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Chest radiographs are the most common exam in radiology. They are essential for the management of
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various diseases associated with high mortality and morbidity and display a wide range of findings,
many of them subtle. In this survey we identify a number of areas beyond pulmonary nodules that could
benefit from computer-aided detection and diagnosis (CAD) in chest radiography. These include intersti-
tial infiltrates, catheter tip detection, size measurements, detection of pneumothorax and detection and
quantification of emphysema. Recent work in these areas is surveyed, but we conclude that the amount
of research devoted to these topics is modest. Reasons for the slow pace of CAD development in chest

les a
radiography beyond nodu

. Introduction

“A rapidly developing, exciting and potentially very reward-
ng investigative field in medicine is the adaptation of the digital
omputer to the rapid and accurate solution of many of our more
ifficult professional problems.” These lines have been taken from
he first scientific article that used the term computer-aided diag-
osis (CAD) in its title, written by Gwilym Lodwick in 1966 [1]. In
963, Lodwick et al. published a study on the analysis of pulmonary
odules detected in chest radiographs [2]. He used features that
ere visually determined by human raters from chest radiographs

s input for a Bayesian classifier, and the classifier determined the
robability that the nodules were cancerous. The first application
f CAD was thus in chest radiology.

Following the vision of Lodwick, CAD in chest radiography was
ctively researched in the 1970s [3]. This work was summarized in a
eview [4] as attempts to ‘fully automate the chest exam’, consistent
ith the overly optimistic view of the capabilities of computers to

nderstand images typical of those days. Forty-five years after Lod-
ick’s initial work, computer programs that rapidly and accurately

ead chest radiographs do not exist yet, and there is no indication
hat this situation will soon change. A more step-wise approach has
een followed in the last decades. Instead of developing an overall
omputer system that can name and find any abnormality on a chest

adiograph, many attempts have been made to automate just one of
he many aspects involved in the evaluation of chest X-rays. Within
his body of work, nodule detection has received by far the most
ttention. This can be explained by the potential consequences of
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missing a malignant nodule on a chest film, not only for the patient
but also for the physician [5]. Nodules are, however, relatively rare
findings on chest radiographs. In this article we will argue that it
may make sense to change the focus of research to other areas as
well.

In this survey we give a short overview of what has been done
in other important areas of CAD in chest radiography, with an
emphasis on recent publications. We first discuss what are sensible
research priorities (Section 2). Next, we survey work on computer-
ized detection of interstitial abnormalities (Section 3), of catheter
tips and pneumothorax (Section 4) and quantification of abnormal-
ities from the shape and size of anatomical structures (Section 5).
In Section 6 we discuss and summarize our findings.

2. Where to focus?

There are several ways to determine research priorities for the
computer analysis of a particular type of medical image, in this case
a chest radiograph. One approach is to consider the overall burden
of disease and consider for which diseases detection and quantifi-
cation with chest radiography is a common procedure. By 2020,
four of the seven major killers worldwide are expected to be lung
diseases [6,7]. COPD will rank #3, just after ischaemic heart disease
and cerebrovascular disease. Detecting signs of COPD, for exam-
ple emphysema, from chest radiographs is therefore an interesting
research direction. However, computed tomography (CT) is a much
better modality for early detection and measuring the progression

in COPD. Lower respiratory infections will rank #4, and is cur-
rently even ranking #3. Although this most often affects the elderly,
around two million children die yearly from pneumonia, espe-
cially in developing countries [8]. Clinical decisions for managing
childhood pneumonia rely heavily on findings in chest radiographs.

http://www.sciencedirect.com/science/journal/0720048X
http://www.elsevier.com/locate/ejrad
mailto:bram@isi.uu.nl
dx.doi.org/10.1016/j.ejrad.2009.05.061
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ecently, the first CAD system for the detection of pneumonia from
ediatric X-rays has been proposed [9]. Lung cancer is #5, and this
as been the prime target of CAD research in chest radiography.
t the moment however, tuberculosis (TB) is worldwide a more
ommon cause of death than lung cancer. Chest radiography is
ncreasingly seen as one of the most effective techniques to improve
iagnosis and treatment of TB, especially smear-negative TB [10]
hat occurs very frequently in populations with a high incidence of
IV/AIDS (expected to become the #3 killer worldwide by 2030).
omputer-aided detection of TB on chest radiographs can be a cru-
ial tool to improve the effectiveness of mass chest screening for
B.

Another approach to determine the potential for CAD is to inves-
igate what findings are common in chest radiographs. This was
one by MacMahon et al. [11] in a study where all abnormal find-

ngs in 1089 consecutive chest X-ray examinations obtained at
he University of Chicago were recorded and the subtlety of each
nding was subjectively rated. The exams included 512 portable
nterior–posterior examinations and 577 standard examinations at
he radiology department in which both a posterior–anterior and a
ateral image was acquired. By far the most common finding (55%
f all exams) were pulmonary infiltrates, which included all com-
inations of interstitial and air-space disease. Next in the list were
atheters (33%), present on more than half of all bed-side exams.
bnormalities of heart size or heart contour ranked third (27%).

nterestingly, nodules were relatively rare, with 5% and the authors
ote that in the average community hospital the incidence of nod-
les would probably be even lower. However, missed cancer is one
f the main reasons for malpractice lawsuits in radiology [5], which
xplains some of the attention that nodule CAD has gained. If the
urpose of a CAD chest workstation would be to aid the radiologist

n the detection and quantification of common findings, it would
ake sense to focus on the detection of infiltrates, catheters and

bnormalities of the size or contour of the heart.
An alternative would be to develop computer assistance for the

etection of subtle findings that may be overlooked or may be very
ard to pinpoint precisely. The most frequently encountered subtle
ndings were catheters. In 10% of all exams, catheters could not be
isualized completely and often the position of the tip could not
e reliably determined. Four percent of all exams contained very
ubtle infiltrates, predominantly interstitial. Although over 90% of
ll detected infiltrates were not subtle, this class of findings was
o common that they still constituted the second most common
ubtle abnormality. Third among difficult to detect abnormalities
anked pneumothorax. Interestingly, only 16 out of the 42 exams in
hich a pneumothorax was detected the clinical information that

ame with the radiograph specifically asked to detect or rule out
neumothorax. From this investigation, the only in its kind that we
ave been able to find, one could conclude that radiologists might
enefit most if sensitive CAD schemes were developed to detect
ubtle infiltrates indicative of interstitial lung disease, to localize
atheter tips and to detect the presence of pneumothorax.

The list of other abnormalities in [11] is long, suggesting that
here are many more potential applications of CAD in chest radiog-
aphy. In this survey we will focus on recent results obtained in the
reas we have identified in this section.

. Texture analysis

Differential diagnosis of interstitial lung disease from chest

adiographs is one of the most challenging topics in radiology. One
uthor that presented a systematic approach to the problem [12]
alled it a “dying art”, probably referring to the increased reliance on
T for this task. He argued, however, that a short differential diag-
osis can often be generated, or even a probable diagnosis if clinical
l of Radiology 72 (2009) 226–230 227

history is available, as long as the dominant underlying patterns are
recognized.

The closest attempt to implement such an approach in a com-
puter is probably the work by researchers from the University of
Chicago with publications ranging from 1990 to 2004 [14,13]. They
defaulted to the original approach used by Lodwick [2] and had
radiologists rate their findings, including location and severity of
nodularity, septal lines, honeycombing, lymphadenopathy, pleural
effusions and heart size. These were input into a neural network.
The network produced likelihoods for 9 and later 11 diseases. It was
shown that the diagnostic accuracy of radiologists was improved if
they used the CAD system as a second opinion.

The recognition of the patterns can also be done automati-
cally. Contrary to nodule detection, these patterns are diffuse and
therefore typically a large number of regions (covering the entire
unobscured lung fields or only the peripheral areas) are analyzed.
From an image processing point of view, this is usually considered
a texture recognition problem. For texture analysis, a very large
number of techniques have been proposed in the literature. They
involve comparing the distribution of intensities in a neighbor-
hood around each pixel in the lung fields, and that can be done
in many ways. For a clinician, it is hard to get a clue what the
relative merits are of techniques that go by colorful names such
as wavelet transforms, projection profile analysis, locally orderless
images, normalized fractal dimension, multi-scale Gaussian deriva-
tives, geometric pattern feature analysis, co-occurrence matrices,
Fourier analysis, histogram moments, and many more. Unfortu-
nately, there exist no general theory for texture analysis that proves
one framework to be generally superior. All techniques replace the
pixels in an image patch with a smaller set of numbers (features)
that characterizes the texture along several dimensions, such as
coarseness, local contrast, orientation, and so on. A large body of
work was done at the University of Chicago using an ILD database of
100 normal and 100 abnormal cases where the reference was con-
structed by consensus of four radiologists. Various techniques were
applied, and in general good results were obtained if the computer
rated, standalone, the likeliness that a radiograph was abnormal, up
to areas under the ROC curve of 0.98 [3,15]. Limited observer studies
indicated that the use of such systems could improve radiologists’
performance.

One of the main issues with texture analysis is its sensitivity to
variations from projected normal anatomy, sometimes referred to
as anatomical noise [16]. To reduce this effect, attempts have been
made to ignore the rib edges in the analysis [17], to segment the
ribs [18] or even suppress all bony anatomy by a special nonlinear
filter that has learned the mapping from a normal chest radiograph
to a dual energy soft tissue image [19].

Another major hurdle is the development of an accurate ref-
erence standard. It may be possible, by follow-up or additional
work-up with other modalities, to reliably determine the presence
of absence of disease in a radiograph. This could be used to vali-
date a technique that is aimed at judging a complete radiograph.
If the output of the technique is a map of the likelihood of a local
abnormality, one needs a local reference standard for validation.
More importantly, even systems that analyze entire radiographs do
so by local analysis and most systems learn how to map the texture
features to a probability of abnormality from examples. Thus the
algorithm needs training cases where for every image location it is
known if this location is normal or abnormal, or even to which pat-
tern an abnormality belongs. In [20] a method is described that can
train a system without the need for a local reference. In [21] such

a local refernce standard has been created by using multi-detector
CT as a reference standard. Delineations on coronal slices of the CT
data from the same subject were warped to fit the radiograph. A CAD
system trained with this reference data was shown to detect infil-
trates with an accuracy comparable to a chest radiologist, except in
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he hilar region. The variability of normal anatomy in this region
akes it difficult to train a CAD system with a relatively small set

f examples.
Texture analysis is also applicable to other detection tasks. In

22] a computer system was presented that divides each lung into 12
reas and for each area texture features were computed and used to
etermine the probability that the region was abnormal. The results

or all regions were merged into a final verdict about the complete
mage. This was used to detect cases suspect for the presence of
B and it achieved an area under the ROC curve (AUC) of 0.82 for
database taken from a TB chest screening program with small

0 cm × 10 cm films. The system was retrained and applied without
odification to the ILD database mentioned above and achieved an

UC of 0.98 on this data set.
Recently a system was presented to detect the presence of child-

ood pneumonia in pediatric X-rays [9]. Although the study has a
umber of limitations, such as an evaluation on only 20 cases and

imited image quality because films were photographed from a light
ox with a digital camera with low resolution and bit depth, the
esults were promising with an AUC of 0.97. Interestingly, the tex-
ure features were in this study computed over the entire image, so
ung segmentation was not applied.

This step was also omitted in a study where the projection
rofiles, obtained by adding up all densities along the horizontal
r vertical direction, were used to detect radiographs with gross
bnormalities [23]. It seems unlikely that such a crude technique
ill work to find more subtle abnormalities, and the technique is

ld, it was already used by [24] to detect abnormal asymmetry in
rontal chest radiographs.

. Detection of catheters and pneumothorax

Localization of a catheter and especially of the catheter tip was
he most frequently encountered difficult task in [25]. This task was
lso used in a detection study [26] that compared different types of
onitors for viewing bedside chest radiographs. Here the presence

f catheters in the patient was simulated by placing fragments of
upport catheters on the cassette. Similar simulations have been
sed in other studies [28,27].

We have found only one study that particularly addressed the
ask of finding a catheter tip in a bedside chest examination [29].
his study required the user to click on two nearby seed points on
he catheter. From these seeds, the initial direction of the catheter
as determined and a template was selected that modeled the pro-
le of intensities perpendicular to the catheter. A predetermined
et of templates was designed for different types of catheters and
ubes. Starting from the seed points, the catheter is tracked by com-
uting normalized cross-correlation between template and image
ata and track the catheter in the direction that gives the best fit. The
rocedure ends when no sufficient fit can be found on the assump-
ion is that at this point the tip of the catheter has been determined.
he method was evaluated on a small set of cases and could cor-
ectly locate a catheter tip in 6 out of 7 cases and a tube in 3 out of
cases.

Clearly more work needs to be done before this method could be
pplied in the clinic. It seems that the determination of the initial
eed points could be automated. A number of methods that have
een proposed in the literature for guidewire tracking may also be
pplicable to this task.

From an image processing point of view, the task of detecting a

neumothorax, another commonly encountered subtle finding on
hest radiographs, is related to the problem of catheter localiza-
ion. In both cases a subtle thin line needs to be detected. Major
ork on automatic detection of pneumothorax is more than 15

ears old [30]. In this study the Hough transform, a standard image
l of Radiology 72 (2009) 226–230

processing technique to find lines, was used and special steps were
designed to avoid false positive detections, for example from the
bony anatomy. On a test set of 50 radiographs with 22 pneumoth-
oraces, the method achieved 77% sensitivity with on average 0.44
false positives per image.

5. Size and shape measurements

Abnormalities of cardiac size are one of the most frequent
findings in chest X-rays. The cardiothoracic ratio is a well-known
measurement to quantify cardiomegalomy and attempts to auto-
mate the determination of the CTR date back a long time ago
[31]. A segmentation of the unobscured lung fields is sufficient
to determine the ratio. The problem has received considerable
attention [32]. In [33] several methods for segmentation of the
lungs and heart in chest radiographs were compared and the
TCR determined by the best performing method agreed as well
with a human observer as a second human observer. However,
the radiographs in this study did not contain gross abnormali-
ties and if these are present, segmentation of the lung fields is
considerably harder. Recently new methods to segment the lung
fields in chest X-rays have been published [34,35] that use local
shape models and patient-specific shape models of the lung. One
of these [34] was remarkably robust to pathology and was used
in a clinical environment to determine the TCR and enter this
information into the hospital PACS. A commercial solution for auto-
matic determination of the TCR is, to our knowledge, not available
yet.

Other measurements that can be easily inferred from segmen-
tations is the total lung capacity (through a simple approximation
formula) [36], or a two-dimensional extension of the CTR [37].

More challenging is to make a classification of disease from
the shape of a segmented object. In [38] a method is presented
to determine the presence of emphysema from the shape of the
unobscured lung fields in PA and lateral chest radiographs. The
radiographic criteria for presence or absence of emphysema were
proposed long ago by [39]. Based on these criteria, two radiologists
rated chest exams from 160 subjects with a clinical diagnosis of
COPD and 160 age and sex-matched smokers and ex-smokers with-
out pulmonary function impairment. Sixty subjects in the COPD
group were rated as having emphysema and none in the control
group. Lung fields were manually delineated in all exams. The lung
contours were approximated with polygons and from these, nine
geometrical shape features were computed. These were entered
in a classifier and this system was able to classify 90% of all cases
correctly (sensitivity 88%, specificity 91%). This indicates that chest
radiographs could be used to assess the presence of emphysema.
A limitation of the study was that emphysema was not confirmed
by CT. The clinical value could be detection of emphysema in radio-
graphs obtained for other reasons and if a relation to severity of
emphysema could be established in the future, it could be a simple
technique for follow-up of the disease.

6. Discussion and conclusions

The majority of work in computer-aided detection and diagno-
sis in chest radiography has focused on lung nodule detection. This
is also the only task for which commercial systems are available.
Considering the burden of lung diseases and the role of chest radiog-
raphy in the management of patients with these diseases, one could

argue that other tasks, such as the detection and quantification of
tuberculosis, pneumonia and COPD should receive more attention.
Considering frequent and subtle findings in chest radiographs iden-
tifies other important and largely unaddressed tasks: detection of
subtle infiltrates associated with interstitial lung disease, the local-
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zation of catheters, the detection of pneumothorax and a variety
f size measurements such as the automatic measurement of the
ardiothoracic ratio.

Our survey of the recent literature showed that actually little
ork has been done in this area. It also seems that older work, par-

icularly in the area of detecting and diagnosing interstitial lung
isease, has not led to widespread application of these techniques.
everal review articles have made predictions or expressed expec-
ations about the availability of CAD tools for the analysis of chest
lms that have not been realized.

What could be the reasons for the slow development of CAD
ools for the chest that go beyond nodules? Not the lack of interest
or CAD in general. A Pubmed search reveals that the number of
rticles included in the database is rapidly growing. It was around
0 per year from 1970 to 2000 and has increased to over 100 per
ear since 2004, with 175 publications in 2008.

One factor is the large number of different tools that would
ave to be developed. Other CAD areas also focus almost exclu-
ively on the early detection of cancer (mammography, chest CT,
irtual colonoscopy). Moreover, many of the tools that would be
seful in chest radiography are not simple to develop at all. Com-
uter vision is still not well developed, and a good rule of thumb

s that something that is hard for a human observer is also diffi-
ult for a computer. Large amounts of research effort may close
hat gap, as seems to be the case for mass detection in mammogra-
hy where CAD algorithms can assess the probability that a suspect
egion contains a malignant mass with an accuracy comparable to
xpert radiologists [40]. In other tasks the computer may be at an
dvantage compared to humans, for example in the detection of
icro-calcifications in mammograms. For chest radiography, the

utomatic determination of heart size could be such area. Here the
act that such a small application cannot be commercialized eas-
ly may explain the fact that these measurements are still made by
and in clinical practice today.

If radiologists, industry and standardization committees could
nsure that it is easy to plug-in functionality in a PACS viewing
nvironment, it is likely that many smaller tools will become avail-
ble. If a system could be set up in which a small fee could be
harged for using the tool, these tools would be rapidly improved.
uch an infrastructure, that exists for mobile phones and web
rowsers, could revolutionize radiology. Extensions to the DICOM
tandard are already underway that would facilitate such a transi-
ion [41].

A major impediment to further development of CAD is the lack
f public databases that are available to train and test systems.
here is no equivalent of the JSRT database for lung nodules [42]
r the LIDC database for chest CT [43] in the area of interstitial

ung disease. Establishing a reference standard is complicated and
adiologists should indicate what exactly they would like to be
ddressed. Detection of abnormalities or distinguishing different
ominant patterns, quantification of disease progression, and dif-

erential diagnosis are all distinct tasks. A clearly defined task with
large annotated publicly available data set would certainly attract

he attention of research groups worldwide. Vice versa, researchers
n image processing should put more effort in communicating with
adiologists. It is hard to understand how computer algorithms
ork if they are presented in technical jargon. The fact that clin-

cal journals increasingly allow the publication of technical notes
an certainly help to close this gap.

Notwithstanding the slow pace of CAD development so far, chest
adiographs remain the most common radiological exam, and dig-

tal radiography is increasingly being used to image the chest. This
reatly facilitates the analysis of this data by computers [16] and
hus there are many opportunities for automatic detection and
uantification of abnormalities in chest radiographs beyond nod-
les.

[
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