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Computer-aided diagnosis (CAD), encompassing computer-
aided detection and quantification, is an established and
rapidly growing field of research. In daily practice, how-
ever, most radiologists do not yet use CAD routinely. This
article discusses how to move CAD from the laboratory to
the clinic. The authors review the principles of CAD for
lesion detection and for quantification and illustrate the
state-of-the-art with various examples. The requirements
that radiologists have for CAD are discussed: sufficient
performance, no increase in reading time, seamless work-
flow integration, regulatory approval, and cost efficiency.
Performance is still the major bottleneck for many CAD
systems. Novel ways of using CAD, extending the tradi-
tional paradigm of displaying markers for a second look,
may be the key to using the technology effectively. The
most promising strategy to improve CAD is the creation
of publicly available databases for training and validation.
This can identify the most fruitful new research direc-
tions, and provide a platform to combine multiple ap-
proaches for a single task to create superior algorithms.

© RSNA, 2011
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crisis is looming in radiology. The

number of imaging studies grows

steadily, as well as—may be even
more drastically—the number of images
per study (1). Radiology is now threat-
ened by its own success: The workload
of radiologists has increased dramati-
cally, the number of radiologists still is
limited, and health care costs related to
imaging are rising fast. New approaches
to handle the data explosion are there-

® Computer-aided diagnosis (CAD)
holds great potential for radi-
ology; its utilization will depend
on its ability to speed up the
diagnostic process and reduce
errors.

B Cost efficiency and reimburse-
ment are important consider-
ations as long as CAD is not yet
an integral part of every clinical
workstation.

® Many current systems do not
yet perform well enough to be
considered useful by most radi-
ologists; creating vast databases
for training and validation of
CAD are the most promising
strategies to rapidly improve
CAD.

B The standard paradigm of CAD
as the image equivalent of a
“spellchecker” may not be the
optimal use of the technology;
using CAD for interpretation, by
providing the radiologist with the
degree of suspicion for lesions as
determined by the computer,
may be more effective than only
placing markers.

® Radiologists have a key role in
CAD development: They need to
identify promising application
areas, help create high-quality
annotated databases for training
and validation of CAD systems,
and demand that manufacturers
embrace open standards so that
the best CAD software can be
readily installed on any
workstation.

fore needed. Computer-aided diagnosis
(CAD) may hold the key to the problem:
If successful, it can speed up the diag-
nostic process, reduce diagnostic errors,
and improve quantitative evaluation.

In this article we consider the defi-
nition of CAD broadly, as in “the use of
computer algorithms to aid the image
interpretation process” (2). Most CAD
systems are about detection, which is
why CAD can also stand for computer-
aided detection. CAD is now widely used
as a general term, including computer-
ized extraction of quantitative measure-
ments from medical images. From the
point of view of algorithm develop-
ment this is natural, because detection
and quantification use similar underly-
ing techniques, and because they are
both part of the diagnostic process.

CAD and Computing Power

To a large degree, progress in CAD is
fueled directly by Moore’s law, the dou-
bling of computational power every
2 years (3). This trend has continued
for half a century and is not expected to
stop for at least another decade. Ac-
cording to futurists like Kurzweil (4),
a $1000 computer will have the com-
putational power of a human brain
around 2030, and the power of hun-
dreds of human brains 10 years later.
Faster and cheaper hardware allows
for more intensive computations and
for larger training databases. This will
generally lead directly to better CAD
performance.

However, improvements in software
are also needed. First results on the
classification of pulmonary lesions on
chest radiographs were published in
Radiology by Lodwick et al in 1963 (3)
and he used the term computer-aided
diagnosis for the first time in the sci-
entific literature in 1966 (6). Current
computers are about 30 million times
faster than the ones used by Lodwick,
but developing better software algo-
rithms for the detection and classifica-
tion of pulmonary nodules on chest
radiographs is still an active research
area (7). It becomes increasingly diffi-
cult to improve CAD algorithms, and
ever faster computers offer developers

more possibilities to explore. The yearly
number of publications related to CAD
has increased fivefold in this decade
compared with the previous one (Fig 1).
CAD is on the verge of a breakthrough
and in some application areas it can
already rival radiologists’ performance
in terms of sensitivity and specificity.
However, in many other areas CAD sys-
tems generate many more false-positive
findings than their human counter-
parts, when set to perform at sensitiv-
ity levels comparable to those of an ex-
perienced radiologist.

Requirements for CAD

CAD has to meet several demands to
be used widely in clinical practice. We
distinguish four major requirements:
(a) CAD should improve radiologists’
performance. (b) CAD should save time.
(c) CAD must be seamlessly integrated
into the workflow. (d) CAD should not
impose liability concerns and the incre-
mental costs should be negligible or re-
imbursed.

Most CAD systems today do not
meet all requirements, and this is why
most applications described in the rap-
idly growing body of scientific literature
on CAD are not widely used in clinical
practice.

CAD for Lesion Detection

Current systems for computer-aided de-
tection have been introduced as com-
plementary tools that draw the radiol-
ogists’ attention to certain image areas
that need further evaluation. They do
not detect all potential lesions, which
would allow the radiologist only to fo-
cus on the areas identified by the CAD
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system. In other words, it is necessary
for the radiologist still to evaluate the
whole image. However, the systems could
detect additional lesions that might have
escaped the radiologist’s attention.

How Does It Work?

Programming digital computers to un-
derstand images is very difficult: One
tries to give a step-by-step recipe to tell
if an area on an image looks suspicious.
To do this, a CAD system breaks the
problem into various components. For
radiologists who use CAD, it is impor-
tant to have a basic understanding of
these components to be able to under-
stand why the output of a CAD system
is sometimes incorrect even if the error
is obvious for a human. Unfortunately,
most vendors reveal little about the in-
ner workings of their algorithms and
supply only a “black box.”

Preprocessing. —Many CAD systems
start by preprocessing the image data.
Scanned images need to be calibrated,
data may have to be resampled to a
fixed resolution, and noise removal can
be applied. The goal of preprocessing
is to remove differences between data
from different sources or obtained with
different protocols. Computers, being
blind number crunchers, are easily misled
by differences that humans can readily
ignore. If a CAD system is trained with
and tested only on data from one in-
stitution, as is commonly the case for
studies reported in the scientific litera-
ture, preprocessing may not be neces-
sary, but the results may not be gener-
alized and may not hold true in different
settings.

Segmentation.—The second step is
segmentation, the division of an image
into anatomic regions. Segmentation can
be very challenging and is considered
the pinnacle of computer vision (8) and
one of the most studied areas in med-
ical image analysis (64). Humans rely on
a variety of cues, on prior knowledge,
and on recognition of related structures
to parse an image and immediately see
“what is where.” Compared with this,
current computer algorithms for seg-
mentation are still crude. Figure 2 shows
an example of locating the unobscured
lung fields on chest radiographs. This
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Graph shows number of publications on or related to CAD per year from 1966 through 2009

(last bar). Data were obtained from a PubMed search with search term “computer-aided diagnosis”[Title/
Abstract] OR “computer-aided detection”[Title/Abstract] OR “computer-assisted diagnosis”[Title/Abstract]

OR “computer-assisted detection”[Title/Abstract].

case is simple for radiologists because
they understand the contents of the
image, and immediately notice an un-
usual amount of air in the colon. Several
state-of-the-art computer segmentation
methods failed with this case; no
methods exist today that are so versa-
tile that they recognize something (air
in the colon) that is not part of the task
(outlining the lung fields). Computer-
aided detection systems usually do not
show what they have segmented, argu-
ably because this is not the informa-
tion the user is primarily interested in.
However, incomplete segmentation can
make CAD systems miss lesions in the
unsegmented areas.

Candidate detection.—Next, a num-
ber of locations are identified that merit
further attention. These locations are
usually referred to as candidates: po-
tential tumors, microcalcifications, pol-
yps, but also regions that may hold
diffuse abnormalities. Candidate detec-
tion is the most application-specific step
in a CAD system. It could consist, for
example, of a nodule-enhancing filter

followed by thresholding. At this stage,
CAD should be very sensitive, while
specificity can be low; any lesion that
is missed at this stage will not be de-
tected, while improving specificity is
the goal of the next stages where each
candidate lesion is scrutinized in more
detail.

Feature extraction.—Next, each can-
didate is further analyzed. Almost all
systems use the vector space paradigm.
This means that for each candidate
lesion, a fixed number of characteris-
tics, called features, are computed.
Features may be the mean value across
the candidate, the standard devia-
tion of the values, the border gradient,
or other more complex mathematical
descriptors of the candidate and its
surroundings. This is a crucial step in
a CAD system because now each can-
didate is represented by a vector, a
row of numbers, one for each feature.
The feature vector can be represented
geometrically by a point in feature space.
This feature space has a dimension that
is identical to the number of features.
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Figure 2

d.

Figure 2:

(a—c) Chest radiograph and two segmentations of lung fields, heart, and clavicles performed by human operators. The protocol indicated that the contour

of the lung field should follow the diaphragm. (d—f) Three segmentations produced by state-of-the-art segmentation algorithms: from left to right, active shape
models, pixel classification, and active appearance models, respectively (57). In this case the left diaphragm is elevated and there is a large air-distended colon loop
directly underneath it. All automatic segmentation methods fail to cope with this unusual situation.

This places the problem within the well-
established domain of pattern classifica-
tion, also known as machine learning.
Pattern recognition techniques are widely
applied in countless applications outside
medical image analysis.
Classification.—In pattern recogni-
tion, the problem of identifying regions
in feature space where normal and ab-
normal candidates are located is solved
by training a classifier. This requires a
training set consisting of correctly clas-
sified candidates. Such a training set is
usually created by having a human pro-
vide a reference standard with correct
classifications, for example by indicating
lesions on chest radiographs with prior

knowledge of their location on a com-
puted tomography (CT) scan obtained
in the same patient.

The process is complicated by the
fact that some true lesions may reside
within regions in the feature space mostly
occupied by “non-lesions” or vice versa.
A wide variety of well-established clas-
sification techniques exist (9,10). A
wealth of techniques is also available to
automatically select the best features
from a large set of potentially useful
ones, or to combine features to yield
more powerful ones. The major research
laboratories in CAD have large computer
clusters that are permanently running
feature selection processes. Contrary to

what is suggested in some studies, there
is no single best technique for classifi-
cation; neural networks (11), support
vector machines (12), and Bayesian tech-
niques (10) are all mathematical models
that may or may not work well depend-
ing on the task at hand. CAD researchers
should therefore always experiment with
several classifiers.

System output.—The CAD analysis
ends when every candidate has been
assigned a degree of suspicion by the
classifier. All candidates with a degree
of suspicion above a threshold, often up
to a preset maximum of markers per
image data set, are displayed to the ra-
diologist using an arrow, a circle, or a
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CAD Systems Approved or Cleared by the FDA in the United States

Name/Company What It Does Type of Approval First and Last Date

Imagechecker/R2 Technology, Sunnyvale, Calif; Mass and microcalcification detection on mammograms PMA 6/1998-9/2007
Hologic, Bedford, Mass

Logicon caries detection/GA Industries, Detection of caries on intraoral radiographs PMA 9/1998-1/2007
Rancho Palos Verdes, Calif

Rapidscreen, Onguard/Riverain Medical, Nodule detection on chest radiographs PMA 7/2001-8/2007
Miamisburg, Ohio

SecondLook/Icad, Nashua, NH, Mass and microcalcification detection on mammograms PMA 1/2002-10/2008

LungCare Nodule Enhanced Viewing/Siemens, Nodule detection and volumetry at chest CT 510(k) 11/2003
Erlangen, Germany

MedicLung/MedicSight, London, England Nodule segmentation and viewing at chest CT 510(k) 12/2003

CT Colonography/General Electric, Fairfield, Conn Detection of polyps at CT 510(k) 5/2004

Imagechecker-CT/R2 Technology, Sunnyvale, Calif Detection of pulmonary embolism at chest CT 510(k) 6/2004

Lung CAR/MedicSight, London, England Nodule detection and volumetry at chest CT 510(k) 7/2004

Colon Car/MedicSight, London, England Detection of polyps at CT 510(k) 10/2004

Syngo Colonography/Siemens, Erlangen, Germany Detection of polyps at CT 510(k) 10/2004

IQQA/EDDA, Princeton, NJ Nodule detection on chest radiographs 510(k) 10/2004

Kodak Mammography CAD Engine/Carestream, Mass and microcalcification detection on mammograms PMA 11/2004-3/2007
Rochester, NY

Advanced Lung Analysis 2/General Electric, Nodule detection and volumetry at chest CT 510(k) 11/2004
Fairfield, Conn

Syngo Lung CAD/Siemens, Erlangen, Germany Nodule detection and volumetry at chest CT 510(k) 10/2006

ImageChecker CT CAD/Hologic, Bedford, Mass Nodule detection and volumetry at chest CT 510(k) 12/2007

Note.—PMA = premarket approval; this type of approval is needed for devices that pose a serious level of risk to the user, and PMA indicates the FDA believes that a new or modified device is safe and
effective. 510(k) clearance means that the FDA considers a device “substantially equivalent” to a predicate device. As of 2003, the FDA allowed 510(k) clearance for workstations with integrated CAD
capabilities. It is not legal to say that devices with 510(k) clearance have been approved by the FDA. Information in this table was obtained from the FDA Web site using PMA product code MYN and

510(k) product codes OMJ, NEW, and OEB.

color overlay. For commercial systems,
this internal threshold can usually not
be adjusted by the radiologist and he or
she is not provided with the degree of
suspicion computed by the CAD system.
The CAD output is therefore just a cer-
tain number of markers shown on the
image that have to be inspected by the
radiologist to determine whether the
indicated region is considered true or
false positive.

Clinical Applications
A wide variety of lesion detection sys-
tems exist and have been described in
surveys (2,7,13-20) but there is no au-
thoritative overview of commercialized
systems available today. The Table lists
CAD systems that have received ap-
proval or clearance from the U.S. Food
and Drug Administration (FDA).

By far the most widely used lesion
detection systems are those aimed at
mammography breast cancer screening.

From sales figures released by manufac-
turers it can be inferred that around
10000 CAD systems are now in use in
the United States. These systems have
been steadily improved over the past
decade (21) and have been evaluated
in large prospective studies (22-24).
Mammography CAD systems detect both
mass lesions and clusters of microcalci-
fications. Especially for the latter, CAD
systems show high performance and
this feature is appreciated by radiolo-
gists in screening practice (80). Most
computer systems analyze only a single
mammogram at a time. Combining in-
formation from multiple views and pre-
vious examinations is a promising di-
rection for future research, as well as
effectively integrating information from
multiple modalities that are becoming
available for breast cancer detection,
such as ultrasonography (US), magnetic
resonance (MR) imaging, and digital
breast tomosynthesis (14).

Multiple commercial systems are
also available for the detection of lung
nodules on CT scans or chest radio-
graphs. They have been tested by inde-
pendent researchers but no large-scale
prospective clinical studies have been
reported, and these CAD systems are
not yet in widespread clinical use.
For nodule detection on chest radio-
graphs, multiple studies have shown
that the detection performance can
be improved using CAD, especially for
less-experienced readers, but with vari-
able amounts of decrease in specificity
(7). Unlike with CT, with radiography
it seems to be much more challenging
for the radiologist to effectively differ-
entiate true- from false-positive candi-
date lesions especially when findings
are subtle. Future work should focus
on further reduction of the amount
of false-positive markers produced by
CAD, and the integration of prior ra-
diographs in the CAD analysis. Lung
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nodule detection at CT has been very
actively developed in the last 10 years
(18,81). Results of observer performance
studies indicate that accuracy in the de-
tection of lung nodules on chest CT
scans can be improved significantly with
the use of CAD (14,81). The main chal-
lenges for CAD are the detection of
nodules with complex vascular attach-
ments and the detection of part-solid
and nonsolid nodules (81). Developing
CAD schemes to estimate the probability
that a pulmonary nodule is malignant is
currently an active research field, now
that large ongoing screening trials are
generating substantial numbers of be-
nign and malignant nodules for training
such systems (19).

A number of companies and re-
search groups have developed CAD for
the detection of polyps at CT colonog-
raphy (82). Reported sensitivities of
CAD stand alone range from 80% to
100% with two to 15 false-positive
markers per scan. Although these re-
sults sound very promising, one has to
be aware that most of the studies used
a small data set for evaluation (82).
Not many studies have investigated
the effect of CAD on physicians’ inter-
pretation of CT colonography studies.
One study found that CAD signifi-
cantly increased per-patient and per-
polyp detection and significantly re-
duced interpretation times (83). Future
challenges for CT colonography CAD
include achieving robustness for vari-
ation in CT scanning techniques and
colon preparation methods and com-
bining information from prone and su-
pine scans.

Many other CAD systems are being
developed by industry and in academic
centers. The Aunt Minnie Web site
provides an overview (25) that lists
eight systems for mammography, four
systems each for breast MR imaging,
chest radiography, and CT nodule de-
tection, three systems for CT colonog-
raphy, two systems each for breast
US and positron emission tomography
(PET)/CT and single photon emission
computed tomography (SPECT)/CT tu-
mor analysis, and one system each for
prostate MR imaging analysis, liver CT
tumor analysis, and the detection of pul-

monary embolism with chest CT. Dozens
of other systems have been described
in the literature.

CAD Performance for Lesion Detection

The usefulness of CAD depends on the
number of true-positive and false-positive
markers. Researchers have pointed out
that CAD can be useful even if its sen-
sitivity and false-positive rate are be-
low that of the radiologist using the
system: The theory is that true-positive
CAD markers pointing to lesions ini-
tially missed by the radiologist will be
accepted by him, while he will not be
moved to accept an excessive number
of false-positive markers. This theory
may not always hold in practice, and
this may be one reason why some stud-
ies find a significant improvement when
readers use CAD, whereas other stud-
ies do not find such an effect or find
only an increase in sensitivity with a
corresponding loss of specificity (7,24).
For some applications, for example nod-
ule detection in thoracic CT, researchers
have implied that the large number
of false-positive markers is not a major
problem because these markers can
easily be dismissed by the radiologists
(26). Even if this statement were true,
checking many false-positive markers
is likely to increase reading time. Our own
clinical experience suggests the follow-
ing rule of thumb: To be useful, stand-
alone performance of CAD should be
close to that of an expert radiologist—
that is, at the specificity level of an expert,
CAD should reach expert sensitivity.

Challenges

Evaluation.—FDA approval was consid-
ered mandatory for lesion detection
systems from the early days of CAD,
but the FDA has not defined a clear
policy regarding evaluation require-
ments for CAD. Since 2004, no more
new systems have received PMA ap-
proval. Instead, several devices received
the much less stringent 510(k) clear-
ance. Manufacturers have described
lesion detection algorithms as an ad-
vanced visualization filter and received
clearance for diagnostic workstations
that included these visualization tools.

These workstations were considered
equivalent by the FDA to other work-
stations that lacked this functionality.
In the past few years hardly any CAD
system has received approval, to the
general dismay of manufacturers. Last
year the FDA organized a hearing to
discuss how CAD systems should be
evaluated (27).

It is surprisingly difficult to evalu-
ate CAD. Stand-alone performance of
CAD without human interaction is a
very good indicator of the magnitude
of the potential effects of CAD—it de-
termines how many and what kind of
lesions can be detected at how many
false-positive markers per examination.
However, when CAD takes the role of a
second reader, the interaction between
CAD and the reader will eventually de-
termine the diagnostic impact of the
CAD application. It is not possible to
quantify this from reader studies alone,
because there are many aspects in-
volved that only become apparent once
systems are used in clinical routine,
such as economic, psychologic, medico-
legal consequences, and the health care
implications of secondary induced ex-
aminations.

As recently pointed out in an edito-
rial by Gur (28), it becomes more diffi-
cult to prove a clinically relevant im-
provement by a certain technique (eg,
CAD) the higher the baseline perfor-
mance of the radiologist is to start with.
Studies that evaluate CAD, even for the
same application, show widely varying
levels of baseline performance (7,28)
While statistics may show significance
for small differences, the perspective
in terms of clinical relevance and impor-
tance remains frequently unanswered.
In studies with a limited and selected
group of readers (mostly four to six),
the chance that outliers have a great in-
fluence on the outcome results is high.

Interpreting CAD markers.—Simply
providing the radiologist with candi-
date lesions may not represent the
most effective way to achieve the goal
of CAD—increase sensitivity without a
corresponding loss of specificity. Our
clinical experience so far shows that
it is harder for the radiologist to differ-
entiate between true- and false-positive
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markers than one would expect (78).
Dependent on the individual accep-
tance or skepticism level of the reader,
he will dismiss true-positive CAD can-
didate lesions or accept false-positive
markers. The trade-off seems to be de-
pendent on the level of the reader’s ra-
diologic training but also on his or her
experience with the CAD system. Addi-
tional processing options, for example
rib subtraction and grayscale reversal
in chest radiography, might represent the
additional “drop of information” that
the radiologist needs to successfully
differentiate between true- and false-
positive lesions. Alternatively, the out-
come and the quality of the computer
analysis could be conveyed in other ways,
for example by showing for each mark
reference findings that CAD found to be
similar (29).

In Figure 3, taken from Karssemeijer
et al (30), the stand-alone performance
of a leading commercial mammography
mass detection CAD system (Image-
Checker v8.0; R2 Technology, Sunny-
vale, Calif) that has taken many man-
years of development time is plotted.
The solid line shows CAD sensitivity
as a function of the number of false-
positive markers per case. In the same
plot the performance of 10 experienced
screening radiologists is also plotted
(the individual symbols) for various sen-
sitivity levels (the radiologists were
asked to mark any finding that they
considered even mildly suspicious and
rate the degree of suspicion on a scale
from O to 100). The radiologists can
find around 50% of the masses, all of
which were prior cancer cases, at
false-positive levels ranging from 0.7%
for the best radiologists to around 5%
for most others. For CAD to find half of
the cancers, 15% of the cases contain a
false-positive mark, and this percentage
may even have been higher for older-
generation CAD systems. To achieve high
sensitivity, mammography CAD systems
are therefore typically set to produce
around 0.4 false-positive markers per
image (30). At this setting they produce
many more false-positive markers than
a radiologist who operates in a screen-
ing environment. The radiologist has
to pick out the few true-positive markers

.
09 [
O [
0.7 _ dedndld
o6

Bt [ -

0.4 i

True positive fraction

03

0.2 i

0.1

il L

CAD sta.ndallone.
CAD limited FP -------|

| R S A S A |

0 HE—

0.001 0.01

0.1 1

False positives per image

Figure 3:

Free-response receiver operating characteristic analysis for mass detection on mammo-

grams. The solid line plots the sensitivity (true-positive fraction) of a commercial CAD program
(ImageChecker v8.0; R2 Technology) as a function of false-positive markers per image (horizontal axis,
logarithmic scale). The database included 116 prior mammograms of cancer cases and 250 normal
cases. Ten expert radiologists were asked to mark and rate on a scale from 0% to 100% all regions
that attracted their attention, including those that they would normally not rate suspicious enough for
recall. The markers, distinct per radiologist, are the performance levels of the radiologists at different
cut-off levels for the provided ratings. Dashed line = stand-alone performance of CAD, taking into
account only those regions marked by any of the radiologists. (Reprinted, with permission, from

reference 30.)

among all these false-positives markers.
This is both difficult and time-consum-
ing and could be the reason why many
researchers believe that CAD for mass
detection on mammograms is not yet
good enough to be useful (32).

A New Paradigm for CAD

Conventionally, markers do not indi-
cate the likelihood of suspicion deter-
mined by the CAD system. It has been
shown that providing this information
may be helpful (33). Additionally, one
could directly reduce the number of
false-positive marks by only showing
CAD output when a radiologist clicks
on a suspicious region in an image. This
simple step can have a dramatic effect,
as can be inferred from the dashed line
in Figure 3. This is the hypothetical
CAD stand-alone performance if all
marks on regions that were not marked

by any of the 10 expert radiologists, who
had to mark even mildly suspicious re-
gions, are removed. If these markers
from CAD are disregarded, the CAD
system can rival radiologists at this highly
challenging task. It was shown in the
study by Karssemeijer et al (30) that a
simple numerical averaging of the de-
gree of suspicion for a lesion as estimated
by a radiologist and by CAD (with the
degree of suspicion set to zero when
CAD had no detection) resulted in per-
formance that was significantly better
than single reading and not signifi-
cantly different from simulated double
reading. Note that this represents a
true paradigm shift: CAD is now used
as an aid for the interpretation of find-
ings, and not as a tool to avoid per-
ceptual oversight. So far, this paradigm
has been investigated mainly by one
research group and has not yet been
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Figure 4

Figure 4:  Radiograph of the left hand and wrist
analyzed with BoneXpert (42). The program recon-
structs the borders of 15 bones and estimates bone
age for 13 bones, displayed. These are combined
with a nonlinear function to obtain the Greulich Pyle
bone age, 9.03 years for this case. Running time for
the analysis was 4 seconds.

subject to extensive validation and to
other diagnostic tasks than analysis of
mammographs.

CAD for Quantification

The amount of quantitative information
available on medical images is enormous
(34). Computerized quantification may
hold more potential than computerized
detection. When radiologists are asked
to name aspects of their work that are
common, time consuming, and could
be automated, they usually not do not
mention detection but rather documen-
tation and quantification.

How Does It Work?

Quantification and detection are often
considered different areas of comput-
erized medical image analysis. This per-
ception is changing. Although many
different types of quantitative CAD ap-
plications exist, the processing pipeline

of these systems is often similar to that
of CAD aimed at detection. The crucial
difference is the nature of the output:
Instead of locations of possible lesions,
continuous numbers are produced. Some
quantification systems are in fact equiv-
alent to detection systems. For exam-
ple, automatic calcium scoring to esti-
mate cardiovascular risk (35) requires
automatic detection of arterial calcifi-
cations. Once detected, the determina-
tion of a mass, volume, or Agatston score
(36) is a trivial computation.

Data preprocessing is important, es-
pecially if differences between scan-
ning protocols need to be corrected.
Segmentation is usually a crucially im-
portant step. Feature extraction and
classification are absent in some appli-
cations, especially in older quantitative
CAD systems. But “under the hood” of
many systems, techniques from pattern
recognition are becoming increasingly
popular. For example, emphysema quan-
tification from chest CT is traditionally
performed with simple thresholding (37),
but texture analysis that includes training
data, feature extraction, and classification
is an alternative way of quantification
(38,39) that is less prone to sources of
errors and may result in measurements
with more prognostic value.

Clinical Applications

There are many systems available for
quantitative image analysis (34) and a
complete overview is outside the scope
of this article. Quantification is applied
to cardiac function and vascular abnor-
malities with MR and CT, brain MR and
CT, CT oncology, and other modalities
such as US and bone densitometry (23).
A large area is quantitative perfusion
imaging, with applications in oncology
(breast, prostate) and brain (stroke).
Another important application is the
estimation of size and growth rate of tu-
mors and other lesions. Furthermore,
there are systems that quantify the extent
of particular diseases, such as chronic
obstructive pulmonary disease and in-
terstitial lung disease. They can be used
in clinical practice, but are also impor-
tant in research trials.

There exist many radiologic scoring
systems. Reliable automation of estab-

lished scoring systems has enormous
potential to standardize and improve
radiology. Many scoring systems are
complicated and are known to result in
large interobserver variability. Other
scoring systems are simpler and there-
fore a better target for quantitative
CAD. We discuss one representative
example in more detail: bone age as-
sessment determined from a radiograph
of the left hand and wrist. Many at-
tempts to automate bone age assess-
ment have been made, and in 1994
Tanner et al (40) introduced CASAS, an
interactive program that they claimed
solved the problem of bone age assess-
ment by computer. CASAS was thor-
oughly evaluated (40,41) and found
to reduce interobserver variability. But
the program was impractical to use be-
cause each bone had to be located man-
ually by the user. Moreover, the auto-
mated staging of the bones was based
on fairly simple image analysis and
performance was not impressive. Thus,
CASAS did not meet radiologists’ re-
quirements for CAD products and was
never widely used.

Automated bone age assessment con-
tinued to attract research interest. Re-
cently, Thodberg et al (42) introduced
BoneXpert, a program that is fully auto-
matic and processes an image in about
5 seconds with standard PC hardware
(Fig 4). It locates the borders of 135 bones
on the radiograph and assigns an intrin-
sic bone age to 13 bones, using a set of
30 features that describe the shape of
the bones, the density and the texture
that are sensitive to epiphyseal fusion
(Fig 4). A nonlinear model recovers the
Greulich and Pyle bone age (43) from
these intrinsic bone ages. Evaluation
studies on 405 and 1097 radiographs
found that the system processed over
99% of images automatically without
errors (44,43). It seems that Tanner’s
claim of 1994 is now a reality.

CAD Performance for Quantification

The rule of thumb for lesion CAD also
applies to quantification: It should be
as good as a radiologist. This rule ap-
plies to applications where an external
reference standard is not available and
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manual quantification is a viable but
time-consuming alternative to automated
methods.

Performance varies substantially be-
tween systems. As an example we con-
sider nodule volumetry. De Hoop et al
(46) recently published a direct com-
parison of six commercially available
algorithms for volumetry of solid lung
nodules on low-dose thoracic CT scans.
They visually inspected the results for
each pair of nodules, on a first and sec-
ond scan. Three commercial systems
produced an inadequate segmentation
for at least one of the two instances of
each nodule in 22%-30% of all cases.
The best performing system, however,
did this in only 2% of the cases.

Challenges in Quantitative CAD
Development

Data Preprocessing and Evaluation

Preprocessing is especially important
for quantification. For example, when
emphysema is quantified with CT, dif-
ferences in dose, section thickness, and
reconstruction algorithm all affect the
emphysema scores substantially (47).
In general, to reduce measurement var-
iability, especially in longitudinal stud-
ies, applying the same scan and recon-
struction parameters is important. In
practice, variations will remain and
proper preprocessing may be able to
reduce these effects (48). A major goal
is to develop methods that standardize
image quality, in terms of resolution,
artifacts, and noise levels.

Data preprocessing can never elimi-
nate all sources of error that play a role
in quantitative measurements. Evalua-
tion of quantitative CAD techniques
should be focused on measuring these
errors. Radiologists must be aware that
numbers obtained from the quantita-
tive CAD techniques cannot be trusted
blindly. Diagnostic workstations often
provide numbers with many digits and
therefore seemingly high precision, but
in reality the error margin of these
numbers is often large, difficult to de-
termine, and almost never listed. It is
important to conduct studies that test
the repeatability of quantitative mea-

surements, whether manually or auto-
matically made, and this has been done,
for example, in emphysema quantifi-
cation (49), nodule volumetry (46,50),
and calcium scoring (51). From such
studies the minimum increase in the
quantified measure that corresponds
to significant change can be deduced,
although one must realize that these
studies often do not measure the effect
of all sources of errors that may be
relevant in complex situations such as
multicenter trials. This issue makes
proper evaluation of the accuracy and
reproducibility of quantitative image
analysis extraordinarily complex.

Assessing the accuracy and repeat-
ability of quantitative measures is only
one aspect of evaluation. Eventually one
needs to convince practitioners that us-
ing a quantitative measure will improve
patient care. In this respect, the proper
choice for a metric is important, as
pointed out by Boone (34). For example
it is clinically more relevant to show
that the risk for cardiovascular disease
can be predicted more accurately than
that the calcified volume in the coro-
nary arteries can be quantified more
precisely.

User Interaction

Ideally, quantification should be per-
formed fully automatically. The main
reason that most radiologic scoring
systems are not used routinely in clini-
cal practice is that they are too time-
consuming and cumbersome to apply.
In a comparison of four commercially
available systems for emphysema quan-
tification (52) it was found that the me-
dian time required to process one scan
ranged from 16 to 105 minutes and this
time was spent mainly in interactively
adjusting the lung segmentation needed
to make the volumetric measurements.
This obviously precludes routine clini-
cal use.

If human verification is required,
this should ideally only require a quick
glance. Interaction should be intuitive,
and results should be available instanta-
neously. For many tasks reliable fully
automatic solutions are not yet available.
For the six nodule volumetry systems
discussed previously (46), the 98% suc-

cess rate with the best system was
achieved with a simple and effective
user interaction in case automatic pro-
cessing failed. Without any interaction,
the two best methods in the study had
a failure rate of around 15%.

Workflow Integration

For radiologists to use CAD it must be
integrated seamlessly in their workflow:
The output of the algorithm should be
available within their workstation, pref-
erably at the push of a single button
(34,53). The first steps in this direc-
tion are being made. Several vendors
are marketing CAD servers. These are
computers within the network of the
radiology department that inspect the
Digital Imaging and Communications in
Medicine (DICOM) descriptors of all
studies, process relevant scans in the
background, and store CAD results as
DICOM structured reports or, less than
ideal, as a copy of the original images
with the results of CAD, for example
markers or measurement results, su-
perimposed (54,55). In theory, CAD
results stored in a standardized for-
mat could be displayed by any worksta-
tion and a consortium called Integrated
Healthcare Enterprise is working on
such standards (56). In practice this is
not yet the case. Integrating quantita-
tive CAD tools in a diagnostic worksta-
tion is more complicated than includ-
ing CAD detection markers that only
require static display. This is espe-
cially true if user interaction is deemed
necessary. Automatic inclusion of the
quantitative information in the radio-
logic report is essential.

Radiologists, as workstation users,
together with patient advocacy groups
and regulatory agencies, should insist
that vendors allow such interoperabil-
ity and embrace open standards. Work-
station vendors should realize that
their product has more value if it al-
lows integration of any CAD product,
even a product from a competitor. A
useful analogy is diagnostic worksta-
tions and mobile phone devices. Some
mobile phone manufacturers have cre-
ated a highly successful market for
small applications that enhance a
phone’s capabilities. This materialized
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because they opened their systems
to software created by third party
companies, instead of bundling only
their own software. All parties, phone
manufacturers, third-party developers
and end users, benefit from this model.
If such a market were created for diag-
nostic workstations, even simple CAD
applications that under the current sit-
uation would not be profitable to de-
velop could be deployed widely and save
radiologists’ time. An example is the
automatic determination of the cardio-
thoracic ratio on chest radiographs. Au-
tomating such a measurement is feasi-
ble (57) but this CAD application is too
small to be marketed as a new product.
However, as a plug-in or “app” it might
be widely used.

Future of CAD Development

Without doubt, CAD technology will be
applied to many new tasks. But most
existing CAD systems also have ample
room for improvement. We believe that
evaluation, database collection, and col-
laborative efforts to design superior CAD
systems are the most promising strat-
egies to make rapid progress.

New Opportunities

Despite the increased interest in CAD
research, many potential applications
have not yet been addressed. In 1991,
MacMahon and colleagues (58) inves-
tigated how often a range of subtle
abnormal findings occur on chest ra-
diographs. Nodules, the only finding for
which CAD is commercially available,
ranked only fifth on this list. There are
many other diagnostic tasks in chest
radiography that could benefit from
CAD that have not been studied in
detail and for which no commercial
systems are available. Examples are the
detection of catheter tips, subtle infil-
trates, pneumothorax, cardiac abnor-
malities, tuberculosis, pneumonia, and
emphysema (13). Summers (53) pre-
sented a road map for CAD of chest
CT findings in 2003, and although some
items on his list have been addressed,
such as automatic detection of coronary
calcifications (35), many tasks in this
road map have not been the topic of

any published study to date, including
quantification of pleural effusions, de-
tection of subcutaneous nodules, pneu-
mothorax, and bone metastases.
Outside the main areas of CAD
(breast, lung, colon) there are many op-
portunities in skeletal and neuroimag-
ing (13) and in areas outside radiology,
such as retinal imaging (31) and derma-

tologic imaging (63).

Translating Expert Knowledge into
Features

The main challenge for algorithm de-
velopers is to translate expert knowl-
edge from radiologists (eg, a spiculated
nodule is more likely to be malignant)
into effective computable features. No
matter how complicated the features
are, in this translation process most in-
formation from the original images is
lost. A CAD system is a funnel, at every
step the computer reduces its repre-
sentation of an image to a smaller set
of numbers. Limited as this approach
may seem, it is the most successful ap-
proach available. In the words of Drew
McDermott (59), an eminent researcher
in artificial intelligence: “What you get
for fitting into this straightjacket is that
your problem actually gets solved. I ex-
pect this trend to continue. Everything
worth doing will turn out to be possible
with simple representations.”

The result is that CAD systems to-
day address single, isolated tasks by
particular, painstakingly designed se-
quences of number crunching. Even if
this solves the problem, as McDermott
suggests, it has two disadvantages. First,
it is time consuming to design a new
CAD application because no general
theory or recipe on how to do this is
available; much of it is more art and
engineering than science: For every
step in a CAD system, the designer
faces multiple choices, and four steps
with four options each already gives
256 different possibilities. Second, it
does not lead to computers that truly
understand images as a whole and can
perform high-level reasoning about the
content of an image comparable to a
radiologist. Consequently, CAD systems
often make mistakes that no human
would make, as illustrated in Figure 2.

True image understanding by machines,
following Turing’s (60) famous para-
digm from 1950 (1. Construct a teach-
able machine. 2. Subject it to a course
of education.), is well beyond the hori-
zon today. When Bill Gates famously
said (61) that “if you invent a break-
through in artificial intelligence, so
machines can learn, that is worth 10
Microsofts” he did not add that false
promises of breakthroughs have given
the term artificial intelligence such a
bad name that scientists and engineers
have shunned it for decades.

CAD applications will continue to
be improved, steadily but slowly. With
so many groups entering the field, as is
evident from the increasing number of
publications, it is essential to know
where the best systems fail to speed up
the rate of improvement. Open chal-
lenges should be clearly identified for
each particular task, so that new re-
search is incremental to previous work,
instead of merely reproducing it.

Measuring Performance

This leads to the major bottleneck for
improving CAD today: It is generally
unclear what the best system or ap-
proach for a given task is. Even algo-
rithm developers have no idea, let alone
potential users. One would expect care-
ful evaluation of the performance of
CAD systems to be an active research
area, so that radiologists can make
informed choices about which CAD
system to use and algorithm designers
can decide which techniques are most
promising for further research. Unfor-
tunately, this is not the case; studies
that compare different CAD systems
are rare.

Large prospective studies, such as
those that have been carried out for
mammography CAD (22-24) evaluate
only a single CAD system. Suppose
that a large multicenter study X shows
a modest benefit of using CAD system
A in clinical practice. System A is FDA
approved and can start being com-
mercialized. While study X is ongoing,
another system, B, is completed, and
when B is compared with A (which
would almost certainly be performed
using a different and smaller data set
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than the one used in multicenter study
X), it achieves significantly higher sen-
sitivity levels at the same false-positive
levels. System B would have to undergo
a larger multicenter trial as well to
truly prove its superiority to A. Since
system A has already achieved approval
and sells well, the resources to repeat a
large multicenter study for system B
are unlikely to be granted.

This scenario is not hypothetical;
the stand-alone performance of newer,
non-FDA-approved versions of CAD
systems is frequently substantially higher
than that of FDA-approved older sys-
tems. Li et al (62) compared FDA-
approved version 1.0 of a CAD software
for nodule detection on chest radio-
graphs with version 3.0, which was not
FDA approved, and reported an in-
crease in sensitivity from 53% to 67%
with a simultaneous decrease in the
false-positive rate from 5.7 to 2.7 marks
per image.

It is not practical to design large-
scale evaluation studies where the per-
formance of radiologists with and with-
out CAD is tested for multiple CAD
systems. This may not be necessary.
Karssemeijer et al (30,65) have shown
with a large database of screening mam-
mograms where the annotations of 10
expert radiologists were available that
interpretation with CAD can be simu-
lated. They combined the suspicion rat-
ing assigned to each finding by the
radiologist with the CAD output at the
area of that finding. Moreover, the ef-
fect of double reading and the effect
of combining CAD systems can be as-
sessed. More research is needed to de-
termine if such simulations can accu-
rately predict the outcome of actual
observer studies.

Comparing CAD Algorithms

Large databases, representative of clin-
ical practice and carefully annotated,
provide the basis for valid comparative
studies. The need for publicly available
reference databases is widely acknowl-
edged in the CAD research community,
and substantial efforts to address it are
underway. An excellent example is the
work of the Lung Image Database Con-
sortium, five research groups who col-

lect a database of annotated thoracic
CT scans (66). The number of cases
available has recently been increased to
400 (67) and it has been announced
that a total of 1000 cases will be re-
leased. The database has been used in
several studies for evaluation of CAD
algorithms. Unfortunately, different re-
searchers used different selections of
cases and methodologies for evaluation.
In the future such databases should be
randomized in a part that is made avail-
able for training, together with all an-
notations, and a “secret” part set aside
for evaluation. Teams could upload their
software to a central organization that
processes the test scans and reports re-
sults of all teams, evaluated according
to the same protocols.

Such studies, where multiple algo-
rithms are benchmarked on a single
data set, are rapidly gaining popularity
in medical image analysis. In 2007, the
first contests of this kind were orga-
nized (68) focused on segmentation. In
total, nine challenges have now been
organized and for two of these the re-
sults have been published, on the seg-
mentation of the liver on abdominal CT
scans (69) and the extraction of the
coronary artery tree at CT angiography
(70). Recently also CAD contests have
been started for lung nodule detection
(71) and lung nodule volumetry (72) at
thoracic CT, and the detection of mi-
croaneurysms on retinal images (73).

Better than Comparing: Combining

The full potential of such challenges
can be appreciated by considering the
successful Netflix Prize (74,75). In
October 2006, DVD rental company
Netflix announced it would award $1
million to whomever created a movie-
recommending algorithm that outper-
formed the company’s own algorithm
by 10%. Netflix made a training data-
base available that was vastly larger
than any data set previously accessible
to researchers. Within 2 weeks, three
results were submitted that were supe-
rior to Netflix’'s own software. During
the second and third year of the con-
test it became increasingly difficult to
improve performance and the biggest
gains came from combining different

approaches to the problem. In July
2009, a coalition of AT&T researchers,
a group from Austria, and a team from
Montreal sent in a result that qualified
for the Netflix Prize. According to the
contest rules, the other teams had 30
days to improve on this result. A large
group of remaining teams, dubbed The
Ensemble, managed to do this by blend-
ing their algorithms with a method sim-
ilar to that used by Karssemeijer et al
(30) to combine radiologists’ and CAD
output. The Netflix Prize has generated
an enormous interest in the nascent
research field of recommendation sys-
tems, with over 40000 submissions
from more than 5000 teams, and has
generated a multitude of important re-
search results (84,85). Above all, it has
demonstrated that a careful combina-
tion of a large number of different algo-
rithms is essential to build a superior
system.

We see no reason why a similar ap-
proach to the development of a CAD
system would not be as successful. Thus,
collecting a large annotated database
and making it publicly available can pro-
vide researchers with training data and
allow objective algorithm comparisons.
It can also attract more research groups
into the field and develop a CAD system
that combines a multitude of approaches
and will vastly outperform the algorithms
available today. The wisdom of crowds
(76) also applies to CAD.

Recent results support this hypo-
thesis. In the previously mentioned liver
segmentation contest, averaging the out-
put of the five best automatic systems
outperformed each individual system
and obtained results very close to the
best interactive system that partici-
pated in the challenge, a virtual reality
segmentation system used by liver sur-
geons (69,77). Figure 5 illustrates how
a combination of five systems for nod-
ule detection on thoracic CT scans, sub-
mitted to the ongoing ANODEOQO9 con-
test (71), performs much better than
any of five systems individually. Within
the pattern recognition and machine
learning communities, classifier com-
bination has been studied extensively
(79), but in diagnostic image analysis,
this notion is relatively new. The best
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Figure 5:

Performance of five different CAD systems for the detection of pulmonary nodules

with CT data (black solid lines). Sensitivity (vertical axis), the part of true nodule marked by
zCAD, is plotted as a function of the number of false-positive markers per scan (horizontal axis,
logarithmic scale). All systems were evaluated in the same way by using 50 CT scans from the
ANODEQ9 data set. Four systems have been developed in academia; one system is a commer-
cially available CAD system. Red line = performance of a combination of the five systems. The
combined system is superior to any of the individual systems. (Adapted and reprinted, with

permission, from reference 71.)

CAD system for any relevant task is un-
likely to be the result of research car-
ried out in a single research laboratory.
Instead, research groups should collab-
orate and together create a system that
combines many different approaches in
an efficient manner.

Summary and Outlook

It is extraordinarily difficult to develop
computer algorithms that analyze med-
ical images with a performance level
comparable to that of human experts.
The main reason for that is that CAD
problems are multifaceted; they re-
quire dedicated image preprocessing,
segmentation, algorithms to pick up sus-
pect regions, mathematical descriptors
of these regions, a classification stage,
and, last but not least, a large training
database of normal and abnormal cases
that is representative of what the algo-
rithm will encounter in the clinic. There
is no lack of ambition in the field; most
research has focused on tasks that are
also very difficult for radiologists. To

crack these challenges requires world-
class expertise in image processing,
machine learning, medical physics, and
radiology—CAD is a truly interdisciplin-
ary research field.

The availability of large high-quality
databases would tremendously lower
the threshold for outsiders to enter the
field. Many of the best minds in ma-
chine learning are interested in medi-
cal applications, but lack access to the
data needed to compete with research
laboratories and industry that work
closely with radiologists. When the re-
sults of multiple algorithms on large
representative databases are available,
it is possible to study the effect of com-
bining multiple algorithms. The power
of classifier combination and algorithm
blending has been demonstrated in
many pattern recognition applications.
Results so far indicate that CAD is no
exception.

Another major reason why CAD is
not yet widely used is that integration
in clinical workflow poses many practi-
cal challenges. Radiologists must urge

manufacturers to open their picture
archiving and communication system
(PACS) workstations for third-party
CAD software developers. They should
be able to download and directly use
CAD software in their own PACS envi-
ronment, as easily as they can today
download small applications that en-
hance the capabilities of their mobile
phone. This scenario will require the
development of new standards.

The number of potential CAD appli-
cations is huge. New ways of using CAD
technology, extending the paradigm of
providing markers for a second look,
are an important future research direc-
tion. If it is easy to work on CAD devel-
opment, because an accessible system
to validate and combine algorithms has
been created, and if high-performing
systems that will surface can be easily
plugged into all clinical viewing soft-
ware, then CAD will thrive. Radiologists
will become more productive and make
less errors because they will have more
time to think about the interpretation
of their findings. They will benefit, and
so will their patients.
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