to be estimated. We represent the probability density
of individual features by a histogram with 128 bins. The bin partitioning is fixed
on a set of prototype images. Namely, the range of possible values of each feature
is estimated and split into 128 equal intervals.
To construct the multi-dimensional histogram of the joint distribution of features we first run a k-means algorithm with 128 clusters on the combined distribution of ROIs from all the prototypes. Then, for any image in a database, each
feature vector is assigned to the closest cluster in the partitioned feature space.
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L0

Lx

Ly

Lxx

Lyy

Lxy

σ=1

σ=2

σ=4

σ=8

σ = 16

Figure 3.3: Illustration of the 30 filtered images for the input image of a right lung
from Figure 3.2(c). The input image is convolved with Gaussian derivatives of orders
0, 1 and 2 at five scales. Each row shows the resulting images, L0 , Lx , Ly , Lxx , Lyy and
Lxy , at one scale.
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Comparison with standard dissimilarity classification

In both databases we randomly selected 10 normal and 10 abnormal radiographs
to serve as prototype images, and computed dissimilarities between each prototype and all the images in a database (including the prototypes themselves).
For use with the standard dissimilarity-based classification approach each image was represented by a 20-dimensional vector computed with every appropriate
dissimilarity measure described in Section 3.2.1. For the proposed multi-valued
dissimilarity-based method each image was described by twenty 126-dimensional
image representation vectors computed using every dissimilarity measure for onedimensional histograms from Eq. 3.1– 3.4.
The classification experiments were conducted by means of cross-validation.
Each database, with exclusion of the prototypes, was divided into 4 folds, with
equal amounts of normal and abnormal images in each fold. Classification was
performed 4 times, each time with a different fold as a test set and the other three
folds together as a training set. The prototype images were always appended to
the training set. We estimated the classification performances of both methods
by means of receiver operating characteristic (ROC) analysis [29]. The ROC
curve plots the sensitivity of a classifier against its 1-specificity at varying confidence thresholds. Az , the area under the ROC curve, was used as a classification
performance measure.
For both dissimilarity-based approaches we compared the linear discriminant
analysis (LDA), quadratic discriminant analysis , k-nearest neighbor classifier (k
= 15), and support vector machine (radial basis function kernel, the kernel parameter g =1.0 and penalty parameter C =1.0). Details of these classifiers can
be found elsewhere, i.e. in [23]. We found that the LDA performed considerably better than the other classifiers did with the same fixed test, training and
prototype sets. We think that one of possible causes for this is the simplicity
of the LDA classifier. Another likely explanation could be that the dissimilarity
measures are based on the summation over many components, and therefore tend
to be normally distributed. Hence, normal density-based classifiers, such as the
linear and quadratic discriminants, should perform well in dissimilarity spaces,
as was already observed in [61]. Moreover, since the LDA is a linearly weighted
combination of dissimilarities, it is less sensitive to errors caused by some individual dissimilarities. The quadratic discriminant analysis might have performed
well in our experiments had we had more training samples to accurately estimate
the class covariance matrices.
For the LDA, the number of features might still be too large relatively to the
number of training samples in the multi-valued dissimilarity-based experiment,
especially in the ILD database. In an attempt to resolve this we applied principal
component analysis (PCA) retaining 99% of variance to the image representation
vectors. This improved the multi-valued dissimilarity classification performance
on the ILD data.
Table 3.1 displays the results of the standard dissimilarity-based classification
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for all the dissimilarity measures under consideration. The results of the proposed
method for different dissimilarity measures are presented in Table 3.2. Note, that
the results in Table 3.2 on the ILD database were obtained by application of
PCA while no PCA was applied to the TB data. In both tables Az values are
averaged over the folds and accompanied by the standard deviation. Examples
of radiographs, correctly classified or misclassified by the proposed method, are
given in Figure 3.4.
The image in Figure 3.4(d) is the instructive example of a situation where
the dissimilarity-based methods can fail. Subtle abnormalities with a small size
relative to the whole area of interest are unlikely to be discernibly reflected in
global measures, such as histograms over the whole lung fields. On the other hand,
the normal image shown in Figure 3.4(b) exhibits an enlarged perhilar region in
the upper and middle right lung with a bright and pronounced texture pattern.
We assume that the contribution of that pattern into global histograms caused the
misclassification of this image as abnormal by our system. Correct classification
of the perihilar region is also difficult for a region-based classification because of
its bright and pattern-rich manifestation and large variability [74].
Overall, the standard dissimilarity-based classification performed as well as
the multi-valued approach on the ILD data. On the TB data the standard
dissimilarity-based classification was less accurate than our modification. From
Table 3.1 we can also conclude that the performance of the standard dissimilaritybased method largely depended on what type of dissimilarity measures were employed. All combined measures were superior to the measures computed between
multi-dimensional histograms. It is likely that 128 clusters in the 126-dimensional
feature space was a rather coarse histogram partitioning which made histograms
of different classes less distinctive; with 128 clusters we got from 11 to 32 entries
per histogram bin on average. Given a fixed number of samples, a considerable
increase in the number of bins could lead to a histogram sparseness which, in
turn, could make a histogram less discriminative as well. The one-dimensional
histogram binning did not have that problem and produced, possibly, more discriminatory histograms.
Concerning the utilized dissimilarity measures, the χ2 statistics and Jeffrey
divergence were consistently successful in both classification approaches. The
match and Kolmogorov-Smirnov distances were the least stable of all the measures. All the measures performed better in the multi-valued approach than in the
standard approach when applied to the TB data. In the application to the ILD
data, the Euclidean and match distances showed slightly better performances in
the standard settings. The differences in performance between the measures were
rather small in both approaches applied to the ILD data. On the contrary, when
applied to the TB data, the χ2 statistics and Jeffrey divergence performed considerably better than the other combined measures in the standard approach. The
performance differences between measures are less striking in the multi-valued
approach, with four measures showing nearly identical results.
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(a) P = 0.005

(c) P = 0.996
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(b) P = 0.77

(d) P = 0.07

Figure 3.4: Two normal, (a) and (b), and two abnormal, (c) and (d), cases from the
TB database. Abnormalities are roughly outlined on images (c) and (d). The proposed
dissimilarity-based method with the city block dissimilarity measure found image (a) most
normal and image (b) most abnormal of all normal images. Image (c) was found most
abnormal and image (d) most normal of all abnormal images. Estimated probabilities of
being abnormal are indicated below each image.
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Table 3.1: The performances of the standard dissimilarity-based classification applied
to the TB and ILD data sets for the dissimilarity measures described in Section 3.2.1.
The table presents the average and standard deviation of the areas under the ROC curve.
Dissimilarity measure

TB data set

ILD data set

City block
Euclidean
χ2 statistics
Jeffrey divergence
Combined city block
Combined Euclidean
Combined χ2
Combined Jeffrey
Combined match distance
Combined Kolomogorov-Sm.

0.715 (0.052)
0.693 (0.069)
0.719 (0.034)
0.724 (0.033)
0.771 (0.04)
0.767 (0.042)
0.797 (0.044)
0.798 (0.041)
0.747 (0.08)
0.748 (0.067)

0.936 (0.05)
0.924 (0.037)
0.929 (0.047)
0.931 (0.04)
0.971 (0.014)
0.976 (0.016)
0.974 (0.018)
0.974 (0.019)
0.964 (0.014)
0.966 (0.015)

Table 3.2: The performances of the proposed multi-valued dissimilarity-based classification applied to the TB and ILD data sets for different dissimilarity measures. The table
presents the average and standard deviation of the areas under the ROC curve.
Dissimilarity measure

TB data set

City block
Euclidean
χ2 statistics
Jeffrey divergence
Match distance
Kolomogorov-Sm. distance

0.820
0.817
0.812
0.817
0.793
0.775

(0.026)
(0.012)
(0.020)
(0.018)
(0.038)
(0.025)

ILD data set
0.974
0.970
0.975
0.974
0.961
0.978

(0.011)
(0.008)
(0.010)
(0.014)
(0.033)
(0.011)

Table 3.3: Comparison of different classification strategies in terms of Az . The best
results of the standard and multi-valued dissimilarity-based approaches are taken from
Tables 3.1 and 3.2, respectively.
Study or method

TB data set

van Ginneken [66]
Ishida [65]
Naive region classification
Standard dissimilarities (best result)
Multi-valued dissimilarities (best result)

0.820 (0.022)
n.a.
0.786 (0.035)
0.798 (0.041)
0.820 (0.026)

ILD data set
0.986
0.976
0.962
0.976
0.978

(0.006)
(0.012)
(0.031)
(0.016)
(0.011)
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Comparison with region classification

To put the dissimilarity-based approaches in perspective we compare them with
another strategy to deal with weakly labeled data. It is based on a naive assumption that every pixel in an abnormal image is abnormal. Hence, every region
extracted from the lung fields as described in Section 3.3.2 is labeled according to the radiograph it belongs to. In this way the absence of local labels is
circumvented. The image classification task then can be considered as a region
classification and subsequent fusion of regional posterior probabilities. Such an
approach was first proposed in [77].
In the region classification experiment the same division of the data into folds
was applied. The images used as prototypes in the dissimilarity-bases experiments were added to the training sets of each fold. Each ROI was described by a
126-dimensional normalized feature vector consisting of 124 texture features and 2
position features (see Sections 3.3.2 and 3.3.3). For practical reasons we randomly
selected 20% of the ROIs from each training image to train a classifier. As we
already saw in [74], the LDA was a good choice of a classifier to discern between
normal and abnormal ROIs. The classification yielded the posterior probability
of being abnormal for each ROI in the image. The overall image decision was obtained by integrating the regional posterior probabilities using the 90% percentile
rule.
The classification performance was evaluated in terms of Az and averaged over
the folds. We achieved Az = 0.786 with a standard deviation of 0.035 on the TB
database, and Az = 0.962 with a standard deviation of 0.031 on the ILD database.

3.4

Discussion

The merits of the two dissimilarity-based methods in this particular application
can be evaluated in the light of previous research. In Table 3.3 the results of
different classification strategies applied to the TB and ILD databases are given.
The first two rows present the results from the studies where, as mentioned in
Section 3.1, ROIs were labeled and classified, and then the results of region classification were integrated into an overall image decision. The third row holds the
results of region classification cf. Section 3.3.5. In the last two rows the results
of the two dissimilarity-based approaches are presented, taking the best results
from Tables 3.1 and 3.2.
It is interesting to note that the best and worst approaches for both data sets
are region classification techniques. The best approach described in [66] used the
manual annotation of lesions in the images. Although it was a rough annotation, it was obviously a better ground truth than the naive region abnormality
assumption employed as a labeling strategy in Section 3.3.5. It should be noticed, however, that the gap between the best and worst classification results is
relatively small. The multi-valued dissimilarity-based approach shows the same
result as the best performing region classification on the TB data. On the ILD
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data both dissimilarity-based methods perform similarly to the region-based classification described in [65]. This comparison gives reason to hypothesize that the
dissimilarity-based approaches are advantageous in dealing with weakly labeled
textural data because they are capable of achieving results close to or even equal
to those obtained with data labeled as fully as possible.
We suppose that the dissimilarity-based methods might not be equally useful
in dealing with weakly labeled images with other types of abnormalities, e.g. in
detecting chest radiographs with lung nodules. Similar to the abnormality in
Figure 3.4(d), many lung nodules are too small to possibly make a difference in
a global measure, unless such a measure is a dedicated lung nodule filter of some
sort. A more important consideration, however, is how well- or ill-defined a type
of abnormality is. From the beginning, the application of the dissimilarity-based
methods was motivated by the difficulty or impracticability of obtaining the local
ground truth. When a reliable local ground truth is available to train a CAD
system, we would suggest to use detection algorithms that can directly employ
local information.
Next we discuss how the results of the standard dissimilarity-based approach
compared with its multi-valued modification. The former used one-dimensional
histograms of individual feature distributions in order to produce combined dissimilarity measures, while the latter used comparisons between feature histograms
directly in the image representation vectors. Both strategies yielded comparable
classification performances, which is not unexpected since image posterior probabilities are conveyed through a weighted sum of feature dissimilarities by both
approaches.
The LDA, applied in the standard approach, results in the linear combination
of dissimilarities to all the prototypes, where a dissimilarity to each prototype is,
in turn, a linear combination of individual feature dissimilarities. In the multivalued approach, the LDA first yields the linear combination of individual feature
dissimilarities to one prototype. Then, by averaging the LDA results over all the
prototypes in the classifier combination phase, we obtain the same type of additive
solution as in the standard approach. It seems that the order of application of the
LDA is what makes the proposed multi-valued approach slightly more accurate
than the standard classification on dissimilarities. This assumption conforms with
our initial idea that a classifier applied to feature-based dissimilarities rather than
to image-based dissimilarities should benefit from more information.
Regarding the dissimilarity measures, it was noted in Section 3.3.4 that the
χ2 statistics and Jeffrey divergence measures showed comparable classification results in both approaches on both the TB and ILD data sets. While the city block
and Euclidean distances could be considered as general-purpose measures in the
Euclidean space, the χ2 statistics and Jeffrey divergence are dedicated measures
for probability distributions originating from statistical and information theory,
respectively. That might explain their reliable performance in classifying features based on comparisons between distributions. The match and KolmogorovSmirnov distances are special distance measures for cumulative histograms and
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are known to produce better results with finer binning [69]. In our experiments
they performed less satisfactorily than the other measures, with the exception
of the Kolmogorov-Smirnov distance yielding the best result on the ILD data
in the multi-valued approach. They were also less stable, generally, exhibiting
some of the largest standard deviations. We may only hypothesize that with finer
histogram binning and more samples, the results of these two measures could
improve.
It was beyond the scope of this study to investigate the use of prototype
selection methods. In [67] it is argued that the systematic selection of prototypes
in general does better than the random selection. With the random selection
of prototypes we have already achieved results that are closely comparable with
those obtained in the presence of local ground truth. It could be an intriguing
future study to investigate whether adding prototype selection notably improves
the classification performance. Achieving better results on a weakly labeled data
set than on fully labeled data would indicate either unsatisfactory local ground
truth used by the feature-based approaches in classification of regions, or some
room for improvement in the region classification method itself.

3.5

Conclusion

In conclusion, we successfully applied a dissimilarity-based classification approach
to weakly labeled chest radiographs with textural abnormalities. The obtained
results were similar to those obtained by feature-based methods on fully labeled
data. Our proposed modification to the standard dissimilarity-based approach
was preferable in the classification of tuberculosis, while both dissimilarity-based
methods performed equally well in the classification of interstitial abnormalities.
The application of these techniques to other weakly labeled image data is of
interest for future research.

Chapter 4
Detection of interstitial abnormalities in chest
radiographs using a reference standard based on
computed tomography
Y. Arzhaeva, M. Prokop, D.M.J. Tax, P.A. de Jong, C.M. Schaefer-Prokop and
B. van Ginneken, “Computer-aided detection of interstitial abnormalities in chest
radiographs using a reference standard based on computed tomography,” Medical
Physics, vol. 34, no. 12, pp. 4798–4809, 2007.

Abstract
A computer-aided detection (CAD) system is presented for the localization of
interstitial lesions in chest radiographs. The system analyzes the complete lung
fields using a two-class supervised pattern classification approach to distinguish
between normal texture and texture affected by interstitial lung disease. Analysis is done pixel-wise and produces a probability map for an image where each
pixel in the lung fields is assigned a probability of being abnormal. Interstitial
lesions are often subtle and ill-defined on x-rays and hence difficult to detect, even
for expert radiologists. Therefore a new, semi-automatic method is proposed for
setting a reference standard for training and evaluating the CAD system. The
proposed method employs the fact that interstitial lesions are more distinct on a
computed tomography (CT) scan than on a radiograph. Lesion outlines, manually drawn on coronal slices of a CT scan of the same patient, are automatically
transformed to corresponding outlines on the chest x-ray, using manually indicated correspondences for a small set of anatomical landmarks. For the texture
analysis, local structures are described by means of the multi-scale Gaussian filter
bank. The system performance is evaluated with ROC analysis on a database of
digital chest radiographs containing 44 abnormal and 8 normal cases. The best
performance is achieved for the linear discriminant and support vector machine
classifiers, with an area under the ROC curve (Az ) of 0.78. Separate ROC curves
are built for classification of abnormalities of different degrees of subtlety versus
normal class. Here the best performance in terms of Az is 0.90 for differentiation
between obviously abnormal and normal pixels. The system is compared with two
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human observers, an expert chest radiologist and a chest radiologist in training,
on evaluation of regions. Each lung field is divided in four regions, and the reference standard and the probability maps are converted into region scores. The
system performance does not significantly differ from that of the observers, when
the perihilar regions are excluded from evaluation, and reaches Az = 0.85 for the
system, with Az = 0.88 for both observers.

4.1. Introduction

4.1
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Introduction

Conventional chest radiography is an important diagnostic examination for a variety of lung disorders including interstitial lung disease (ILD). In recent years
computer tomography (CT) has become the modality of choice for the diagnostics of ILD [78]. However, chest radiography remains the first and most common
examination in clinical practice. In comparison to CT, it is simple to perform
and inexpensive. Therefore the role of chest radiography is to provide an initial
detection of abnormalities and a preliminary diagnosis, and to give a recommendation for a subsequent CT examination [1]. Techniques for automated detection
and characterization of abnormalities in chest radiography have been developed
for about two decades [9, 16]. In recent studies [19, 79], computer-aided detection
(CAD) systems for chest radiographs have been demonstrated to be potentially
useful tools leading to more accurate diagnoses for various lung diseases including
detection of ILD. Currently the results of computer analysis are considered to
play a complementary role in clinical practice as a second opinion.
ILD, also known as diffuse parenchymal lung disease, is the common term
for more than 150 types of disorders, which may cause considerable morbidity
and mortality [1, 80]. The interstitium of the lung is the tissue between the
air sacs, and when the interstitium is damaged the ‘textural appearance’ of the
lung is changed in radiological images. Detection and differentiation of ILD is
an exceptionally difficult task, even for an experienced chest radiologist. The
key radiological finding is widespread or focal shadowing with specific underlying
patterns. The majority of interstitial diseases exhibit a reticular, nodular or
ground-glass pattern [10, 81], or a combination of these. Whereas a large variation
of abnormal patterns can represent one type of ILD, radiographs of patients with
different types of ILD may look alike. Moreover, the difference between normal
and abnormal texture patterns is ambiguous even for human experts, which is
revealed by high inter-observer variability [1, 82]. As a result, development of
a CAD system for the detection of ILD in chest radiographs is an extremely
challenging task.
The majority of works in this field [55, 83, 84, 65, 85, 66, 77] used an approach that could be roughly divided into three steps. First, regions of interest
(ROIs) were manually or automatically selected within the lung fields. From each
ROI a set of texture features was computed. Then classification was performed
using rule-based or pattern recognition methods, and as the result of classification an ”opinion” (a class label or probability of being normal/abnormal) about
each ROI was obtained. Finally, probabilities over regions were fused to yield a
conclusion for the whole image, determining whether it contained any interstitial
abnormalities or not.
The CAD systems exploiting this method were evaluated using receiver operating characteristic (ROC) analysis, and showed high performances when evaluated
either as a stand-alone system or as an assistant to radiologists in the task of
discrimination between normal chest radiographs and radiographs that contained
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signs of interstitial abnormalities [86, 66, 19]. Although the classification of images was based on classification of regions, only in van Ginneken et al. [66] was the
CAD performance on regions itself evaluated. It appeared there that the classification performance was poorer at region level than at image level (the area under
ROC curve values ranged from 0.67 to 0.93 for different regions, and reached 0.99
for images), in other words, the CAD system could not always distinguish between
samples of healthy lung texture and regions affected by ILD. In [66], the reference
standard for a region was set visually by one radiologist and may therefore not
be considered highly reliable. In other previous studies such an evaluation was
not carried out at all, possibly because of the absence of a region-level reference
standard to compare with.
The accurate delineation of abnormalities is an anticipated ability of such a
CAD system. The distribution of ILD throughout the lung is often related to a
type of ILD (e.g. extrinsic allergic alveolitis is commonly found in the upper lobes
whereas usual interstitial pneumonia is seen mainly in the lower lobes and the
lung periphery), and this has important differential diagnostic implications [87].
The main obstacle, in our opinion, that prevents the construction of a system
that localizes ILD abnormalities in chest radiographs is the difficulty of obtaining a reliable local reference standard. Without this a CAD system cannot be
verified and in many cases cannot be properly trained. Well-defined lesions, e.g.
tumors, nodules, calcifications, can be manually segmented or pinpointed and often histologically proven to be a lesion. However, manual segmentation is less
suited to the delineation of interstitial lesions due to their diffuse and ambiguous
appearance. In this paper we use an alternative way to establish a more reliable
reference standard for chest radiographs.
In our previous work [76] we demonstrated with small-size peripheral regions
from digitized chest radiographs that local analysis could yield a high classification performance. In this paper we present a CAD system for detection of ILD
lesions in complete posterior-anterior chest radiographs. The system is trained
and tested on a relatively small set of digital chest radiographs to show its ability
to locate interstitial abnormalities. An innovative method for obtaining the local
reference standard is presented. The reference standard is established by using a
CT scan of the same patient to estimate the positions of interstitial disease in a
chest radiograph and, consequently, label each pixel within the lung fields on a
radiograph either normal or affected by ILD.
The labels are used to train the CAD system on a subset of our x-ray database
(training data). In the rest of the database (test data) the labels are used as the
reference standard for evaluation of the system performance. When the trained
system is applied to a new chest radiograph, a probability of being abnormal is
assigned to each lung pixel. A CAD outcome, either as a color-coded probability
map or as regional scores, can be presented to a radiologist as an assisting tool.
The performance is evaluated by means of ROC analysis and compared with the
performance of two human observers on the same set of data.
The paper is organized as follows: section 4.2 describes the data and the CAD
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system starting with the system outline and the methodology of data collection
and continuing with detailing of different parts of the system. Section 4.3 gives
details of experimental setup and evaluation methods. In section 4.4 the results
are presented. They are discussed in section 4.5, and conclusions are drawn in
section 4.6.

4.2

Materials and Methods

4.2.1

System outline

From an engineering point of view, most CAD systems, including the one presented in this paper, have a typical design relying on a combination of imageprocessing and pattern recognition or artificial intelligence techniques. In Figure 4.1 the scheme of our system is depicted. In the training phase (Figure 4.1,
row A) image data that represents the diversity of ILD manifestations is collected,
together with normal image data. Images with pathology are annotated, i.e. lesions are delineated and given a subtlety rank. These are training examples used
to train the CAD system to distinguish between normal and abnormal patterns.
To be able to train the system, pixels within the lung fields are represented by
vectors of features computed from their neighborhood. After extraction of features a statistical decision model is constructed. The trained CAD system can
yield an opinion about the presence of ILD lesions in a new image that was not
included in the set of training examples. Pixels from a new chest radiograph, also
represented by feature vectors, are classified according to the decision model and
receive a probability of being abnormal (depicted in Figure 4.1, row B). In the
post-processing stage a probability map is produced that accentuates areas with a
high probability of being affected by ILD. If abnormality annotations (a reference
standard) for this image are available, the outcome of the system can be verified.
Figure 4.1: Flow chart of the CAD system. (A) Training phase. (B) Testing phase.

A.

Data collection
and annotation

Extraction of features

Training

Trained
CAD

B.

New image

4.2.2

Extraction of features
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Post-processing

Clinical outcome/
Verification

Data set

For the study presented here we collected a number of digital posterior-anterior
(PA) chest radiographs from the Picture Archiving and Communication System
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(PACS) of University Medical Center Utrecht, the Netherlands. These images
were acquired in a daily clinical practice between 2004 and 2006. Direct radiography units (Digital Diagnost, Philips Medical Systems) with a cesium iodine
scintillator, a matrix of 3000 × 3000 pixel and 0.143 mm pixel size were used for
acquisition. Images were exported to the PACS with 15 bits data depth. The
PACS provides a single point of entry for all images and their associated data
related to the same patient. In this study, patient data was treated in accordance
with the Declaration of Helsinki. All patients registered in this system between
2004 and 2006 were considered, and among them chest radiographs were selected
based on two criteria.
Firstly, for a patient with a chest radiograph, a multislice chest CT scan,
which was taken within one month before or after the x-ray examination, was
also required. This time interval was chosen by an expert radiologist since the
majority of interstitial diseases are known to progress rather slowly.
Secondly, for an x-ray to be classed as normal, radiological reports associated
with both images (x-ray and CT) were required to clearly indicate healthy lungs.
For an x-ray to be classed as abnormal, either both reports or the CT report were
required to refer to ILD or describe textures typical for ILD.
All CT images selected for the study were acquired on one of several multislice scanners (Philips Medical Systems, the Netherlands), namely, Brilliance-16P,
Brilliance-40, Brilliance-64 and Mx8000 IDT 16, with standard parameters for
high-resolution volumetric CT scanning. Collimation varied between 0.625 mm
(40- and 64-slice scanners) and 0.75 mm (16-slice). Images of 0.9 mm thickness
(40- and 64-slice) or 1 mm thickness (16-slice) were reconstructed every 0.7 mm.
Exposure settings were 120 kVp and between 100 and 170 mAs, depending on a
scanner and patient size.
Normal and abnormal radiographs, selected in this manner, together with accompanying CT scans were subsequently examined by an expert chest radiologist
(MP, the second author, with more than 15 years of experience) who decided
whether a chest x-ray and the corresponding multislice CT scan were normal (not
containing interstitial abnormalities) or abnormal (containing signs of ILD), and
whether the extent of abnormality was similar in both modalities. We included
in the study the following types of chronic interstitial abnormalities:
- focal pulmonary opacities,
- diffuse interstitial reticular or linear changes,
- diffuse nodular changes,
- diffuse changes with increased parenchymal density,
- pulmonary diseases with cystic changes.
Diffuse lung changes with decreased density were excluded.
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From the initially selected 50 cases 6 cases were excluded by the radiologist.
They were excluded either because of an unclear diagnosis (the radiologist did not
agree with the reported presence of ILD) or owing to a varying amount of disease
manifestation on the CT scan and radiograph. The final set of abnormal images
contained 44 cases. The average patient age was 58 (range 26–87 years, standard
deviation 15 years). There is a higher prevalence of ILD in older patients. The
gender distribution of patients was 21 males and 23 females.
After delineation of pathology in the abnormal images, 8 normal radiographs
were added to balance the total quantity of normal and abnormal tissue in the
data. There were 4 males and 4 females, with an average age of 46 (range 20–81
years, standard deviation 19 years).

4.2.3

Reference standard

A multislice CT scan accompanying each chest radiograph is not only used to
confirm a diagnosis but also to set up a reference standard on the corresponding
radiograph. Thin section width and overlapping image reconstruction of multislice CT result in good quality 2D image reformations in all directions. Moreover,
such a 2D view is non-superimposed and has excellent contrast resolution. In
Figure 4.2, a one-voxel thick coronal plane of a CT scan (Figure 4.2a) is compared with a PA chest radiograph of the same patient (Figure 4.2c). Note that
pathological areas stand out much clearer against the background lung tissue on
the CT slice than on the radiograph. Manual, and even automatic (e.g. in [88]),
segmentation of interstitial abnormalities on CT slices is feasible whereas definite
borders between pathological and normal lung tissue in conventional radiographs
can barely be found. This point is clearly illustrated in Figure 4.2.
The proposed method uses CT data as a superior gold standard and is based on
delineation of abnormalities on coronal CT sections (the same orientation as the
conventional chest radiograph) which are then transferred to the corresponding
radiograph. Thus we circumvent the inability to segment abnormalities directly
in radiographs.
Note that the annotation of radiographs with use of CT scans of the same
patients happens during the collection of training data in order to obtain a set
of well-annotated radiographs that can be used to train a CAD system. Once
the CAD system is trained the analysis of a new radiograph does not require a
supporting CT scan. For the test data we used the same method to establish a
reliable reference standard in order to evaluate the system performance.
For each pair of an abnormal x-ray and a CT scan, interstitial abnormalities
were manually delineated by the expert chest radiologist (MP) with a dedicated
computer program built for this study. Delineations were performed on single, 0.7
mm thick coronal slices selected at every 10 mm. In order to translate delineations
to an x-ray a mapping function is established between a coronal projection from
the CT volume and the x-ray. The coronal projection is obtained for this purpose by averaging CT numbers in the coronal direction. In this way the coronal
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(a) A lesion delineation on a coronal CT
slice.

4.2. Materials and Methods

(b) Its corresponding position on the coronal
CT projection.

Figure 4.2: An example of an interstitial lesion delineation. The borders between
normal and abnormal texture are clearly visible on a CT slice (a) in contrast to an
indistinct border on an x-ray (c). In order to segment all abnormal areas on an x-ray,
several delineations have to be made on different CT slices that will combine into one or
more lesion delineations on an x-ray.

4.2. Materials and Methods

(c) The result of mapping the lesions outlined
on (a) and (b) to an x-ray of the same patient.
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(d) A final abnormality delineation. Colors
of outlines indicate zones of different abnormality subtlety. Red corresponds to obviously
abnormal areas, pink - to relatively abnormal
ones, while cyan and blue denote subtle and
very subtle abnormalities.

Figure 4.2: continued. A combined projection of all lesion delineations made on CT
slices is mapped onto an x-ray (in (d)). An abnormality segmentation obtained in this
way is divided into areas of different abnormality subtlety. The lung field is outlined in
white. Areas lying within abnormality delineations but outside the lung fields are not
considered in our system.
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projection approximates the radiograph (see Figure 4.2b). Deformation between
the CT projection and the radiograph is found using radial basis functions as
described in [57]. This method requires a set of known corresponding points (control points). The same radiologist who segmented abnormalities indicated several
(from 6 to 10, depending on the image) anatomically corresponding landmarks
in the radiograph and CT projection to be used as control points. The mapping
function is constructed based on the control points and applied to the vertices
of the abnormality outlines. As a result, the corresponding outlines in the radiograph are obtained (see Figure 4.2c). Their shapes can be corrected manually,
if deemed necessary. Superimposed outlines were replaced by their union. Usually, the final delineation of a lesion on the x-ray corresponds to a combination of
several delineations made on different CT slices.
The radiologist made no corrections to outlines transferred to the radiographs.
However, in 14 cases one or both lungs were completely affected by ILD, and per
slice delineations deemed unnecessary. In those cases the lung boundaries in a
radiograph were used to define an abnormal area. In 10 cases the final delineations
were slightly corrected for smoothness.
In Figure 4.2d an example of a final outcome of the described segmentation
procedure is presented. Additionally, the abnormal areas in each radiograph were
divided into areas of different abnormality subtlety of disease. This was done by
the same radiologist who also had defined the abnormality areas based on the
CT findings. For subtlety assigning no information from the CT scan was used.
The expert radiologist’s judgement was based on his visual assessment of the radiograph. Four levels of subtlety in detection of an interstitial abnormality are
recognized: a) obvious (detection of abnormality is easy); b) relatively obvious
(detection is relatively easy); c) subtle (detection is difficult); d) very subtle (detection is very difficult, almost impossible). These categories are further used to
evaluate the performance of the CAD system and human observers on areas that
differ in the visible amount of ILD signs.

4.2.4

Features

Segmentation
In order to analyze lung fields, they have to be segmented from the rest of the
radiograph. For this study the lung fields were delineated manually. In spite of
the existence and availability of automatic segmentation methods for PA chest
radiographs on the research site (e.g. see [25]), these supervised methods were
previously trained with digitized films and appeared to perform imperfectly when
applied to digital images.
Feature extraction
Since ILD mostly manifests itself in radiographs through a distortion of the normal
appearance of the lung texture, it is important to extract discriminative texture
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features. A powerful method for local texture analysis is filtering the image with
a multiscale filter bank of Gaussian derivatives and calculating the moments of
histograms from regions in the derived images. Using multiple scales allows us to
characterize texture elements of different sizes, and analysis of local histograms
considers the texture primitives regardless of their spacial distribution. This is
a general approach to texture characterization [72, 73]. The histogram moments
were successfully used for automatic detection of interstitial abnormalities in chest
radiographs in [66, 74], and by Sluimer et al. [75] for texture analysis in high
resolution thoracic CT.
In our work, prior to filtering the image, pixel values are mirrored with respect
to the lung borders. Namely, a pixel value outside the lungs is substituted for
its counterpart inside the lungs with the nearest pixel on the lung contour as a
center of symmetry. This step is taken to avoid a major distortion in the filter
output near the lung borders which is normally caused by a large difference in
appearance inside and outside the lungs. Next, the left lung is flipped to resemble
the right lung. Chest radiographs are filtered with Gaussian derivatives of orders
0, 1 and 2 at five scales, σ = 1, 2, 4, 8, 16.
1 − x2 +y2 2
– zero order Gaussian derivative
e 2σ
2πσ 2
Gx (x, y), Gy (x, y) – 1st order Gaussian derivatives

G(x, y) =
Gxx (x, y),

Gxy (x, y),

Gyy (x, y)

–

2nd order Gaussian derivatives

Four central moments of the pixel intensity distribution, namely, the mean,
standard deviation, skewness and kurtosis are calculated from a circular neighborhood of selected pixels (pixels of interest, POIs). These are pixels lying on a
10x10 grid within the lung fields. The features are computed from all the filtered
images and from the original image. The radius of the neighborhood is chosen to
be 128 pixels for the final system setup. Other radii (64, 96 and 160) appeared
slightly less successful in pilot classification experiments. The chosen radius also
approximates the sizes of regions in [76]. Unlike [76], in this work the local analysis is performed on automatically selected regions that covered the lung fields
completely. Two position features are added to the feature set, namely, the x and
y coordinates of the POI relative to the center of mass of the lung containing it.
The position features are scaled to have unit standard deviation per image. In
total, 126 features are extracted for each POI.

4.2.5

Classification

In the next step a soft classification of POIs is performed in the feature space.
Prior to classification, features are normalized. In a training set, each feature is
translated and scaled to have zero mean and unit standard deviation. Then the
same normalization parameters are applied to feature vectors of test samples.
A supervised classification method is used, which means that a classification
function (a classifier) is first trained on labeled samples from both normal and
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abnormal classes. There is a wide choice of classifiers available in the literature
with no superior learning method overall (e.g. see [23] or [24]). The type of problem and prior knowledge determine which classifier provides a better performance.
Since no prior knowledge was available we evaluated and compared several different classifiers. For convenience, we restricted ourselves to four different types
of classifiers, namely, linear discriminant analysis (LDA), quadratic discriminant
analysis (QDA), a k -nearest-neighbors classifier (k -NN), and a support vector
machine (SVM).
Both LDA and QDA assume Gaussian distributions for the samples of each
class. The LDA additionally assumes equal covariance matrices for each distribution. The k -NN is a non-parametric classifier, with a free parameter k that
has to be found empirically. In the k -NN rule, the posterior probability for each
of the classes is estimated by the fraction of training samples among the k nearest neighbors of a test sample that belong to that class. In this work, the fast
implementation of the k -NN classifier by Arya and Mount [89] was used.
The SVM is a family of classifiers that has gained popularity in recent years. In
the case of an ideal linear separability of a training set the SVM finds an optimal
discriminative plane by maximizing the margin between the nearest samples, also
known as support vectors, of both classes. For linear non-separable data, the plane
found by the SVM is a tradeoff, controlled by a penalty parameter, between the
classification error on the training set and margin maximization. A useful feature
of the SVM is that this method can be kernelized if linear discriminants are
not appropriate for a given data set. By mapping original feature vectors into a
higher-dimensional feature space and solving an SVM optimization problem there,
a highly nonlinear classification function can be obtained in the original feature
space. The success of the SVM for a particular classification problem depends on
a correctly estimated penalty parameter and a suitable kernel function. For the
SVM implementation, the LIBSVM library was used [53].

4.2.6

Post-processing

The classification of an image results in the estimation of posterior probabilities
for POIs. To convert this into a probability map we compute new pixel posterior
probabilities by averaging posterior probabilities of neighboring POIs. For each
pixel i in the lungs, including a POI, its posterior probability pi is calculated as
pi =

1 X c
pr ,
NR i
r∈Ri

where Ri is a neighborhood of i, pcr is an estimated by a soft classification posterior
probability in a POI r, r ∈ Ri , and NRi is the number of all POIs lying in the
neighborhood Ri . The neighborhood is defined in the same way as the one used
to calculate the features.
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Experiments
Cross validation

All experiments were performed by cross validation. We randomly divided 52 images into four folds, with the condition that normal images and images containing
abnormalities were equally spread among the folds (2 normal and 11 pathological
radiographs in each fold). The CAD system made 4 iterations. In each iteration
a different fold was used as the test set and three other folds together as the
training set. This setup guaranteed the optimal use of the available data, as well
as an unbiased evaluation, because at no time did training and test sets contain
samples originating from the same images.

4.3.2

Generation of training set

As mentioned in section 4.2.3, interstitial lesions were divided into four different
categories of abnormality subtlety. A straightforward approach would be to use
samples from all four categories to train the CAD system. However pilot experiments showed that this approach would not give the best possible performance.
The best performance was achieved when the system was trained with normal
samples taken from both normal images and images containing ILD lesions, and
abnormal samples from the ‘obvious’ category. Approximately the same performance was reached when the abnormal class was represented by samples from
both ‘obvious’ and ‘relatively obvious’ categories. Adding samples with less pronounced abnormalities worsened performance. Therefore all results in this paper
were obtained with training sets that contained only normal and obviously abnormal samples. Approximately half of the normal samples in the training set in
each fold came from normal training images, and the other half came from normal
parts of abnormal training images. Note that for the evaluation of the system no
selection of test samples was made. Normal samples from images containing some
abnormality were included in the training set only if they were calculated from
neighborhoods that did not overlap with any outlined lesions.

4.3.3

Choice of system parameters

The k -NN and SVM classifiers require some parameter tuning. For the k -NN, the
parameter k = 39 was chosen experimentally, with negligible differences in the
system performance for the whole range of k between 25 and 45. For the SVM,
we considered the radial basis function (RBF) kernel. The SVM requires a long
tuning and training time, therefore the number of samples in the training set was
reduced by random sub-sampling. The penalty and kernel parameters were found
using a five-fold cross validation grid search on the training set.
No feature selection was applied in the final experimental setup. In pilot
experiments we found out that the system did not gain in performance when run
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with a subset of features selected by the standard approaches, like Sequential
Forward Search and Sequential Backward Search.

4.3.4

Evaluation

The evaluation of pixel classification was done by means of the receiver operating
characteristic (ROC) analysis [29]. The ROC curve plots the sensitivity against
1-specificity of a system at varying confidence thresholds. Az , the area under an
ROC curve, was used as a classification performance measure. Outcomes of all
iterations of the cross validation were analyzed together yielding a single ROC
curve that estimated an overall system performance.
An individual ROC curve was computed at each of four levels of subtlety,
with abnormal samples of that subtlety level as positives and all normal samples
as negatives. Such analysis may yield better understanding of the relationship
between the abnormality subtlety and the detection abilities of the system or
humans. Additionally, a generalized ROC curve was calculated that considered
all abnormal samples together as positives.

4.3.5

Observer study

An observer study was performed that closely resembles usual clinical routine.
Each lung field was automatically divided into 4 equal-sized regions (see Figure 4.3), altogether 8 regions per radiograph. The observers were asked to diagnose each region separately, stating whether it contained any interstitial abnormalities.
The division did not accurately correspond to any anatomical landmarks but
was guided by the notion that the top, perihilum, middle periphery and bottom of
a normal lung field exhibit different textural patterns. According to our division
algorithm, the region around hilum (perihilum) included lung pixels overlapping
with a circle placed at the lungs’ center of mass. The radius of the circle was
separately chosen for the left and right lung, such that the overlap covered one
quarter of the pixels of that lung. The rest of the lung field was horizontally
divided into three equal-sized parts – the top, middle and bottom regions.
The observers assessed regions using the discrete scale of grades from 1 to
5, where 1 corresponded to ‘normal’ (a region looked completely normal, or the
amount of ILD was negligible, i.e. less than 10% of the region area ) and 5
to ‘obviously abnormal’ (more than 10% of the region area clearly contained
interstitial abnormalities ). The grades 2, 3 and 4 corresponded to intermediate
levels of observers’ certainty whether a region contained interstitial abnormalities.
The 10% threshold was a subjective choice of the expert chest radiologist (MP).
According to his experience, setting a lower threshold would cause a large interobserver variability.
In order to compare the human performance with the CAD system, region
scores for the system were computed from the probability maps by averaging
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Figure 4.3: An example of the lung fields automatically divided in eight regions for the
observer study. The regions are: (1) and (5) - top; (2) and (6) - middle periphery; (3)
and (7) - bottom; (4) and (8) - perihilum.

posterior probabilities within each region. The reference standard was also converted into region labels. A label for each region was determined based on the
total amount of abnormal tissue present in that region. If less than 10% of the
region area fell within any abnormality outline then the region was considered
normal. Otherwise the region was considered abnormal. Similarly to the pixel
classification, a subtlety category was assigned to the region in order to evaluate
the system performance on regions of different complexity. Such a category was
assigned in accordance with the most frequent subtlety type in the region. For
example, if the majority of abnormal pixels in the region had been previously
ranked as ‘subtle’ than the region received the label ‘subtle’. The quantitative
distribution of regions among the normal class and different abnormality subtlety
categories is shown in Table 4.1.
With the reference standard obtained for each region ROC analysis becomes
possible. It is performed at each of four levels of abnormality subtlety, similarly
to the evaluation of pixel classification. Four ROC curves are computed, each
considering a subset of abnormal regions that have a certain subtlety level as
positives, and all normal regions as negatives. Thus, a number of false positives is
the same for each of the curves, while a number of false negatives vary depending
on which subset of abnormal images is considered. An overall ROC curve was
also calculated considering regions of any abnormality subtlety as positives.
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Table 4.1: The numbers of normal regions and regions of different abnormality subtlety
is presented in the first column. A distribution limited to peripheral regions only is
presented in the second column.
Abnormality
subtlety

All regions

Excluding
perihilum

Normal
Obvious
Relatively Obvious
Subtle
Very Subtle

117
119
79
75
26

91
74
60
62
25

All categories

416

312

Table 4.2: CAD performances for different classifiers in terms of the area under the
ROC curve. The performance is estimated separately for different abnormality subtleties
vs. normal class, as well as for all abnormality types together vs. normal class.

4.4

Classifier

Abnormality
subtlety

LDA

QDA

k NN

SVM

Obvious
Relatively Obvious
Subtle
Very Subtle

0.90
0.77
0.65
0.58

0.84
0.71
0.61
0.52

0.88
0.73
0.62
0.55

0.90
0.77
0.66
0.59

All categories

0.78

0.73

0.76

0.78

Results

For the pixel classification, the CAD system was trained and tested with each of
four classifiers described in section 4.2.5. The values of Az for different classifiers
and different levels of abnormality subtlety are listed in Table 4.2. It is shown
that the CAD outcomes are comparable for the LDA and SVM. Both classifiers
outperform the QDA and k-NN. Further on in this paper we refer only to the
system that uses the LDA, because the LDA is a simpler classifier than SVM.
ROC curves measuring the performance of the system with the LDA are plotted
in Figure 4.4. The curves are clearly distinguished for the different degrees of the
abnormality subtlety.

4.4.1

Probability maps

The output of the CAD system is a probability map that assigns to each pixel
in the lung fields a probability p to being abnormal, 0 ≤ p ≤ 1. For each of 52
radiographs in the data set such a map has been generated by the system. The
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Figure 4.4: ROC curves for the evaluation of pixel classification using the linear discriminant analysis. Curves are plotted for different abnormality subtleties vs. normal
class.
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map is visualized as a color-coded overlay, where a certain color corresponds to
a articular probability range. In Figure 4.5 examples of normal and abnormal
radiographs and their probability maps are shown. The color-coded overlays in
all maps are thresholded i.e. pixels within the lung fields that have been assigned
a posterior probability lower than a threshold value p = 0.15 stay transparent.
After sorting probability maps according to their mean probabilities, separately
for normal and abnormal images, three examples from each image class have been
randomly chosen from the lower, middle and upper parts of the mean probability
range. Figures 4.5a, 4.5f and 4.5e are the examples of one normal and two abnormal radiographs for which the system output matches the reference standard
well. In Figure 4.5d the findings of the system are misplaced, and the opacity in
the bottom of the left lung is not found. The probability maps in Figures 4.5b
and 4.5c demonstrate the most common mistake that the system makes, namely,
misclassification of the perihilar regions.

4.4.2

CAD performance compared to human observers

We compared the system performance at region level to the performance of two
human observers. One observer was an experienced chest radiologist (CSP, more
than 15 years of experience) and one was a chest radiologist in training (PdJ).
They were not involved in setting the reference standard for the data in this study.
The observers were presented the same set of 52 posterior-anterior chest radiographs. Normal and abnormal images were shuffled and presented in no particular
order. The observers reviewed the radiographs using dedicated medical displays
(Barco Medical Imaging Systems, Belgium), namely, MFGD 3220D (3MP, 10-bit,
2048 × 1536 native resolution), comparable to displays they would normally use
in their clinical practice.
The values of Az for both observers and the CAD system are presented in
Table 4.3. The results listed in the first three columns were obtained from the
evaluation of all eight lung subdivisions. In the last three columns the corresponding performances are shown for the case when the perihilar regions in each radiograph were excluded from evaluation. The statistical analysis described in [90]
was applied to compare Az of the system with that of each of the observers.
The last row of the Table 4.3) demonstrates that both observers and the
system performed not significantly different in distinguishing abnormal regions
from normal ones when the perihilar regions were excluded from evaluation. It is
also shown that the poorer performance on the perihilar regions caused the system
to be significantly worse (P < 0.05) than the human observers. The humans were
significantly better (P < 0.01) with slightly abnormal regions throughout lungs,
but this difference became smaller when only peripheral regions were considered
– the second observer still performed significantly better (P < 0.05) than the
system, while the difference between the system and the first observer became
insignificant. Statistical analysis for very slightly abnormal regions did not show
any significant differences in performance. The latter may be attributed to a

4.4. Results

73

(a) A normal radiograph that the system considered overall normal (mean probability 0.05, 98%
percentile value 0.19).

(b) A normal radiograph where the system found some suspicious areas (mean probability 0.25,
98% percentile value 0.70).
0.05

0.15

0.25

0.35

0.45

0.55

0.65

0.75

0.85

0.95

1

Figure 4.5: The examples of chest radiographs and corresponding probability maps
produced by the CAD system. The left column depicts an original radiograph, with a
reference standard for abnormal images. Lung contours are outlined in white. In the
probability maps (the right column) only pixels with a posterior probability p > 0.15 are
shown for convenience. The color bar explains the correspondence between probability
ranges and colors.
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(c) A normal radiograph where the system found more abnormalities and some acutely abnormal
areas (mean probability 0.32, 98% percentile value 0.91).

(d) An abnormal radiograph where the system did not find any prominent abnormalities (mean
probability 0.14, 98% percentile value 0.52).
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Figure 4.5: continued.
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(e) An abnormal radiograph that the system found very abnormal overall (mean probability
0.90, 98% percentile value 0.99).

(f ) An abnormal radiograph that the system considered partially abnormal, with some spots
receiving high probabilities of being abnormal (mean probability 0.51, 98% percentile value 0.94).
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Figure 4.5: continued.
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Table 4.3: Performance on regions in terms of the area under the ROC curve. The 1st
observer (O1) is an expert chest radiologist, the 2nd observer (O2) is a chest radiologist
in training. The performance is estimated separately for different levels of abnormality
subtlety vs. normal class, as well as for all abnormality types together vs. normal class.
Significantly different human performances are marked with an asterisk (a two-tailed
test, at significance level of 5%) or a double asterisk (at significance level of 1%).
All regions

Excluding
perihilum

Abnormality
subtlety

CAD

O1

O2

CAD

O1

O2

Obvious
Relatively obvious
Subtle
Very subtle

0.92
0.81
0.67
0.67

0.93
0.85
0.80∗∗
0.76

0.94
0.86
0.81∗∗
0.71

0.96
0.87
0.73
0.74

0.96
0.87
0.83
0.78

0.96
0.88
0.85∗
0.69

All categories

0.80

0.86∗

0.87∗

0.85

0.88

0.88

low sample size of very slightly abnormal regions (see Table 4.1). Moreover, the
second observer appeared to perform worse than the system when the perihilar
regions were excluded. There were no significant differences in AUC values with
obviously and relatively obviously abnormal regions.

4.5

Discussion

We undertook this work in order to provide radiologists with a tool assisting them
with the task of finding textural abnormalities in conventional chest radiographs.
The complexity of the task of differentiation between normal lung tissue and areas
affected by ILD is well illustrated in Figures 4.5 and 4.6.
After training with the annotated data our system assigned a probability to be
abnormal to each pixel within the lung fields on the radiograph. The ROC analysis
showed that pixel classification results were not reliable for subtle and very subtle
areas of abnormality (in Figure 4.4). One of possible reasons for that is the
informatively superior nature of our reference standard which was obtained with
use of CT known to be a more descriptive modality than conventional radiography.
This reason is supported by our pilot experiments mentioned in section 4.3.2, when
adding subtly and very subtly abnormal pixels to the training set worsened the
system performance.
In future, an additional investigation should be undertaken to identify more
power features to cope with subtle textural differences. Furthermore, the use of a
larger training database might improve the classification of subtle abnormalities.
However, one should not be discouraged by the low system performance on
very subtle abnormalities. The overall classification result was not bad (Az =
0.78) taken into account the superior reference standard. And the pixel probability
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Figure 4.6: Examples of regions where the CAD system and (one of ) the observers
disagreed, and either the system or an observer misclassified the region. On the left and
right, regions with interstitial abnormalities are shown, the region shown in the middle
is normal. The CAD system was correct about the regions on the left and in the middle
and missed an abnormality in the region on the right.

maps are still useful as graphic presentations of the output of the system, even
if lesions are only partly found. Such maps give a general idea where, according
to the system, abnormalities are situated, and can be conveniently consulted by
radiologists as the second opinion.
Averaging posterior probabilities over regions improved the system classification performance (in Table 4.3) and made possible a comparison with human
observers. Not only the CAD system but also the observers quite often interpreted radiological findings erroneously as it is seen from Table 4.3. Still, both
our observers performed significantly better than CAD on the subtle abnormalities. However, CAD was comparable or even better than the human observers
on the very subtle lesions (when the perihilum was excluded), and also on the
relatively obvious and obvious lesions. Moreover, the system and the observers
relatively often made complementary mistakes, which means some regions were
correctly classified by the CAD system and misclassified by one or both observers,
and vise versa. This point is illustrated in Figure 4.6, which shows examples of
regions where the CAD output and the human opinion disagreed. It implies that
even the output from an imperfect system might be used by a radiologist as an
advisory vote, as long as the radiologist understands its limitations.
Evaluation of the utility of our probability maps or regions scores in improving
the detection performance of humans is a pertinent continuation of this study.
The performance evaluation for different regions and different degrees of abnormality subtlety would be impossible without the local reference standard. Our
system uses a new method to obtain a superior reference standard for the estimation of the position and extension of interstitial lesions in the lung fields. It
is a semi-automatic method that involves manual segmentations on CT sections.
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Although the manual delineation of abnormalities on thin CT sections is more
reliable than that on conventional radiographs, it still introduces inherent subjectivity into the pixel-based reference standard, especially near the boundaries
of abnormal areas. We hypothesize that differences in segmentation, when performed by different radiologists, might be averaged out to a large extent in the
final projection on to the radiograph. However, it is an open question how strong
the influence of the manual part of our method could be on the system output.
We leave this analysis for future research. One possible extension of our method
is an automatic segmentation of lesions on CT sections. The starting point for
that could be, for example, a method proposed in [88] that generates regions
containing homogeneous texture.
Another potential source of inaccuracies in the reference standard is the mapping function which might introduce errors while transferring abnormality outlines
from a CT projection to a corresponding radiograph. We ensured the minimization of such errors by providing an auxiliary tool that enabled a radiologist to test
the accuracy of matching between two images preliminary to performing segmentations. Based on the visual correspondence of test shapes, control points could
be moved or added until a visually satisfactory matching was obtained. The fact
that only a limited number of corrections were made to the obtained outlines
suggests that errors possibly introduced by the mapping function were limited.
The system demonstrated in this paper yields promising results but has considerable room for improvement in the perihilar regions of the lungs. This is the
region where the bronchi and blood vessels enter the lung. It is a difficult area for
texture analysis not only because of its bright and pattern-rich manifestation but
also because its normal appearance has large individual variability. Moreover,
our database does not contain many images with healthy perihilum since ILD
frequently involves this area. Among 44 abnormal images only 5 had a normal
perihilum in one or both lungs. Taking into account that only 6 absolutely normal images were present in each training set we might conclude that the training
set may not be representative of normal varieties of the perihilum. Extension of
the database towards inclusion of more normal representatives of the perihilum
might improve the system performance even without further modification of the
underlying algorithm. In addition, when a radiologist makes a decision as to
whether a perihilum looks normal or not, he or she pays attention to its size and
shape features along with the textural signs of abnormality. Perhaps, perihilum
classification should become a separate component of an automated system and
include perihilar shape and size analysis as well.

4.6

Conclusion

In this paper a computer-aided diagnosis system was presented for the task of the
detection and localization of interstitial abnormalities in chest radiographs. The
system was built using a supervised pattern recognition approach. As an output,
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the system produced a map of posterior probabilities, where each pixel inside the
lung fields received a probability of being abnormal.
We collected and annotated a unique database of digital chest radiographs containing ILD abnormalities. A novel method was developed to define a reference
standard on the abnormal radiographs. This method utilized a computed tomography scan of the same patient and automatically translated manual delineations
of abnormalities made on a subset of thin coronal sections to the corresponding
radiograph.
Our CAD system employed local statistical features calculated from filtered
images. The filters were the first and second order Gaussian derivatives at multiple
scales. A linear discriminant classifier and support vector machine yielded the
best classification performances. The evaluation was done by means of ROC
analysis for different levels of abnormality subtlety. It was shown that the system
was considerably better in distinguishing obviously abnormal pixels from normal
ones than in distinguishing between very slightly abnormal and normal pixels.
This is likely due to an over-informative nature of the reference standard that we
compared our findings with.
The system performance was also compared with that of an expert radiologist
and a radiologist in training. The system was shown to perform significantly
worse than both observers on slightly abnormal regions and all abnormalities
together, with no significant differences in the detection of obviously, relatively
obviously and very slightly abnormal regions. Moreover, the system was shown
to approach the human performance in the detection of abnormalities when the
perihilar regions were excluded from evaluation.

Chapter 5
Estimation of progression of interstitial lung
disease in computed tomography images
Y. Arzhaeva, M. Prokop, K. Murphy, E.M. van Rikxoort, P.A. de Jong, H.A. Gietema, M.A. Viergever and B. van Ginneken, “Automated estimation of progression of interstitial lung disease in CT images”, submitted.

Abstract
A system is presented for automated estimation of progression of interstitial lung
disease in serial thoracic CT scans. The system compares corresponding 2D axial sections from baseline and follow-up scans and concludes whether this pair
of sections represents regression, progression or unchanged disease status. The
correspondence between serial CT scans is achieved by intra-patient volumetric
image registration. The system classification function is trained with two different feature sets. Features in the first set represent the intensity distribution of a
difference image between the baseline and follow-up CT sections. Features in the
second set represent dissimilarities computed between the baseline and follow-up
images filtered with a bank of general purpose texture filters. The performance of
our system is compared with that of two radiologists. In an experiment on 74 scan
pairs, the performance of the system using either feature set is shown not to be
significantly different from the performance of either observer using McNemar’s
test. In terms of accuracy, system performance is 76.1% and 79.5% for the two
feature sets, respectively, while the accuracy of the observers is 78.5% and 82%,
respectively.
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5.1. Introduction

Introduction

Interstitial lung disease (ILD) is a chronic inflammation of the lung parenchyma,
encompassing over 150 specific disorders causing significant morbidity and mortality [1, 80]. In recent years, computed tomography (CT) has obtained a central
role in the diagnostics of ILD [78, 91]. ILD manifests itself in CT images as a
variety of abnormal patterns in the lung parenchyma. Clinical estimation of disease progression is based on monitoring changes in those patterns, along with the
results of physiologic tests. A change in the visual extent of disease over time is
an important marker of response to therapy and a predictor of mortality. In this
work, we propose an automated system for assessment of interval changes in ILD
based on quantitative measurements in serial CT images.
Clinical literature conventionally agrees that an increase in the overall extent of
parenchymal abnormalities is associated with disease progression, and a decrease
with disease regression. Disease extent is estimated visually by a radiologist.
Although highly specialized chest radiologists show moderate agreement, most
CT scans with ILD are interpreted by general radiologists who might provide
less reproducible and accurate results. With the introduction of multidetector
CT that allows one to obtain near volumetric CT scans, the amount of image
data a radiologist has to go through in order to compare two scans, has increased
considerably. This makes the observational estimation of disease progression a
time-consuming task. A recent study [92] showed that the time required to assess
ILD changes in a scan pair was on average 123 s and 79 s for a pair of non-aligned
and aligned CT scans, respectively. The same study reported a fairly low intraand interobserver agreement (Fleiss’ κ = 0.54 and 0.58 for non-aligned and aligned
pairs, respectively). Therefore, the automation of ILD progression assessment is
a valuable clinical application that can offer reproducible and fast estimates of
disease changes.
One possible approach to automation would be the automated estimation of
the overall extent of parenchymal abnormalities computed as the accumulated
extent of different abnormal patterns. Recently, considerable advances have been
made by the medical computer vision community in the field of texture classification in lung CT. In high resolution CT, regions of interest from 2D axial sections
were automatically classified into several texture categories representative of ILD
(see Refs. [88, 93], and Ref. [17] for a review). Automatic classification of 3D
volumes of interest (VOI) from multidetector CT scans showed a very good reproducibility of the reference standard set by expert radiologists [94, 95]. There
is a gap, however, between classification of independent regions and estimation of
disease extent in the whole scan or an axial section.
Not many attempts to bridge this gap have been made so far. Ref. [88] addressed the question whether a given CT section contained a certain abnormal
pattern. In [95], four complete lung volumes were manually annotated, and these
annotations were compared with the output of an automated classification system that classified every small VOI in the lungs into four texture categories. The
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last study showed statistically that the computer system agreed with the experts
as well as the experts agreed between themselves in labeling these four subjects.
To our knowledge, no work has been published that directly uses the results of
automated texture classification in the estimation of change in overall disease
extent.
It should be noted, that no reliable reference standard yet exists for training
a texture classification system. Present systems are trained on a single expert’s
annotations, or annotations obtained by the consensus of a panel of experts.
Making such annotations is a laborious and time-consuming task and leads to
high intra- and interobserver variability [88, 17].
Reproducible quantitative CT measures have been investigated in studies directly related to the estimation of ILD progression in serial CT scans. In [96]
and [97] simple statistical features were computed to characterize the distribution
of intensities of the lung volume: mean lung attenuation, skewness and kurtosis
in [97] and variance, contrast and entropy in [96]. Best et al [97] showed that
all three features changed significantly in patients with deteriorated idiopathic
pulmonary fibrosis (a clinical syndrome often associated with ILD). Sumikawa et
al [96] demonstrated significant differences in measurements in thirteen cases of
non-specific interstitial pneumonia (a common subtype of ILD) before and after
treatment.
Our study is the first attempt to automatically assess ILD progression in
a patient using quantitative measurements from a pair of CT scans. Disease
progression is estimated separately in the lower, middle and upper parts of the
lungs. To this end, a pair of corresponding axial sections is analyzed in each
part of the baseline and follow-up scans. Alignment of two scans is an important
preprocessing step that enables the retrieval of matching sections. Our system,
applied to a pair of CT sections, yields an opinion whether the second image in
the pair corresponds to a higher, lower, or equivalent extent of disease compared
to the first image.
Two sets of quantitative features are investigated for use with an automated
analysis. The first set includes statistical features which describe the intensity distribution of the difference image computed between corresponding baseline and
follow-up CT sections. For the second set, we derive new dissimilarity features
from local texture features that were previously shown to be able to characterize different abnormal patterns associated with ILD [75, 88]. The dissimilarities
between individual texture features are used to directly estimate the difference
between two images, thereby skipping classification of the lung parenchyma into
different abnormal categories. In this way, we avoid the laborious and unreliable
step of obtaining manual annotations for training a texture classification system.
This paper is organized as follows. A data set used for training and validation
of the system is described in Section 5.2. Section 5.3 gives the system overview
and details each part. Section 5.4 describes the experimental setup and observer
study. The results are presented in Section 5.5 and discussed in Section 5.6.
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5.2.1

5.2. Materials

Materials
Data set

Seventy-five pairs of baseline and follow-up thoracic CT scans of patients with
histologically proven ILD were collected from daily clinical practices of the University Medical Center Utrecht (21 pairs) and St. Antonius Hospital Nieuwegein
(54 pairs), The Netherlands, between 2003 and 2007. Types of ILD included
sarcoidosis, idiopathic interstitial pneumonias, and various immune and autoimmune disorders. All patients that underwent more than one CT examination in
the given period of time and had a confirmed ILD diagnosis were included in
the study except for those whose scans exhibited severe motion artifacts. The
time span between the baseline and follow-up scans varied from one month to two
years. The data set comprised 40 male and 35 female patients, with a mean age
of 53 years (range: 25–77 years) at the time of a baseline scan.
Images were obtained at full inspiration on a multi-detector row scanner
(Brilliance-16P, Mx8000 IDT 16, Brilliance-40, or Brilliance-64, Philips Medical Systems, the Netherlands), with standard or low-dose parameters for highresolution volumetric CT scanning. Collimation varied between 0.625 mm (40and 64-slice scanners) and 0.75 mm (16-slice). Slices of 0.9 mm thickness (40and 64-slice) or 1 mm thickness (16-slice) were reconstructed every 0.7 mm at
the University Medical Center Utrecht. Slice thickness and spacing were 0.8 mm
(16-slice) in the St. Antonius Hospital Nieuwegein. Exposure settings ranged between 15 and 180 mAs, with 120 or 140 kVp. All images had a per-slice resolution
of 512 × 512, with pixel spacing in the X and Y directions varying from 0.3 mm
to 0.8 mm.

5.2.2

Reference standard

Three axial sections used in the assessment of ILD progression were manually
extracted from the baseline scan at the approximate distance of 2 cm above the
carina (the upper part of the lungs), 2 cm below the carina (the mid part),
and at 1 cm above the diaphragm (the lower part). The sequential numbers
of extracted sections in the whole scan were noted. Then, three sections with
the same sequential numbers were taken from the follow-up scan. Due to the
previously executed image registration, the sections taken from the follow-up scan
were at the same level of anatomy as the sections extracted from the baseline scan.
Corresponding pairs of CT sections were annotated by an expert chest radiologist with more than 15 years of experience. In a side-by-side comparison,
the expert classified a change in disease extent in the follow-up sections. There
were eight classification categories - massive decrease (disease extent reduction >
50%), moderate decrease (10% to 50% reduction), minor decrease (2% to 10% reduction), stable (any change in the disease extent ≤ 2%), minor increase (disease
extent increase 2% to 10%), moderate increase (10% to 50% increase), massive
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increase (increase > 50%), or the expert could reject a pair altogether if the quality of one or both images was deemed insufficient. During the annotation process
the expert had access to full CT scans, before and after registration, as well as
to previous pertinent radiological reports. The expert was aware which of the
two scans was baseline - its sections were always projected on the left side of the
computer display.
The pairs were divided between the categories as follows: massive decrease
(27 pairs), moderate decrease (17), minor decrease (11), stable (105), minor increase (24), moderate increase (20), massive increase (1 pair). Twenty pairs of
CT sections were discarded by the expert because of motion artifacts, registration
misalignments, or a combination of both. Motion artifacts deform the appearance
of parenchyma and obscure the difference between normal and abnormal tissue
which prevents both human observers and a computerized analysis from correct interpretation. The misalignment of a patient’s baseline and follow-up scans makes
it impossible to extract corresponding slices in the two scans, which is a critical
step in our analysis. Often, motion artifacts or misalignments affected only a part
of the lungs and only sections from the affected parts were discarded. Among the
20 discarded pairs, however, 3 pairs were from the same patient, which reduced
the final number of participants in the study to 74. In total, there were 205 pairs
of CT sections included in the the study.
The “stable” category strongly prevails over any other category in the data
set, which is clinically realistic but unsuitable for training a CAD system. Such
an inequality in class sizes can make classification biased towards a class that is
better represented in the training set. In order to make the classification task
more feasible we grouped together massive, moderate and minor categories and
defined three classes, “regression”, “stable” and “progression”. Furthermore, we
randomly selected pairs from each category to swap the baseline and follow-up
images, and to change the pair label to its opposite (e.g., moderate decrease
to moderate increase), until we obtained the uniform distribution of massive,
moderate and minor categories in “regression” and “progression” classes. The
final distribution between the classes was as follows:
“regression” - included massive, moderate and minor decrease (51 pairs)
“stable” - as previously defined (105 pairs)
“progression” - included massive, moderate and minor increase (49 pairs)

5.3
5.3.1

Methods
System overview

The proposed automated analysis generally follows the typical design of a CAD
system. At first, images are preprocessed and useful discriminatory features are
computed from them. This is followed by an automated analysis of patterns
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described by computed features. The goal of the system is to assign a pattern
to the right class. The CAD system operates in two phases. In the training
phase, the system, equipped with a classification function, or a classifier, learns
the parameters of the classifier from a set of patterns which true classes are known.
In the testing phase, the trained classifier is applied to new, previously unseen
data. The system outputs either a class label or a probability for a pattern to
belong to a certain class.
The preprocessing step of our system included intra-patient registration of
thoracic CT scans and subsequent 3D segmentation of the lung fields. Then,
three corresponding sections from the upper, mid and lower thirds of the lungs
were extracted from the baseline and follow-up scans. We computed two different sets of features from pairs of CT sections. Each feature set characterized a
textural change between baseline and follow-up images. The first set of features
statistically described the intensity distribution of a difference image obtained by
subtracting the baseline image from the follow-up image. Features in the second
set are dissimilarities computed between the baseline and follow-up images filtered
with a bank of general purpose texture filters.
Two classification strategies were employed in the CAD system. In the first
strategy, a classifier used the intensity distribution features to differentiate between three possible categories of change: “regression”, “stable”, and “progression”. In the second strategy, a two-stage classification was employed. In the first
stage, image pairs were classified into “changed” and “stable” categories using the
dissimilarity-based features. Pairs, that were labeled as “changed”, were further
classified into “regression” or “progression” categories using the intensity distribution features. The CAD system, using either strategy, was evaluated by means
of accuracy and McNemar’s statistical test, and its performance was compared to
that of two human observers.

5.3.2

Registration

Prior to the extraction of corresponding axial sections, the baseline and follow-up
3D scans were aligned using a two-step registration procedure. The scan to be
deformed was selected randomly in each pair. First, the images were roughly
aligned using an affine transformation. This was followed by an elastic deformation that allows for non-rigid lung tissue alignment. The elastic deformation
was modeled by a B-spline grid [98]. During registration, a similarity between
two images is maximized. For this purpose, mutual information was used as the
cost function [99] in both steps. An iterative stochastic gradient descent optimizer [100] was applied. To avoid local minima, a multi-resolution approach was
adopted. The software package Elastix1 , version 3.90 was used.
Both registration steps involved a multi-resolution strategy using a Gaussian
image pyramid. For the initial affine transformation, four resolutions were used,
1 Elastix

can be downloaded from http://www.isi.uu.l/Elastix.
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and five resolutions were used for the non-rigid deformation. A maximum of 512
optimization iterations were performed in each resolution level during the affine
transformation. For the non-rigid deformation, the optimizer performed at most
512 iterations in the first four resolution levels, and 300 iterations in the last
resolution level. The B-spline grid spacing used in final resolution level was eight
voxels. Registration was performed on images down-sampled by a factor of two
in order to reduce the computation time. The acquired transformation was then
applied to the full resolution scan. The computation time required to register one
image pair was 10 minutes on average on a standard high-end PC, on a single core.
After registration, the two scans had the same dimensionality, with comparable
anatomy at the same level of sectioning.

5.3.3

Lung segmentation

The segmentation of the lung fields in 3D CT scans was initially performed by
an implementation of a conventional lung segmentation algorithm [26, 28]. This
fully automatic algorithm exploits a rule-based approach to find the trachea, from
which the bronchi and lungs are grown. After the trachea and main stem bronchi
have been removed from the grown lung region, the left and right lungs are labeled
using another set of rules, whereupon 3D hole filling and morphological closing
are applied to each lung field separately.
Although generally reliable and fast, this algorithm has limitations. Relying on
the assumption of contrast in attenuation between the lung parenchyma and the
surrounding tissue, it tends to under-segment the lung fields in scans containing
high density pathology (as often occurs with ILD). Occasionally, the algorithm
was not even able to find the trachea to start segmentation with. This happens
when the appearance of the trachea does not meet the assumptions made by the
algorithm.
Therefore a multi-atlas segmentation-by-registration approach (MAS) was applied to scans where the conventional approach failed. An atlas is an image with a
known segmentation, that is registered to a test image. Several studies have shown
MAS to be a powerful segmentation tool [101, 102]. MAS assumes that N atlases
are registered to an image at hand, resulting in N transformations from an atlas
to the target image. These transformations are then used to propagate the atlas
segmentation masks to the target image. The final segmentation of the target
is obtained by the pixel-wise majority voting, i.e. a voxel is assigned to the final
segmentation mask if it belongs to at least N/2 deformed atlas segmentations.
In the end, the lung segmentation masks of baseline and follow-up scans were
merged by the “union” operation, and the resulting mask was used in the subsequent computation of features.
The lung segmentation was also performed on down-sampled scans in our
study. The conventional lung segmentation method, that took on average 55 seconds per scan, failed in 28 cases out of 150. Five scans where the lungs were
successfully segmented by the conventional method served as atlases for MAS.
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Registration parameters for MAS were the same as for the intra-patient registration. Computation time for MAS was approximately 50 minutes per scan. It
should be noted that such time-consuming operations as intra-patient registration
and lung segmentation can be performed beforehand, e.g., simultaneously with
an image acquisition, thus, not compromising the computation time of the CAD
system.

5.3.4

Features from difference image

Progression of ILD is associated with the extension of abnormal patterns in a
scan. Abnormal patterns typically increase the opacity of lung parenchyma and
therefore lead to higher density values than normal parenchyma. This motivated
us to extract discriminatory features to describe interval changes in ILD from
the difference image between the aligned follow-up and baseline scans. With no
change in the disease state between the two images, this difference image should
not exhibit much intensity variation in the lung fields. Ideally, one would expect
the intensity histogram of the lung fields of the difference image to have a large
symmetrical peak around zero and a small standard deviation. If the disease state
has changed over time, we would expect a biased intensity histogram - towards
positive numbers in case of disease progression, and towards negative numbers in
case of regression. This is illustrated in Figure 5.1. In this figure, the difference
images corresponding to regression (Figure 5.1(a)) or progression (Figure 5.1(c))
show more darker or brighter regions, respectively, than the difference image of a
stable case (Figure 5.1(b)).
The difference image of the lung fields can be described statistically in a number of ways. We used four statistical features: three quartiles and the mean.
The three quartiles were the 25th percentile, the median and the 75th percentile.
Prior to computing the features, the difference image was filtered with the Gaussian filter at a scale of 2, in order to decrease spurious registration discrepancies
between the two images. The areas outside the lung fields were masked out and
were ignored in the computation of the features.

5.3.5

Dissimilarity-based features

Features that only consider overall parenchyma density changes simplify what
happens during development of ILD. Not only the amount but also the type of
abnormal patterns can change. For example, a typical sign of deterioration is
the substitution of ground glass opacities by fibrotic tissue [7]. Such changes in
patterns do not always result in an increase in parenchymal opacity. On the other
hand, there may always be density variation in the difference image with causes
unrelated to the progression of ILD, for example different levels of inspiration,
imperfect registration, different signal-to-noise ratios in the baseline and followup scans, etc. As a result, image pairs with subtle changes in abnormal patterns
are likely to be confused with “stable” image pairs with common disparities if
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(a) Regression

(b) Stable

(c) Progression

Figure 5.1: Examples of difference images and their intensity histograms. In each
row, from left to right: a pair of two corresponding registered CT sections of the same
patient taken at different moments of time; difference image obtained by subtracting the
first CT section from the second one; normalized histogram of the difference image. The
histogram was computed from the lung fields only, which are outlined in the difference
image. Prior to computing the histogram, the difference image was smoothed with a
Gaussian (σ = 2). Here the original difference images are shown.
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features extracted from them only characterize the distribution of intensities in
the difference image. Figure 5.2 shows three cases with a change in the extent of
ILD where the histograms of their difference images are very similar to the typical
histogram of a “stable” case. To better illustrate parenchymal changes related to
ILD, corresponding texture patches taken from the baseline and follow-up images
in Figures 5.2(a) and 5.2(b) are enlarged and presented in Figure 5.3.
Following these considerations, we propose to extract and compare the texture
contents of the images in order to describe interval changes in ILD. We start with
a number of texture features computed locally throughout the lung fields. Then,
the distribution of each feature is described by the histogram, separately in the
baseline and follow-up images. Finally, a measure of dissimilarity between the
two histograms of each texture feature is computed. In this way, a pair of images
is characterized by a vector of dissimilarities in texture. In the next subsection
we describe the utilized texture features, and, subsequently, we detail how the
dissimilarities were computed.
Local texture features
We used a set of general purpose texture features that have been previously applied to the classification of abnormal texture patterns in high resolution thoracic
CT [75, 88]. These features were four central statistical moments in eight filtered
versions of the original image, calculated on three scales. The eight filters were
the Gaussian, the Laplacian, the 1st order derivative of the Gaussian in three
orientations between 0 and π, and the 2nd order derivative of the Gaussian in the
same orientations. The scales σ were 0.5, 1 and 2 pixels. Prior to filtering the
image, pixel values in the lung fields were mirrored outside the lungs symmetrically with respect to the lung borders. This prevented a major distortion in the
filter output near the lung borders which is normally caused by a large difference
in appearance inside and outside the lungs. The first four moments, i.e., the
mean, standard deviation, skewness, and kurtosis, were calculated from multiple
regions of interest (ROIs), placed in the lung fields, in order to capture the local
texture information. We used an 8 by 8 pixel spacing to define the centers of
circular ROIs, each of which had a radius of 16 pixels. On average, there were
870 ROIs per image. In total, 96 features (8 filters × 3 scales × 4 moments) were
computed for each ROI.
Computation of dissimilarities
Each texture feature distribution was represented by a 64-bin normalized histogram, which resulted in 13-14 entries per bin, on average. The bin partitioning
was determined on a set of training images by computing the range of values for
each feature and splitting this into 64 equal intervals.
A number of comparison measures between two distributions have been proposed by the image retrieval community (see, for example, Ref. [69] for a review).
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(a) Regression

(b) Progression

(c) Progression

Figure 5.2: Image pairs with changes in ILD extent whose difference image intensity histograms are similar to that of a typical “stable” case. The corresponding square
patches of texture marked in (a) and (b), are enlarged and presented for comparison in
Figures 5.3(a) and 5.3(b) respectively.
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(a) Enlarged regions from Fig. 5.2(a)

(b) Enlarged regions from Fig. 5.2(b)

Figure 5.3: Corresponding patches of texture in the baseline and follow-up CT sections.
In (a), textural changes associated with ILD regression are shown (left to right), in (b) textural changes associated with ILD progression. These are examples of subtle changes.

They are conventionally termed dissimilarity measures, and we adhere to this
term in this paper. Let us denote the histograms of feature f , computed from
A
B
B
images A and B, as hA
f = {hf (i)} and hf = {hf (i)} respectively, i being a bin
A
A
B
index. A dissimilarity measure between hf and hB
f is denoted d(hf , hf ). Then,
a comparison measure between A and B is obtained as a vector of dissimilarities
B
D(x, y) = {d(hA
f , hf )}, where f is a running index through all available features.
For this study, we experimented with the following distance measures: Minkowski distances of order 1 and 2, χ2 statistics, and Jeffrey divergence. The
best results were obtained with the Minkowski distance of order 1, also known
B
as the city block distance. The city block distance is defined as d(hA
f , hf ) =
P A
B
i hf (i) − hf (i) . The dissimilarity vector D of the same dimensionality as the
number of local texture features, was computed between the baseline and followup images, and this was used as a feature vector entering the second classification
strategy, detailed below.

5.3.6

Classification

Strategy I
Our first classification approach exploited the intensity distribution features computed from difference images. A classifier was trained to distinguish between three
classes of temporal change: “regression”, “stable”, and “progression”. For convenience, we call a pair of the baseline and follow-up images a “training sample”
when it is used by the automated system to train the classifier and its correct
class is known to the system. A “test sample” is a pair that is new to the system,
and the system attempts to define its class using a classification rule it has learnt.
In our system the linear discriminant analysis (LDA) was employed, as the most
accurate classifier after preliminary comparison with the k nearest neighbor classifier (k -NN) and support vector machines with linear and exponential kernels.
The LDA assumes Gaussian distributions for the samples of each class, with equal
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covariance matrices for each distribution.
Strategy II
As noted in Section 5.3.5, the dissimilarity-based features are intended to reflect
how “far” from each other two images are, without specifying the “direction”
of change. These features only enable the distinction between “changed” and
“stable” pairs of images. To be able to perform a 3-class classification with them,
we developed the following strategy. First, the dissimilarity-based features were
used with a 2-class classifier that distinguishes between “changed” and “stable”
pairs of images. Next, we applied another 2-class classifier to those pairs that
were labeled as ”changed” by the first classifier. The second classifier was trained
to discriminate between “regression” and “progression” cases. The same features
computed from difference images as used in strategy I were used with the second
classifier of Strategy II.
We assume that the introduction of the dissimilarity-based features will improve the separation of “changed” and “stable” pairs, based on the considerations
introduced in Section 5.3.5. The intensity distribution features, insufficient on
their own for three-class classification, play a role in the combined system because
they are deemed distinctive for “regression” and “progression” cases. Regression
and progression difference images are opposite to each other in terms of intensity,
therefore we expect the intensity distribution features to be able to distinguish
between them without the need for more sophisticated features.
The k -NN classifier was employed in first stage of classification, and the LDA
in the second stage. The k -NN classifier is a non-parametric classifier. According
to the k -NN rule, the test sample is assigned the majority label of the nearest k
training samples. The free parameter k has to be chosen experimentally (k = 15
in our system). In this work, the fast implementation of the k -NN classifier by
Arya and Mount [89] was used.
We found that the classification accuracy in the first stage benefited from
applying principal component analysis (PCA) that reduced the number of features
entering the classifier. PCA retained 99% of variance in the feature vector. In
both classification strategies, feature vectors were normalized to zero mean and
unit variance prior to classification. Normalization parameters were estimated in
the training data and used on the feature vectors of the test data.

5.4
5.4.1

Experiments
Experimental setup

Classification experiments in this study were performed using the leave-one-out
cross validation procedure. Cross validation involves training a classifier n times,
each time leaving out one of the n disjoint data subsets from training, and using
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only the omitted subset for validation. For leave-one-out cross-validation, n equals
the sample size. This technique guarantees the optimal use of the available data.
We divided the data into training and test sets on the basis of scans, not
sections. Therefore, 1 to 3 image pairs of the same patient were set aside in each
leave-one-out iteration. In this way, the evaluation of the system classification
performance was unbiased, because at no time did training and test sets contain
samples originating from the same scan pairs. For each strategy I and II the
system performed 74 classification. The final accuracy was computed from the
outcomes of all classifications.

5.4.2

Observer study

In order to compare the performances of the two classification strategies to that
of radiologists, an observer study was conducted. Observers were presented the
same set of 205 registered pairs. Prior to that, pairs were randomly shuffled, so
that pairs of sections from the the same scans (1 to 3 pairs) did not necessarily
follow each other. Additionally, before presenting each pair for a side-by-side
comparison, the side of the display on which the baseline scan was projected was
randomly chosen. The observer was asked to classify the extent of disease in the
image on the right-hand side compared to the image on the left-hand side. There
were 3 classification categories - decrease (disease extent reduction > 2%), stable
(any change in the disease extent ≤ 2%), increase (disease extent increase > 2%).
Both observers were chest radiologists in training. They were not involved in
setting the reference standard for the data in this study.

5.5

Results

The classification performances of the system and the observers were estimated
by means of accuracy and compared to each other using McNemar’s statistical
test. In the explanation of the results we use the term ”rater” to indicate either
a computer system or a human observer.
Classification accuracy was calculated as the fraction of correctly classified
samples in the test data set. In Table 5.1 accuracies are shown for each system
and observer. The corresponding contingency matrices are presented in Table 5.2.
In each matrix, rows represent the reference standard and columns represent a
rater’s opinion. Entries on a matrix diagonal show numbers of pairs correctly
classified in each class.
McNemar’s test [103] measures whether the total number of misclassified samples of one rater is significantly different from the number of misclassifications of
another rater. We computed this test for each pair of raters. The p-values of
McNemar’s test are given in Table 5.3. According to these results, none of the
raters performed significantly different from the others.
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Table 5.1: The performances of two classification strategies and two observers, measured on the same data set by accuracy. The system performances were obtained using
leave-one-out cross validation.

Strategy I

Strategy II

Observer I

Observer II

0.761

0.795

0.785

0.820

Accuracy

Table 5.2: Confusion matrices of the two classification strategies and the two observers.
Each row represents the reference standard. Each column represents a class obtained by
the system or observer. Class names are abbreviated: R for “regression”, S for “stable”,
and P for “progression”.
Strategy I
S
P

True class

R

R
S
P

27
1
2

24
101
19

0
3
28

True class
R
S
P

(a)

True class
R
S
P

(c)

33
5
2

18
97
14

0
3
33

(b)

Observer I
R
S
P
47
15
1

Strategy II
R
S
P

3
66
0

1
24
48

True class
R
S
P

Observer II
R
S
P
38
8
1

13
92
10

0
5
38

(d)

The contingency matrices in Table 5.2 show different tendencies in misclassification for different raters. For example, observer I seems more sensitive to small
differences in the disease extent than the other raters. Observer I has the fewest
misclassifications in “regression” and “progression” categories, but, at the same
time, a lot of misclassifications of “stable” cases for cases with change. The tendency of the other three raters is the opposite - they were inclined to erroneously
classify pairs with change as “stable”.

5.6

Discussion

The results of this study demonstrate that the performance of both computerized
classification strategies was not significantly different from that of two human
observers in the assessment of ILD progression. Here we discuss the results in
more detail.
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Table 5.3: p-values of McNemar’s test on the equality of error rates.

Strategy II
Observer I
Observer II

Strategy I

Strategy II

Observer I

0.27
0.65
0.09

0.9
0.54

0.43

Neither the classification strategies nor the observers had much difficulty in
correctly classifying obvious changes. As mentioned in Section 5.2.2, the reference
standard was initially given on a 7-point scale, with two extreme points indicating
“massive decrease” and “massive increase” respectively. All 28 pairs in these
categories were correctly classified as either “regression” or “progression” by both
observers. Strategy I correctly classified 25 pairs, making mistakes in three pairs
belonging to the same patient. Strategy II made the same errors as strategy
I and additionally misclassified one pair. An example of a correctly classified
case with massive disease progression is given in Figure 5.1(c). The three pairs
misclassified by both strategies exhibited a type of abnormality that was unique
in the collected data set. This means that the classification algorithms did not
have an opportunity to train on similar patterns. One of these three pairs is
shown in Figure 5.2(a). The histogram image in this figure suggests that this
pair might have been misclassified by strategy I even in the presence of similar
patterns in the training data, because the difference image intensity histogram
does not reflect such a subtle change.
Among 37 pairs with “moderate” changes, which meant 10 to 50% decrease or
increase in disease extent, both strategy II and observer II made 6 errors, while
observer I made no errors, and strategy I made 16 errors. All errors pertained
to mislabeling a pair with change as a stable case. Only three image pairs with
“moderate” change, belonging to two different patients, were misclassified by both
strategies but correctly classified by both observers. Two of these three pairs are
shown in Figures 5.4(a) and 5.4(b). An example of a case with moderate disease
regression correctly classified by all raters is given in Figure 5.1(a). Some cases
were correctly classified by one of the classification strategies but misclassified by
observer II: two examples are shown in Figures 5.4(c) and 5.4(d).
Most misclassifications occurred for cases from the “minor decrease” and “minor increase” categories (2 to 10% change), both for the observers and the classification algorithms. Among 35 pairs with “minor” changes, half were misclassified
by observer II, and more than half by both classification strategies. However,
observer I made only 5 errors with these pairs. It is possible that the threshold
of 2% used in our protocol lies within statistical uncertainty and cannot be used
reliably. In the literature, thresholds of 10% [104] and 5% [97] have been used to
differentiate between “changed” and “stable” disease.
Very few errors were made by confusing “regression” and “progression” cases:
both computer strategies and observer I made two errors, while observer II made
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(a)

(b)

(c)

(d)

(e)

(f )

Figure 5.4: Examples of ILD progression classification in follow-up images. Each
example consists of a baseline CT section (left image) and a corresponding follow-up
CT section (right image). Pairs (a), (b): each pair exhibits moderate disease regression (between 10% and 50%), and was correctly classified by both human observers but
misclassified by both classification strategies. Pairs (c), (d): each pair exhibits moderate
disease progression (between 10% and 50%), and was correctly classified by one or both
classification strategies, but misclassified by one of the human observers. Pairs (e), (f ):
each pair exhibits minor disease progression (between 2% and 10%), but was misclassified
for disease regression by both classification strategies and one or both radiologists.
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one error. Only three image pairs were misclassified in this way by all raters
jointly, two of them being from the same patient. The misclassified pairs always
exhibited a minor change in disease extent. Two of the three pairs, taken from
different patients, are shown in Figures 5.4(e) and 5.4(f). They clearly represent
difficult cases.
The most evident difference between the two strategies is the improvement
of the recognition of change by strategy II compared to strategy I, as seen from
Tables 5.2(a) and 5.2(b). Figures 5.2(b), 5.2(c), and 5.4(d) demonstrate image
pairs with ILD progression that were classified correctly by strategy II but misclassified as “stable” by strategy I. Given the fairly low number of test samples,
we could not show, however, that the difference in accuracies of the two strategies
was significant. The observed improvement could be attributed to a more appropriate set of features for discrimination between “changed” and “stable” image
pairs employed in the first stage of strategy II. Additionally, it should be noted
that the training set in the first stage of strategy II was balanced, with approximately the same number of samples in both “changed” and “stable” classes. At
the same time, the training set in strategy I contained twice as many samples of
the “stable” class as either of the other two classes. This might have negatively
influenced the performance of strategy I.
Although the current results obtained by our automated analysis are promising, several possible improvements in the system setup can be identified.
We used a single expert’s annotations as the reference standard. As we have
already mentioned in Section 5.1, manual annotations are not considered reliable
for training a texture classification analysis because of low rating agreement. Our
task, however, required the estimation of overall disease extent, which should
cause less intra- and interobserver variability between experienced chest radiologists. As opposed to labeling small regions of interest into multiple categories,
assessing disease extent is part of the daily clinical routine for radiologists. In
clinical studies on ILD prognosis and progression, a single expert’s estimate is
commonly referred to as the ground truth. For example, in [97], the visual assessment of the disease extent was used as one of three independent criteria to
define a patient’s disease progression, along with physiologic tests, such as total
lung capacity and the resting oxygen saturation level. Combining an expert’s estimates, or estimates obtained by consensus, with the results of physiologic tests
may improve the reliability and consistency of our reference standard. Another
improvement of the training process would be the enlargement of the training
data set, so that different abnormal patterns are sufficiently represented.
There is an inherent limitation of the system performance related to the generalizing ability of dissimilarity-based features. Dissimilarities computed over the
whole lung fields are likely to neglect some small local changes that would probably be revealed in dissimilarities over smaller areas. A recent study [95] showed
a good performance in classification of small VOIs by means of dissimilarities.
In that study, a more sophisticated dissimilarity measure than in our study and
a different way of histogram binning were used. Experimenting with measures
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of dissimilarity between histograms, other than those mentioned in Section 5.3.5
could be beneficial for our system as well. Application of our system to regions
smaller than a CT section is also possible provided the ground truth for smaller
areas is available.
It is computationally efficient to train and apply automated analysis to twodimensional CT sections. Modern clinical practice requires, however, the analysis
of 3D volumes. In our system, image preprocessing (intra-patient registration and
lung segmentation) is already done for full CT scans. The computation of features
and classification strategies presented in this paper could be easily extended to
3D. An alternative approach would be to apply our system section-by-section
to the 3D scan and subsequently fuse the classification outcomes of individual
sections into a decision about the whole lung volume or its part. This approach
might be preferable to the direct 3D analysis, because the generalizing quality of
dissimilarity features is likely to be enhanced in 3D which will make the system
less sensitive to small changes.

5.7

Conclusions

We have developed a classification system that performs estimation of ILD progression in axial sections extracted from serial thoracic CT scans. To achieve this,
our system comprises non-rigid intra-patient image registration, multi-atlas lung
segmentation, texture feature extraction, and computation and classification of
dissimilarities. The accuracy of our system is not significantly different from that
of two radiologists.

Chapter 6
Application of dissimilarity-based classification to
the automatic detection of chest radiographs
suspicious of tuberculosis
Y. Arzhaeva, L. Hogeweg, P. A. de Jong, M. A. Viergever and B. van Ginneken,
“Global and local multi-valued dissimilarity-based classification: application to
computer-aided detection of tuberculosis”, the International Conference on Medical Image Computing and Computer Assisted Intervention, 2009, in press.

Abstract
In many applications of computer-aided detection (CAD) it is not possible to
precisely localize lesions or affected areas in images that are known to be abnormal.
In this chapter a novel approach to computer-aided detection is presented that can
deal effectively with such weakly labeled data. Our approach is based on multivalued dissimilarity measures that retain more information about underlying local
image features than single-valued dissimilarities. We show how this approach can
be extended by applying it locally as well as globally, and by merging the local
and global classification results into an overall opinion about the image to be
classified. The framework is applied to the detection of tuberculosis (TB) in chest
radiographs. This is the first study to apply a CAD system to a large database
of digital chest radiographs obtained from a TB screening program, including
normal cases, suspect cases and cases with proven TB. The global dissimilarity
approach achieved an area under the ROC curve of 0.81. The combination of
local and global classifications increased this value to 0.83.
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Introduction

Pulmonary tuberculosis (TB) is a major cause of death and illness worldwide,
with 9.27 million new cases and 1.75 million deaths reported in 2007 [4]. Chest
radiography is increasingly important in the fight against TB, especially because
the rates of sputum-negative TB are rapidly increasing in populations with a high
incidence of HIV/AIDS. On chest radiographs, TB often presents itself through
subtle diffuse textural abnormalities. With the advent of digital radiography,
computer-aided detection (CAD) systems can be developed that could facilitate
mass population TB screening.
However, little research has been done in this area. In [66] texture analysis
within the lung fields was used but this required experts to manually delineate
abnormal areas, in order to train the system to discern normal regions from abnormal. Although such an approach may lead to a powerful CAD system, obtaining
manual delineations of ill-defined diffuse lesions is laborious and likely to produce
an unreliable ground truth. This chapter focuses on classification of weakly labeled images, i.e. when the exact locations of abnormalities in training data are
unknown and, therefore, local feature-based classifiers cannot be trained. It is
based on research described in chapter 3, where the multi-valued dissimilaritybased (MVDB) classification was introduced. We circumvent the absence of local
ground truth by using the distances, or dissimilarities, between estimated distributions of local features in the global classification of images. These dissimilarities are estimated per feature and, therefore, a multi-valued dissimilarity-based
(MVDB) classification system is built.
The underlying assumption of the MVDB method is that local feature distributions are sufficiently different for normal and abnormal images. However, this
assumption is not likely to hold for cases with subtle small abnormalities only. We
hypothesize that subdividing the lung fields into smaller parts and applying the
MVDB classification to these parts separately, and subsequently combining these
local opinions, may improve the sensitivity of the method to such abnormalities
and increase overall classification performance. It should be noted that obtaining
ground truth labels for fixed large lung subdivisions is easier than obtaining manual delineations of lesions. In this work, we apply the method to a large database
of digital radiographs from a TB screening program. The proposed modification
of the MVDB classification is general and applicable to other image classification
tasks that involve local analysis.

6.2
6.2.1

Methods
Multi-valued dissimilarity-based classification

Dissimilarity-based classification uses dissimilarity representations of objects instead of traditional feature vectors, that is, objects are represented by their pairwise comparisons. This is a natural way to describe a class of similar objects. A
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pairwise comparison is done by computing a measure of dissimilarity, or distance,
between two objects. In the standard dissimilarity-based classification [60], each
training object is represented as a vector of distances to a set of prototype objects.
Then, any traditional classifier can be trained on dissimilarity representations of
training objects and applied to the dissimilarity representation of a new object.
This may not be an efficient strategy for classifying objects characterized by a
large set of descriptors, such as numerous local texture features, because it reduces the abundance of local information in two objects to just one dissimilarity
value between them.
MVDB classification is built on similar principles but reduces the loss of information compared to standard dissimilarity-based classification. While the standard dissimilarity-based method accumulates the distance over all the object descriptors, the MVBD method is based on computing a distance for every descriptor
individually.
Let x and y be two objects characterized by n one- or multi-dimensional descriptors fi , and di = d(fix , fiy ) be the value of dissimilarity between corresponding descriptors of x and y, where d is a dissimilarity measure. Then, a vector
D(x, y) = (d1 , . . . , dn ) is called the dissimilarity representation of object x with
respect to object y. To construct a classifier on such representations, let us consider a training set T , and a set of prototype objects R of size r, R = {p1 , . . . , pr },
where R ⊆ T . For each x ∈ T , r different representations D(x, pk ), 1 ≤ k ≤ r, can
be obtained, and consequently r classifiers can be trained on T using D(x, pk ) as
input. A test object, subsequently, can be classified r times using its prototypebound representations. To obtain a final classification solution for a test object,
the outputs of r classifiers must be combined. Combining classifiers benefits from
complementary information provided by different dissimilarity representations. In
this study we combine the posterior probabilities resulting from different classifiers
with the sum rule:
r
1X
Pk (c|x) ,
(6.1)
P (c|x) =
r
k=1

where P (c|x) is a posterior probability that the object x belongs to a class c, and
Pk (c|x) is a posterior probability yielded by the classifier k.

6.2.2

Application to image classification

Now we show how the MVDB classification can be applied to images by listing
the steps for the training and testing phase. A flow chart of the same algorithm
can be found in Figure 3.1 of chapter 3. To apply this method to an image classification task that involve local texture analysis, we describe each image by the
distributions of its local texture features. These features are extracted at numerous locations inside the image, and their individual distributions are estimated
by histograms. From the set of training images, r prototype images are selected,
either randomly, or by following a systematic approach. Since the sum rule, used
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to combine the results of individual classifiers, is known to be less sensitive than
other combiners to the errors of individual classifiers [70], we believe, the random
selection of prototypes is a reasonable starting approach. Dissimilarities, computed between corresponding feature histograms of the image and a prototype,
constitute a dissimilarity representation of the image.
Training phase:
1. Selection of r prototype images
Input: training images, selection algorithm
Output: subset of prototypes
2. Extraction of N local texture features at M locations
Input: training images
Output: M feature vectors of length N for each image
3. Computation of N feature histograms
Input: M values of each feature across an image
Output: N histograms
4. Computation of dissimilarities to each prototype
Input: N histograms of a training image, N histograms of a prototype, dissimilarity measure
Output: r N -dimensional dissimilarity representations for each training image
5. Training r classifiers
Input: r N -dimensional dissimilarity representations, classifiers
Output: r trained classifiers
Testing phase:
1–3. Same as steps 2–4 of the training phase
Input: a test image
Output: r N -dimensional dissimilarity representations
4. Classification
Input: r N -dimensional dissimilarity representations, r trained classifiers
Output: r posterior probabilities of the test image of being abnormal
5. Combining classification results
Input: r posterior probabilities, combining rule
Output: final classification result
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Local classification to improve global results

Sometimes image descriptors, such as the local feature histograms, are too generalizing. This is true when an object whose presence we want to detect is too small
with respect to the whole image. With the detection of TB, the texture feature
histograms computed over the whole lung fields might not be sensitive enough
to reflect the presence of subtle localized lesions in the lungs. We assume that
the discriminating ability of descriptors will increase if they are computed over
smaller image parts. When it is practical to obtain the ground truth for training
images on a finer scale, e.g. class labels for a fixed image partition, we propose
the following modification of the MVDB classification scheme.
1. Images are partitioned, and the ground truth is obtained for each part.
2. The MVDB scheme is applied to each image part separately, and, optionally,
to the whole images too.
3. The classification results are combined to obtain an overall image solution.
Here, the combination rule might be different from the one in step 5 of the testing
phase of the original scheme. We use the vote rule for the abnormal class (c = 1),
and compute the posterior probability of the normal class(c = 0) such as P (c =
0|x) = 1 − P (c = 1|x), where x is the test object. The vote rule for computing
P (c = 1|x) is
L

P (c|x) = max(P0 (c|x), max Pl (c|xl )), c = 1 ,
l=1

(6.2)

where xl , 1 ≤ l ≤ L, are L image subdivisions, Pl is the result of applying the
MVDB classification to xl , and P0 is the result of applying the MVDB classification to the whole image. The choice for the vote rule for the detection of abnormal
images is intuitive because if any part of the image is abnormal then the whole
image is abnormal. The use of P0 in Eq. 6.2 is optional and is not needed if the
performances of all regional classifiers are considerably better than that of the
global classifier. It should also be noted that, for a certain region, only a fraction
of abnormal images will have abnormalities in that particular region. Therefore,
a high classification performance on one of the regions is not enough to obtain an
equally high performance after combining. In addition to improving the image
classification performance, the application of the MVDB to the regions allows one
to obtain a prediction on which regions are likely to contain abnormalities.

6.3
6.3.1

Experiments
Materials

All images used in this work were posterior-anterior chest radiographs collected
from a TB screening program among a high risk population. Radiographs were acquired with mobile digital thorax units (Delft Imaging Systems, the Netherlands)
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developed for cost-effective thorax examination and TB preventive screening. Images have a resolution of 2048×2048 and 12 bits data depth. Each image was read
by two radiologists, and a person whose radiograph was considered TB suspect by
one of them or both was contacted to undergo further tests. For a subset of the
cases, positive microbiological culture tests were available and a definite diagnosis
of TB could be established.
We collected all TB suspect and TB proven cases between 2002 and 2005, and a
similar amount of randomly selected normal radiographs, excluding radiographs
of children. Before collection, radiographs were anonymized. Normal and TB
suspect images were re-read by a third radiologist, who classified a part of the
cases differently. Re-classified images were excluded from the study. Finally, our
database contained 256 normal radiographs (223 males, 33 females, ages 18–70
yrs, median age 41), 178 TB suspect radiographs (155 males, 23 females, ages
16–101 yrs, median age 35), and 37 radiographs with microbiologically proven
TB (30 males, 7 females, ages 16–43 yrs, median age 29).

6.3.2

Local feature extraction

For practical considerations, images were downsized to 1024 × 1024. Prior to
feature extraction, lung fields were automatically segmented from the radiographs
using multi-resolution pixel classification, with settings as given in [25]. In order
to train this segmentation procedure, lung fields were segmented manually from
20 radiographs not used otherwise in this study.
Next, local texture features were extracted from a large number of regions
of interest (ROIs). At first, images were filtered with a multiscale filter bank
of Gaussian derivatives, and subsequently central moments of histograms were
calculated from each ROI in the original and the filtered images. The following
parameters were chosen: Gaussian derivatives of orders 0, 1 and 2 at five scales,
σ = 1, 2, 4, 8, 16 pixels; overlapping circular ROIs with a radius of 32 pixels placed
on a grid with 8 × 8 pixel spacing inside the lung fields; and four central moments,
namely, the mean, standard deviation, skewness and kurtosis. Before filtering,
pixel values in the lung fields were mirrored outside the lungs symmetrically with
respect to the lung borders in order to prevent contamination of extracted features
due to strong filter responses at the lung border. Two position features were added
that defined x and y coordinates of the ROI centers relative to the center of the
mass of a lung field. In total, 126 features were extracted from each ROI, and the
number of ROIs per image ranged from 1920 to 8680.

6.3.3

Lung partitioning

In order to perform the MVDB classification on lung subdivisions, each lung field
was automatically divided into 4 equal-sized regions, as we did for the study in
chapter 4 (see Figure 4.3). The regions around hilum (regions 4 and 8) included
lung pixels overlapping with a circle placed at the lungs’ center of mass. The
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radius of the circle was separately chosen for the left and right lung, such that
the overlap covered one quarter of the pixels of that lung. The rest of each lung
field was horizontally divided into three equal-sized parts. The third radiologist
assessed regions in all the TB suspect and TB proven images, and assigned a
region to class 1 if a TB-related abnormality was present in the region, or to class
0 otherwise.

6.3.4

Classification

Training and test images were randomly selected from the available normal and
TB suspect data, so that the training and test sets each contained 128 normal
and 89 abnormal images. The second test set was formed from the same normal
images as in the first test set and all 37 radiographs with proven TB. We randomly
selected 10 normal and 10 abnormal radiographs to serve as prototype images.
For region classification, the same division into training and test sets was used,
but the random selection of prototypes was performed separately for each region,
so that 10 normal and 10 abnormal regions were selected each time. Prototypes
were always selected from the training images. Normal prototype regions were
selected from normal training images only. Normal regions from abnormal images
were excluded from the training set during region classifications.
The histograms of each local feature were obtained by a suitable binning of the
range of feature values, either across the lung fields, or across a particular region.
The range of possible values of each feature was estimated on prototypes and split
into equal intervals - 128 for the lung fields, 64 for regions. A dissimilarity between
two histograms was computed using χ2 statistics as a dissimilarity measure

dχ2 (h, k) =


2
X h(i) − m(i)
i

m(i)

,

(6.3)

where h = {h(i)} and k = {k(i)} are two corresponding histograms, i is a bin
. Dissimilarity representations were classified by the
index, and m(i) = h(i)+k(i)
2
linear discriminant classifier. Classification was preceded by a principal component analysis (PCA) retaining 99% of variance to the dissimilarity representation,
for the purpose of dimensionality reduction.
The MVDB method was compared with a straightforward approach where an
image classification was composed of classification of each ROI and subsequent
fusion of ROIs’ posterior probabilities. In this approach, local feature vectors
extracted from ROIs as described in Section 6.3.2 were used as input of the linear
discriminant classifier preceded by the PCA. The division into training and test
images was the same as for the MVDB experiments. ROIs from training images
got the class labels of lung subdivisions they belonged to. An overall image
decision was obtained by integrating all ROIs’ posterior probabilities using the
95% percentile rule.

108

6.4. Results

Table 6.1: The performances of the MVDB classification and fusion, in terms of Az .

6.4

Test set

Lungs

suspect
proven

0.81
0.70

1

2

3

Regions
4
5

6

7

8

0.79 0.71 0.85 0.66 0.82 0.81 0.72 0.77
0.85 0.71 0.95 0.64 0.66 0.43 0.49 0.65

Vote
0.83
0.74

Results

The classification performance was estimated by means of the area under the
receiver operating characteristic (ROC) curve, Az [29]. Az values for the two test
sets are presented in Table 6.1. The test set suspect contained normal and
suspect TB images. The test set proven contained images with proven TB and
the same normal images as suspect. The first column of Table 6.1 shows the
results of the application of the MVDB classification to the whole lung fields. In
the columns titled “1” to “8”, Az values for corresponding lung regions are listed
(see Figure 4.3). The final classification performance computed after combining
global and local posterior probabilities by voting is given in the last column.
Combining global and local classification decisions slightly improves the overall classification performance compared to the results after applying the MVDB
method to the whole lung fields only. To illustrate the gain of using the combination of local and global classifications, an example of a region with a slight diffuse
abnormality is shown in Figure 6.1. This region was correctly classified as abnormal by the MVDB method applied locally (posterior probability pc=1 = 0.89),
while an image containing this region was initially misclassified as normal by a
global MVDB classifier (pc=1 = 0.24). After combing global and local results, the
image received a probability of 0.89 of being abnormal.
The straightforward classification approach achieved Az = 0.77 on the first
test set and Az = 0.64 on the second test set. This demonstrates the advantage
of the MVDB method for classification of weakly labeled images.

A

Figure 6.1: An example of a correctly classified abnormal region (white “A” marks a
proven TB lesion). An opposite region in the other lung is normal.
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Discussion and conclusions

The results presented in Table 6.1 demonstrate that the classification performance
on the whole lung fields, as well as the performance of the combining scheme is
considerably better on the first test set than on the second one. This observation
can be explained in two ways. Firstly, the training set did not contain proven
TB cases and so the test set with proven TB cases is expected to perform worse.
Adding proven TB cases to the training set is expected to improve the performance
of the CAD system. Secondly, there were TB proven images with extremely subtle
abnormalities in our collection. Such images are difficult for humans and CAD
systems to classify.
The other observation is that the local performances vary greatly for both test
sets, from 0.66 to 0.85 on the first set, and from 0.42 to 0.95 on the second set.
Such a variation can happen due to low numbers of abnormal samples for some
regions in a test set (e.g. the second test set contained only 3 abnormal regions
“7” and only 3 abnormal regions “3”). Each misclassification then drastically
influences an Az value for such regions. For some regions, the number of abnormal
samples in the training set was also limited, which in general negatively affected
the MVDB classification performance on such regions. Future work will include
the collection of a much larger data set which we expect to be beneficial for our
combination scheme.
In conclusion, we have shown that the multi-valued dissimilarity-based classification is a practical tool that enables a CAD system to deal with weakly labeled
images. Combining global and local classification decisions has a potential to improve the overall classification performance. We have been the first to apply such
a scheme to the automated detection of tuberculosis in a large database of digital
chest radiographs.

Chapter 7
Summary and general discussion
7.1

Summary

The aim of this thesis was to develop automated methods for detection and quantification of interstitial lung disease in conventional chest radiographs and chest
CT scans. The focus of the thesis was on pattern classification techniques employed in computer-aided detection systems.
Chapter 2 proposed a classifier that optimized the area under the ROC curve
using a linear programming formulation (the AUC-LPC classifier). It appears that
the variance of the AUC estimation is smaller than the variance of the classification error, which makes the AUC optimization advantageous for data with highly
overlapping or unbalanced classes. The AUC optimization, however, poses a serious computational problem for large data sets, because its complexity is quadratic
to the training set size. Subsampling of the training set is conventionally used to
decrease the computational complexity. In chapter 2, a new subsampling heuristic
was introduced: subsampling of the optimization problem constraints. By randomly subsampling constraints an unbiased constraint distribution was obtained,
which led to a better approximation of the AUC than an approximation obtained
by subsampling training objects. Furthermore, the constraints that were not used
during optimization were used to evaluate the free parameters of the proposed
classifier.
The AUC-LPC with the proposed heuristic was used for the automated detection of interstitial abnormalities in chest radiographs, and compared with several
standard supervised classifiers on this task. For training purposes, all pixels in
radiographs with interstitial abnormalities were considered abnormal, which resulted in highly overlapping normal and abnormal classes in the pixel feature
space. A pixel feature vector consisted of local texture features and positional
features. A trained classifier, applied to the pixel feature vector, produced a probability of the pixel of being abnormal. Radiographs were classified into normal
and abnormal by integrating the classification outputs of individual pixels using a
quantile rule. Using the AUC-LPC with constraint subsampling for pixel classification resulted in the best image classification performance, with an AUC of 0.96.
Chapter 3 proposed a new data representation beneficial for classifying weakly
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labeled images. An image is considered weakly labeled when only the presence
or absence of a disease is recorded but not the precise locations of abnormalities. Without the local ground truth, it is not possible to train a local classifier
to discern between normal and abnormal regions or pixels. In chapter 2 we addressed this by assuming that all pixels in abnormal images were abnormal, but
such an assumption would be often violated. In this chapter we circumvented the
absence of a local ground truth by representing each image via its dissimilarity to
a number of normal and abnormal images. A dissimilarity between two images
was expressed via dissimilarities between the estimated distributions of individual local texture features. A number of prototype images from each class were
randomly selected to serve as bases of comparison. For each image in the data
set and each prototype, distances were computed between the histograms of corresponding texture features. A vector of distances to one prototype constituted
a dissimilarity representation of the image. Dissimilarity representations of the
training images, computed with the same prototype, were used to train a classifier
to distinguish between normal and abnormal images. We trained as many classifiers as there were prototypes. Subsequently, the outputs of all classifiers applied
to a test image were combined and the final probability of the test image of being abnormal was obtained. Combining classifiers benefited from complementary
information provided by different dissimilarity representations of the image.
This classification approach was applied to two sets of chest radiographs: a
database from a TB mass screening program, and a database containing images
with signs of ILD. The performance of our approach was compared to previously
published results obtained on the same data sets with classification systems that
used a local ground truth. Our approach was also compared to the standard dissimilarity classification and the region classification that used the same assumption on pixels from abnormal images as in chapter 2. The standard dissimilarity
classification differs from our approach in that that it expresses the dissimilarity
between two images by just one value and, subsequently, uses a vector of dissimilarities to all the prototypes as an input to a classifier. For all three classification
methods, linear discriminant analysis with the same set of local texture features
was used. The features were the first four central statistical moments computed
from circular ROIs in the filtered versions of the original image. Images were
filtered with a multiscale filter bank of Gaussian derivatives up to the 2nd order.
The performance of our classification approach was similar to that of previously
published methods applied to fully labeled data. Our approach performed similarly or better than the standard dissimilarity classification, and better than the
region classification, and achieved an AUC of 0.82 on the TB data set and an
AUC of 0.98 on the ILD data set.
Chapter 4 presented a CAD system for the localization of interstitial abnormalities in chest radiographs. In this chapter an emphasis was made on finding a
superior local ground truth for training a local classifier. The local ground truth
was established by using a chest CT scan of the same patient. Thin 2D CT planes
provide excellent contrast resolution, and the lung structures depicted on them
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are not superimposed. Therefore, manual delineation of diffuse abnormalities is
more feasible in CT slices than in chest radiographs. We estimated the locations
of interstitial abnormalities in a radiograph by computing a mapping function
between the radiograph and the coronal projection of the corresponding CT scan.
Then, this mapping was applied to abnormality outlines delineated in coronal CT
slices by an expert. In this way, each pixel within the lung fields in the radiograph
could be labeled either normal or affected by ILD, and the local classifier could be
trained. Additionally, abnormality subtlety grades were assigned by the expert
to abnormal areas in chest radiographs. These grades were used to evaluate the
performance of the system on areas that exhibited different levels of visible abnormality. The classifier was trained with the same set of local texture features as
the one used in chapter 3. The system output a color-coded probability map that
accentuated areas highly probable of being abnormal. It also produced regional
scores for eight partitions of the lung fields to enable the comparison of the system
performance to that of human observers. The system was shown to perform not
significantly different from two radiologists on obviously and relatively obviously
abnormal regions (an AUC of 0.92 and 0.81, respectively), but it was significantly
worse than humans in detecting subtly abnormal regions (an AUC of 0.67).
In chapter 5 a system for the automated estimation of ILD progression in serial chest CT scans was proposed. The system compared corresponding 2D axial
sections from baseline and follow-up scans and concluded whether this pair of sections represented regression, progression, or unchanged disease status. Alignment
of two scans, achieved via non-rigid registration, was an important preprocessing
step that enabled the retrieval of matching sections. Two sets of features were
investigated for use with the system. The first set comprised statistical features
which described the distribution of intensities of the difference image computed
between corresponding baseline and follow-up CT sections. The second set consisted of features which characterized textural dissimilarity in a pair of baseline
and follow-up images. It contained measures of dissimilarity computed between
the estimated distributions of individual local texture features. These features
were four central statistical moments computed from circular ROIs in the filtered
versions of the original image. Images were filtered with the Gaussian, the Laplacian, and the 1st and 2nd order directional Gaussian derivatives, all computed at
three different scales.
The dissimilarity feature set was not able to characterize the direction of
change in a pair of CT sections, because a dissimilarity is a symmetric value
by definition. And so, it was only used to discern between pairs of CT sections
with a change and pairs with stable disease status. We compared the performances of two classification strategies. The first one used the statistical feature
set to perform classification of pairs into “regression”, “progression” and “stable”
classes. The second strategy used the dissimilarity feature set in the first stage,
and the statistical feature set in the second stage. Pairs, labeled as “changed”
by the first classifier, were further classified into “regression” or “progression” by
the second classifier. The performance of the system, in terms of classification
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accuracy, was 76.1% and 79.5% with the first and second classification strategies,
respectively. The accuracy of the system was not significantly different from that
of two radiologists, according to McNemar’s test.
In chapter 6 the classification approach, described in chapter 3, was applied to
the detection of TB in digital chest radiographs. A data set contained images with
abnormalities suspected of TB, as well as images of the patient whose diagnosis of
TB was proven by microbiological tests. Our classification approach was extended
to include a simple form of local ground truth. To this end, class labels were
obtained for eight fixed partitions of the lung fields. Then, the dissimilarity
classification approach was applied to each partition separately, as well as to
the whole lung fields. Local and global classification outputs were integrated to
obtain an overall image decision. The system was trained with normal images
and images with suspect TB. The system validation was performed on two test
sets: one containing normal and suspect TB images, and another one containing
normal images and images with proven TB. On both test sets, the system that
integrated global and local classifications outperformed the system that only used
global classification, demonstrating an AUC of 0.83 on the first test set and an
AUC of 0.74 on the second test set.

7.2

General discussion

Detection of interstitial lung disease in chest radiographs is a challenging task for
radiologists. It was even labeled “a dying art” in one radiological paper [81]. If
nothing else, it calls for an experience in this specific area and a systematic approach. Such an expertise is often unavailable in remote hospitals, or for clinical
officers who interpret chest x-rays for TB in field hospitals in Africa. Therefore,
a dedicated CAD system that detects the presence of ILD or TB in chest radiographs, and, possibly, pinpoint abnormalities, could be very helpful, as a second
opinion available to a radiologist. Additionally, it could be used to train the next
generation of radiologists.
The conventional design of such a system includes classifying multiple small
patches of texture throughout the lung fields (localization of abnormalities), and,
consequently, integrating local classification outputs into an overall image decision
(detection of abnormal images). When the localization step works perfectly, the
detection step is trivial. In reality, reliable localization of interstitial abnormalities
is not a completely solved problem yet, which makes the detection of abnormal
images a separate subject of research. This thesis contributed to detection and
localization in several ways. We looked into the improvement of local classification
by providing a better local reference standard (chapter 4), or by providing a better
classifier (chapter 2) when we cannot provide a local reference standard at all. In
the latter case, we also investigated how to sidestep local classification altogether
and still achieve a good detection performance (chapter 3). Then, we showed
that including at least a primitive form of local ground truth in the system design
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improves its detection performance (chapter 6). The last contribution of the thesis
lay in the kindred area of computed tomography of the lungs. Some of the ideas
we applied to the detection of ILD in chest radiographs in the absence of local
ground truth proved useful for the estimation of ILD progression in serial CT
scans (chapter 5).
In chapters 2 and 3, we assumed that the precise delineations of abnormalities
in training data were not available. Therefore, we devised the systems that only
used general image labels for training. Although it is a practical and realistic
assumption - manual abnormality outlines are not reliable and can be impossible
to obtain - the lack of local ground truth for training is expected to cause a CAD
system to perform suboptimally. We were able to compare the performances of
our systems to that of two systems that used local labeling, either derived from
manual abnormality delineations [66] or obtained by applying some empirical rules
on measurements extracted from local regions [65]. The CAD systems in chapter 3
and [66] were applied to the same TB data set, while the systems in [65], [66],
and chapters 2 and 3 were applied to the same ILD data set. The dissimilaritybased classification approach described in chapter 3 showed no or little difference
in performance compared to the systems that used local labeling, which was a
very good result. The AUC-LPC classifier described in chapter 2, that used a
“naive” assumption that all pixels in an abnormal image were abnormal, in order
to circumvent the absence of local ground truth, performed worse than the other
three systems on the ILD data set.
Before concluding that the dissimilarity-based classification approach is better
in dealing with weakly labeled data than the AUC-LPC, let us have a look at the
feature sets that were used with these two methods. Statistical features computed
from local neighborhoods were present in both feature sets, but pixel intensities
from original and filtered images were excluded in chapter 3. Besides, we used
principal component analysis as the means of feature dimensionality reduction
in chapter 3. How crucial these differences in local features could be can be observed by comparing the results of the similar “naive” classification approaches
in chapters 2 and 3 that both used the LDA for local classification (see Tables 2.7
and 3.3). The LDA showed an average AUC of 0.69 and 0.96 in the experiments
in chapters 2 and 3, respectively. Based on these results, we should conclude that
local texture features used in chapter 2 were not optimal. We suppose that the
performance of the AUC-LPC might have been better than the results reported
in chapter 2, had it used a more discriminative feature set, like the one in chapter 3. Nevertheless, the AUC-LPC was able to perform considerably better than
the LDA on the same feature set, confirming that the AUC-LPC is a beneficial
approach to deal with highly overlapping classes. Because of the “naive” assumption, the negative and positive classes will be highly overlapping in any feature
space, which should make the AUC-LPC a more suitable classifier than the LDA
regardless of features used.
The fact that the dissimilarity-based classification performed as good or nearly
as good as the systems using local labeling, especially on the TB data set which
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contained a lot of subtle cases, might implicitly confirm the plausibility of our
assumption that manual delineations of interstitial abnormalities are often unreliable and, therefore, can mislead a classifier trained on them. In chapter 4,
we presented the system that utilized a superior local reference standard - delineations of interstitial abnormalities obtained using a CT scan of the same patient.
The system output a probability of being abnormal for each pixel in the lung
fields. Pixel classification outputs could easily be integrated into an image decision, thus, solving the detection task. With this added capability, this system
could be another benchmark for the evaluation of methods dealing with weakly
labeled data. However, we could not directly apply this system to the ILD data
set used in chapters 2 and 3, because the system was trained with a new collection of digital radiographs, while the early ILD data were digitized films. In the
future, by adding the detection facility to the system in chapter 4 and applying
dissimilarity-based classification to the same digital data set, we can compare
performances of the two systems. They utilize the same local texture features,
which will make a comparison between them even more instructive.
The classification results presented in chapter 4 provided several interesting
observations. First, it showed that localization of interstitial abnormalities in
chest radiographs was, indeed, a difficult task for radiologists, especially discerning between normal and subtly abnormal regions. The comparison between the
system and the observers revealed that, when perihilum regions were excluded
from evaluation, the performance of the system increased more than that of the
radiologists (from an AUC of 0.80 to 0.85 for the system and from an AUC of
0.86 and 0.87 to 0.88 for the two observers). It means that classification of the
perihilum region posed specific difficulties for our system that was based on the
analysis of texture. To our knowledge, radiologists usually pay attention to the
size and shape of the perihilum region, and we propose to include equivalent
features in a future system.
After the exclusion of perihilum regions from evaluation, the performance of
the system on subtly abnormal regions was still considerably lower than that of
the observers. Detection of subtle lesions is the biggest challenge in building a
CAD system for ILD. We hypothesize that the informatively superior reference
standard we used to train the system in chapter 4 might have been misleading
in case of subtle lesions, by indicating a lesion where it cannot be perceived in
the chest radiograph, and, therefore, cannot be properly described by texture features. But this is just a preliminary hypothesis that requires further investigation.
Such an investigation could include the retrospective review of radiographs by an
expert radiologist, in order to determine whether small abnormalities found in CT
images could also be seen in radiographs. If the expert discarded a lot of subtle
abnormalities as invisible, we would know that the reference standard provided by
our method was over-informative. On the other hand, it is possible that we have
not yet employed the most powerful features able to cope with subtle textural abnormalities characteristic to ILD. In this system general purpose texture features
were used. In future, to complete the system, an effort should be made to find the
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most discriminative texture features for interstitial abnormalities in chest radiographs. The use of the AUC-LPC with our system for local classification should
be investigated too.
In chapters 5 and 6 we presented two more CAD applications that utilized dissimilarities between images. Dissimilarities are attractive features because they
provide a natural way of describing a class of similar images. The limitation of
using them is the generalization of local information that occurs during computation of dissimilarities. A dissimilarity measure is computed between feature
histograms characterizing the distribution of feature values throughout the whole
lung fields. Differences in feature values caused by a subtle small abnormality
are likely to be indistinct in the resulting histogram and in the corresponding
value of dissimilarity. For example, a difference between the distributions of a
certain feature, computed from the normal lungs and the lungs with a subtle
small abnormality, could be indiscernible from inherent small differences between
the distributions of the feature computed from the normal lungs of two different
persons.
In chapter 6 we subdivided the lung fields in eight parts and computed feature
histograms for each part separately, in order to decrease the level of generalization.
Each part as well as the whole lung fields were classified using the dissimilaritybased classification approach as described in chapter 3. Then, the classification
outputs were combined to obtain a final image decision. Although combining local
and global outputs moderately improved image classification performance, for
many lung parts classification performance suffered from unrepresentative training
sets. We believe, this prevented a larger improvement of overall classification
performance. Expanding the data set, so that it includes more abnormalities in
different locations in the lungs, could help. Alternatively, instead of classifying
separate lung parts, the dissimilarity features from each part can be concatenated
into one vector and used to classify the whole image directly. In this way, no local
ground truth is required for training the system. However, for such an approach
to be feasible, a smaller set of dedicated local texture features has to be found
first, otherwise the size of the feature space will increase enormously.
In chapter 5 we used dissimilarities to describe pairs of images, and a difference between a pair of images was itself a subject of classification. This role of
dissimilarities is different from their usage in chapters 3 and 6. There, a vector
of dissimilarities to another image comprised the representation of the image at
hand, and it was beneficial for classification to have several representations of one
image. The utilization of dissimilarities improved the performance of the classification system in chapter 5 compared to its performance when only statistical
features were used. However, we believe that the improvement could be more
noticeable, had all images in the data set been acquired under the same conditions. The set of CT scans the system was applied to contained images collected
from a number of different CT scanners that had, for example, different convolution kernels. The settings for radiation exposure varied from image to image
too, which resulted in different levels of noise in the scans. There were also other
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differences in scanning protocols. Such a diversity of image acquisition parameters was probably less influential in simple statistical features computed from the
difference image. But we believe that for local texture features that were used
for computing dissimilarities, image acquisition parameters were likely to play a
more important role.
When we devised a system to perform automated estimation of ILD progression, at first we tried to employ the results of computerized texture analysis
that segmented an axial CT section into regions of different texture types, as described in [88]. Computing differences between various texture types in baseline
and follow-up images would produce an estimate of change in disease extent. A
set of previously collected CT sections with manual annotations was available for
training a texture analysis algorithm. But a pilot system for the estimation of
ILD progression based on texture analysis showed quite unsatisfactory results.
Texture analysis, that employed the same local texture features as described in
chapter 5, did not perform well on new data acquired with different acquisition
characteristics.
Such an inflexibility of texture analysis was one of the reasons why we eventually devised the system presented in chapter 5 that did not require training with
previously collected data. Still, we assume that the diversity of image acquisition parameters existing in the current data set might have affected local texture
features and caused some of classification errors. It might be advantageous for
the system performance if a preprocessing step is introduced that estimates and
decreases the level of noise in images without smoothing them. Additional investigation is needed to find out whether different convolution kernels, or other
inherent characteristics of CT scanners, influence texture features and, if yes, how
to allow for it during preprocessing. A successful implementation of necessary
“image equalizing” steps would also revive the applicability of texture analysis, if
it could be used without annotating a new training set every time the system is
applied to images from a differen scanner or acquired with different settings.
We would like to conclude this general discussion by noting that in spite of not
showing perfect or near perfect classification performances as stand-alone systems,
the CAD applications presented in this thesis could be valuable instruments in
clinical practice. They were intended to support radiologists in making decisions
by providing them with a second opinion. For a radiologist, this is equivalent of
getting an opinion of a colleague. An obvious next step in our research would
be to conduct several observer studies in order to compare the performances of
radiologists with and without the assistance of these CAD systems. The systems
in this thesis were trained using, directly or indirectly, the reference standard
provided by experts. In this way, a trained CAD system can be compared to a
student that learnt from his teachers. By performing not significantly different
from radiologists in a number of experiments described here, we believe, our
“students” showed some intelligence, and there will be more improvement to come.

Samenvatting
Dit proefschrift beschrijft methoden om met behulp van computerprogramma’s
interstitiële longziekten en tuberculose te detecteren en de progressie ervan te
kwantificeren. Het onderzoek richt zich op twee-dimensionale Röntgenfoto’s en
drie-dimensionale computertomographie (CT) scans. De nadruk ligt op het gebruik van technieken uit de patroonherkenning zoals die toegepast worden in de
computer-ondersteunde diagnose van medische beelden. Hoofdstuk 1 bevat een
inleiding met achtergrondinformatie over patroonherkenning en medische beeldverwerking, interstiële longziekten, Röntgenfoto’s en CT scans.
In Hoofdstuk 2 wordt een nieuwe classificatietechniek voorgesteld die niet,
zoals gebruikelijk, het aantal correcte classificaties probeert te optimaliseren maar
een andere maat, de oppervlakte onder de ROC curve. Deze oppervlakte is
een manier om te meten in hoeverre de normale en abnormale samples gescheiden zijn wanneer ze gesorteerd gerangschikt worden. Deze techniek is geschikt
voor problemen waarbij er een onbalans is in de trainingsdata en waarbij de
klassen overlappen. De optimalisatie is echter computationeel complex omdat
deze kwadratisch toeneemt met het aantal trainingssamples. Een nieuwe optimalisatie wordt voorgesteld waarbij een selectie gemaakt wordt van de randvoorwaarden in plaats van het aantal trainingssamples en dit leidt tot betere resultaten.
De methode wordt toegepast op de classificatie van Röntgenfoto’s van patiënten
met en zonder interstitiële ziekte. Om het systeem te trainen worden alle pixels
uit de longvelden van de (ab)normale beelden worden als (ab)normaal beschouwd
en hierdoor overlappen de klassen sterk. Na classificatie van alle pixels worden
deze gecombineerd tot een score voor het hele beeld met een quantielregel.
Hoofdstuk 3 stelt een nieuwe manier voor om data te representeren die voordelig uitpakt voor zwakgelabelde data. Een beeld wordt beschouwd als zwakgelabeld als alleen bekend is dat het hele beeld normaal of abnormaal is, maar niet
bekend is waar de abnormaliteiten zich precies bevinden in de abnormale beelden.
Dit is een veel voorkomende situatie in de praktijk omdat een radioloog niet in
staat is precies aan te geven waar in een Röntgenfoto het normale gebied ophoudt
en het abnormale gebied begint. Als niet bekend is welke pixels abnormaal zijn
kunnen we in principe geen pixelgebaseerd classificatiesysteem trainen. In hoofdstuk 2 werd dit probleem omzeild door simpelweg aan te nemen dat alle pixels in
een abnormaal beeld abnormaal zijn, maar deze aanname is niet altijd correct. In
dit hoofdstuk benaderen we het probleem anders: we verlaten de pixelgebaseerde
aanpak en vergelijken beelden met elkaar door afstanden te berekenen tussen de
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verdeling van verschillende lokale textuurmaten. Door voor elk beeld de afstand
tot een aantal prototype beelden te berekenen kunnen we de beelden classificeren
voor elke textuurmaat, en deze classificaties combineren tot een eindresultaat. De
methode wordt toegepast op de classificatie van Röntgenfoto’s van patiënten met
en zonder interstitiële ziekte en op Röntgenfoto’s van patiënten met en zonder tuberculose. We tonen aan dat deze methode vergelijkbaar presteert als methoden
die wel getraind zijn met locale labels.
In Hoofdstuk 4 gebruiken we driedimensionale CT scans, geanalyseerd door
een radioloog, om veel preciezer te kunnen bepalen waar in tweedimensionale
Röntgenfoto’s de abnormaliteiten zich bevinden van patiënten met en zonder interstitiële longziekte. De afwijkingen die zijn aangegeven in de CT data worden
automatisch overgebracht naar het Röntgenbeeld. Een computersysteem wordt
getraind dat voor elk pixel in de longvelden bepaalt wat de waarschijnlijkheid is
dat dit pixel in een abnormaal gebied ligt. Dit wordt door middel van een kleurenoverlay weergegeven aan de gebruiker. Om het systeem te kunnen vergelijken met
radiologen worden de longvelden elk automatisch in vier gebieden verdeeld. Radiologen en het computersysteem scoren vergelijkbaar wanneer ze van deze gebieden
moeten aangeven of ze abnormaal zijn, zolang de abnormaliteiten duidelijk of subtiel zijn. Alleen bij zeer subtiele afwijkingen en afwijkingen in de regio van de
hilus scoren de radiologen beter.
Hoofdstuk 5 beschrijft een nieuwe toepassing van computer-ondersteunde diagnose. In CT scans van patiënten met interstitiële longziekte wordt de progressie
van de ziekte gemeten. Dit gebeurt door de follow-up beelden te vervormen zodat
ze per plak vergelijkbaar worden. Het systeem werkt daarna in twee stappen.
Eerst wordt bepaald of er sprake is van een stabiele situatie of van verandering.
In het laatste geval wordt vervolgens bepaald of er progressie of regressie van de
ziekte is waar te nemen. Twee verschillende sets van karakteristieken om deze
beslissing te kunnen nemen worden vergeleken: een die naar de verdeling van
densiteiten in de longvelden kijkt, en een die gebaseerd is op textuurmaten en die
de methode van afstanden tussen beelden uit hoofdstuk 3 gebruikt. De computersystemen worden vergeleken met twee radiologen. Mens en computer blijken
niet significant verschillend te presteren.
In Hoofdstuk 6 wordt de methode uit hoofdstuk 3 toegepast op een grote
database van een tuberculosescreening met digitale Röntgenbeelden. De methode
wordt uitgebreid door de analyse ook uit te voeren per longgebied, en hiervoor
wordt de onderverdeling van de longen in vier gebieden uit hoofdstuk 4 gebruikt.
De analyse van het hele beeld en de analyses per longgebied geven negen oordelen
die worden gecombineerd tot een eindoordeel waarbij de computer de waarschijnlijkheid schat dat het beeld normaal dan wel verdacht of abnormaal is. Hoewel
het systeem is getraind met normale beelden en beelden die in de screening als
verdacht zijn afgegeven, blijkt het niet veel slechter te werken wanneer het getest
wordt op een database met normalen en gevallen van bewezen tuberculose.
Het proefschrift sluit af met een samenvatting en algemene discussie in Hoofdstuk 7.
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