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Abstract

Computer-aided diagnosis (CAD) may be defined as a diagnosis made by a physician who takes into account the computer
output as a second opinion. The purpose of CAD is to improve the diagnostic accuracy and the consistency of the radiologists’
image interpretation. This article is to provide a brief overview of some of CAD schemes for detection and differential diagnosis
of pulmonary nodules and interstitial opacities in chest radiographs as well as clustered micro-calcifications and masses in
mammograms. ROC analysis clearly indicated that the radiologists’ performances were significantly improved when the computer
output was available. An intelligent CAD workstation was developed for detection of breast lesions in mammograms. Results
obtained from the first 10 000 cases indicated the potential of CAD in detecting approximately one-half of ‘missed’ breast cancer.
© 1999 Elsevier Science Ireland Ltd. All rights reserved.
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1. Introduction

Over the last decade or so, many investigators have
carried out basic studies and clinical applications to-
ward the development of modern computerized
schemes for detection and characterization of lesions in
radiologic images, based on computer vision and artifi-
cial intelligence. These methods and techniques are
generally called computer-aided diagnosis (CAD)
schemes. The development of CAD has now reached a
new phase, since the first commercial unit for detection
of breast lesions in mammograms by R2 Technology,
Inc., Los Altos, CA, was approved in June, 1998, by
the Food and Drug Administration (FDA) for market-
ing and sale for clinical use in the United States. It is
likely that this will expedite clinical applications of the
CAD schemes and also further the development of
various CAD schemes in different diagnostic examina-
tions. Our purpose in this article is to provide a brief
overview of some of the current CAD schemes devel-

oped at the University of Chicago for chest radiogra-
phy and mammography, and to discuss some issues
related to the future potential and pitfalls of CAD.

2. Basic concept of computer-aided diagnosis

CAD may be defined as a diagnosis made by a
physician who takes into account the results of the
computer output as a ‘second opinion’ [1–6]. In radiol-
ogy, the computer output is derived from quantitative
analysis of diagnostic images. It is important to note
that the computer is used only as a tool to provide
additional information to clinicians, who will make the
final decision as to the diagnosis of a patient. There-
fore, the basic concept of CAD is clearly different from
that of ‘automated diagnosis,’ which had been investi-
gated in the 1960s and 1970s. The purpose of CAD in
radiology is to improve the diagnostic accuracy as well
as the consistency of radiologists’ image interpretation
by using the computer output as a guide. The computer
output can be very helpful because a radiologist’s diag-
nosis is made based on subjective judgement and be-
cause radiologists tend to miss lesions such as lung
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nodules in chest radiographs, and microcalcifications
and masses in mammograms. In addition, variations in
diagnosis, such as inter-observer and intra-observer
variations, can be large.

Usually, two types of general approaches are em-
ployed in computerized schemes for CAD. One is to
find the location of lesions such as lung nodules in chest
images by searching for isolated abnormal patterns
with a computer. Another is to quantify the image
features of normal and/or abnormal patterns, such as
lung texture related to interstitial disease in chest im-
ages and vessel sizes related to stenotic lesions in
angiograms.

Computerized schemes for CAD generally include
three basic components which are based on three differ-
ent technologies. The first component is image process-
ing for enhancement and extraction of lesions. It is
important to note that the image processing involved in
CAD schemes is aimed at facilitating the computer,
rather than the human observer, to pick up the initial
candidates of lesions and suspicious patterns. Various
image-processing techniques have been employed for
different types of lesions. Some of the commonly used
techniques include filtering based on Fourier analysis,
wavelet transform, morphological filtering, the differ-
ence image technique, and artificial neural networks
(ANNs).

The second component is the quantitation of image
features such as the size, contrast, and shape of the
candidates selected in the first step. It is possible to
define numerous features based on some mathematical
formula that may not be easily understood by the
human observer. However, it is generally useful to
define, at least at the initial phase of CAD develop-
ment, image features that have already been recognized
and described subjectively by radiologists. This is be-
cause radiologists’ knowledge is based on their observa-
tions of numerous cases over the years, and their
diagnostic accuracy is generally very high and reliable.
One of the most important factors in the development
of CAD schemes is to find unique features that can
distinguish reliably between a lesion and other, normal
anatomic structures.

The third component is data processing for distinc-
tion between normal and abnormal patterns, based on
the features obtained in the second step. A simple and
common approach employed in this step is a rule-based
method, which may be established based on the under-
standing of lesions and other normal patterns. There-
fore, it is important to note that the rule-based method
may provide useful information for improving the
CAD schemes. Other techniques used include discrimi-
nant analysis, ANN, and the decision-tree method. It is
our experience that the combination of the rule-based
method with other methods such as ANN tends to
produce the best results in CAD schemes.

Because the basic concept of CAD is broad and
general, CAD is applicable to all imaging modalities,
including conventional projection radiography, com-
puted tomography (CT), magnetic resonance imaging
(MRI), ultrasound imaging, and nuclear medicine
imaging. In addition, computerized schemes for CAD
can be developed for all kinds of examinations in every
part of the body, including the skull, chest, abdomen,
bone, and vascular system. However, the research sub-
jects investigated for CAD in the past have been lim-
ited. The major focus on recent research subjects has
been in the field of mammography for early detection
of breast cancer. Many CAD schemes are related to
detection and characterization of masses and clustered
microcalcifications in mammograms [7–14]. In chest
radiography [15–23], computerized schemes have been
developed for detection of lung nodules, interstitial
infiltrates, cardiomegaly, and pneumothoraces. Com-
puterized schemes in angiography [24–26] include the
quantitative analysis of stenotic lesions and the deter-
mination of pulsatile blood flow rates.

3. Computer-aided diagnosis in chest radiography

It is a difficult task for radiologists to detect some
lung lesions, such as nodules. It is well documented that
radiologists may miss up to 30% of lung nodules in
chest radiographs, because of the camouflaging effect of
the normal anatomic background. It is expected, there-
fore, that the computer prompt by indicating potential
sites of nodules would improve their detection accu-
racy. The computerized scheme for detection of nodules
[15,17] is shown in Fig. 1. The digital or digitized chest

Fig. 1. Overall scheme for automated computerized detection of lung
nodules on chest images.
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Fig. 2. FROC curves for computerized detection of lung nodules
without and with the use of artificial neural network (ANN).

apparent that the FROC curve can be improved by use
of the ANN in removing some false positives [17]. The
current level of the performance of our CAD scheme
for nodule detection is approximately 70% sensitivity
and 1.7 false positives per image. Fig. 3 illustrates a
chest image with a nodule, in which the computer
output, marked by two arrows, indicates a correct
detection of the nodule and a false positive. It is
important for any CAD scheme to reduce the number
of false positives as much as possible. However, it is of
interest to note that the majority of false positives of
lung nodules detected by computer are different from
those detected by radiologists [28], and thus radiologists
can generally disregard these ‘obvious’ false positives
identified by computer.

One important question regarding the value of CAD
is whether radiologists can really improve their perfor-
mance if the computer output such as that shown in
Fig. 3 is presented to them for their interpretation. The
answer to this question is clearly demonstrated by the
results illustrated in Figs 4 and 5, which were obtained
from observer performance studies [16]. It is apparent
in Fig. 4 that the receiver operating characteristic
(ROC) curve in detecting nodules by radiologists was
improved significantly (P=0.001) when the computer
output was presented to them. Fig. 5 shows the Az
values (Az is the area under the ROC curve and a
measure of the observer’s detection performance). For
all sixteen radiologists who participated in this observer
study, their performances were improved when they
used the computer output, as indicated by the gains in
Az values. Without the computer output, the average

image is first processed by two different filtering opera-
tions, namely, one for enhancement of nodules by a
matched filter and the other for suppression by a ring
average filter. The difference image is then obtained by
subtracting of the nodule-suppressed image from the
nodule-enhanced image. With this difference image
technique, the majority of background structures in
chest images is suppressed, and thus initial candidates
of nodules can be identified by application of a
thresholding technique to the difference image.

A number of image features such as the size, con-
trast, and shape are determined for all of the initial
nodule candidates. These features are applied for distin-
guishing between nodules and other normal structures
such as ribs, pulmonary vessels, and their crossings, in
order to remove some of the potential false positive
detections by the computer. Because some features of
nodules are often different from those of some normal
structures, it is possible to apply a rule-based classifica-
tion method initially to distinguish some normal struc-
tures from nodules [27]. For example, whereas nodules
tend to be circular, ribs and rib crossings tend to be
rectangular. In addition, the size and shape of rib-rib
crossings change relatively rapidly as the threshold level
applied to the difference image changes, whereas those
of nodules change relatively slowly. Because it is not
possible to remove all of the false positives by a rule-
based classification method, an ANN is used as a
second classification method for removal of some re-
maining candidates which are due to normal structures
in chest images.

Fig. 2 shows the free-response receiver operating
characteristic (FROC) curves which indicate the rela-
tionship between the sensitivity in detecting nodules
and the number of false positives per image. It is

Fig. 3. Illustration of the computer output (arrows) on chest image
with a lung nodule.
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Fig. 4. Comparison of ROC curves for radiologists’ detection of lung
nodules on chest images without and with computer output.

program in Yamaguchi, Japan [30]. The results are
shown in Table 1. Forty-five cases were detected cor-
rectly by both mass screening and computer. Twenty-
four cases were missed by both screening and computer,
and thus, in these cases, detection is obviously very
difficult at present. Eleven cases were not detected by
computer, but were detected by mass screening. As long
as the computer result would have been used as a
second opinion, these cancer cases would probably
have been detected even with CAD. An important
result in Table 1 is the fact that 15 lung cancer cases
were detected by computer, but were missed in mass
screening. Therefore, if CAD had been implemented in
this mass screening, some of these missed cancer cases
might have been detected at an earlier stage.

Once a lung nodule in a chest radiograph is detected
by the radiologist, the next question is whether the
nodule is benign or malignant. A computerized scheme
is being developed for determining the likelihood of
malignancy of a detected non-calcified lung nodule in
chest images [31]. Output from the computer that indi-
cates the likelihood of malignancy would help radiolo-
gists to distinguish between benign and malignant
lesions, thus improving patient management, for exam-
ple, by avoiding unnecessary CT examinations on pa-
tients with benign lesions. In such a CAD scheme, the
detected lung nodules are subjected to quantitative
analysis of a number of objective image features which
would be correlated with subjective features such as
size, contrast, speculation, and uniformity. The likeli-
hood of malignancy is then determined by the output of
an ANN which has been trained by use of objective
image features, as input to the ANN, for many known
cases with benign and malignant nodules. An ROC
curve for the computerized scheme for distinction be-
tween benign and malignant nodules is shown in Fig. 6.
It is apparent in Fig. 6 that the performance level
indicated by the ROC curve is much greater for the
computerized scheme than for radiologists. Another
observer study was performed in which it was ascer-
tained whether radiologists can utilize the ANN output
to improve their performance. The ROC curve for
radiologists with ANN was indeed greater than that
without the ANN.

Another important abnormality in chest radiographs
is that of interstitial opacities, which are also considered
difficult for radiologists’ interpretation. This difficulty is
partly related to the fact that the patterns of interstitial
opacities are ill-defined and complex. In addition, their
variation is complicated. Therefore, the quantitative
analysis of opacities based on physical measures may be
useful for radiologists’ interpretation. The computer-
ized scheme for quantitative texture analysis of intersti-
tial opacities based on Fourier analysis [18] is shown in
Fig. 7. A large number (200–600) of regions of interest
(ROIs) are initially selected automatically over periph-

performance level of eight radiologists, including two
chest radiologists and six general radiologists, was
greater than that for eight residents, which is under-
standable. However, the average performance level of
the residents, when the computer output was available
as CAD, was comparable to that of the other eight
radiologists without the computer output. In addition,
the difference in the average performance level between
residents and other radiologists was less with CAD
than without CAD. These results seem to indicate that
CAD can improve both the accuracy and the consis-
tency of the radiologic diagnosis. A very similar result
was found in a large-scale observer test [29] which was
conducted as a real-time ROC study on the detection of
lung nodules by use of CRT monitors at the Scientific
Exhibit of the Radiological Society of North America
(RSNA) meeting in Chicago, November, 1996. More
than 100 radiologists participated in that study [29].

We applied our CAD algorithm to examine chest
images of 95 lung cancer cases in a mass screening

Fig. 5. Az values (areas under ROC curve) obtained by 16 observers
without and with computer output.
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Table 1
Distribution of the numbers of cases for true positives and false negatives of 95 lung cancer patients in mass screening in Yamaguchi, Japan, and
results by computer

True positives in mass screening False negatives in mass screening Total

45 (47%)True positives by computer 15 (16%) 60 (63%)
False negatives by computer 11 (12%) 24 (25%) 35 (37%)

56 (59%)Total 39 (41%) 95 (100%)

eral lung fields. ROIs with sharp edges, such as ribs, are
removed from the analysis. The non-uniform back-
ground trend in ROIs, which may be due to variation
of chest wall thickness and to other normal structures,
is corrected by use of a two-dimensional fitting tech-
nique. The power spectrum of the infiltrate pattern is
obtained by Fourier transformation and filtering with a
visual system response. Finally, the rms pixel variation
and the first moment of the power spectrum are deter-
mined as two texture measures, which are related to the
magnitude and coarseness (or fineness), respectively, of
the infiltrate patterns.

Fig. 8 shows four chest images which include one
normal lung and three abnormal lungs with three dif-
ferent types of interstitial opacities, i.e. with nodular,
reticular, and reticulonodular (or honeycomb) patterns.
It is generally difficult to distinguish these different
types of patterns with confidence, especially subtle ab-
normalities at an early stage. The corresponding texture
measures on these chest images are shown in Fig. 9. It
should be noted that, in Fig. 9, texture measures for
these four lungs are separated, and thus these objective
measures may be helpful to the radiologists’ interpreta-
tion. The large circle indicates the range of texture
measures for normal lungs, which corresponds to the
average 9 one standard deviation. Many small open
circles, which were obtained from the normal lung in
Fig. 8, appear to be distributed as expected within and
near the large circle. Texture measures for the nodular
pattern are shifted to the left from the normal range,
indicating a decrease in the first moment of the power
spectrum. Texture measures for the reticular pattern are
shifted to the upper region, indicating an increase in the
rms variation. However, texture measures for the retic-
ulonodular (honeycomb) pattern indicate changes in
both the first moment of the power spectrum and the
rms variation. It may be noticed that some of the dark
circles for this case are located in the normal range.
However, this result was considered a correct represen-
tation of texture measures of this case, because the
lower lung of this patient was abnormal, whereas the
upper part was considered normal.

The results of texture analysis can be represented by
markers on chest images as shown in Fig. 10. Normal
areas obtained by texture analysis are indicated by
pluses, whereas abnormal areas with nodular, reticular,

or reticulonodular patterns are indicated by circles,
squares (not shown in the case of Fig. 10), or hexagons,
respectively. The larger these abnormal markers, the
greater the severity of the abnormalities involved.
Therefore, the distribution of these markers on chest
images may help radiologists in their assessment of the
extent of interstitial infiltrates on the images. We con-
ducted an observer performance study to examine
whether results such as those shown in Fig. 10 would
improve the radiologists’ performance in distinguishing
between normal lungs and abnormal lungs with intersti-
tial infiltrates. ROC curves obtained in this experiment
are shown in Fig. 11. It is apparent in that figure that
radiologists’ performance was improved (P=0.0002)
when the computer results were available [32]. One may
ask why this improvement was possible despite the fact
that the ROC curve obtained for the computerized
texture analysis was lower than that for radiologists
alone. This improvement was possible because the radi-
ologists’ performance is not identical to the computer’s
performance, and thus they can complement each
other. For example, in some cases radiologists may be
correct, but the computer may be incorrect, whereas in
other cases the computer may be correct but radiolo-

Fig. 6. Comparison of ROC curves in classifying benign and malig-
nant lung nodules on chest images by radiologists alone, radiologists
with artificial neural network (ANN) output, and computer output
alone.
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Fig. 7. Overall scheme for automated computerized analysis of lung
texture on interstitial infiltrates in chest images.

Fig. 9. Distributions of two texture measures obtained from the four
chest images illustrated in Fig. 8.

gists may be incorrect. Therefore, a radiologist can
correct his/her mistakes occasionally by observing the
computer results when he/she had recognized his/her
initial mistakes.

Once the abnormality due to interstitial opacities is
detected by radiologists, their subsequent task is the
differential diagnosis for identification of interstitial
disease among many possible diseases. We applied an
ANN to determine the likelihood of each of eleven
diseases by using a number of clinical parameters and

radiologic findings [33], as shown in Fig. 12. All of the
clinical parameters and subjective ratings on the radio-
logic findings were converted to numerical values from
0 to 1.0, which were used as input to the ANN. The
output of the ANN also ranged from 0 to 1.0, which
corresponds to the likelihood of each disease. The
greater the output value of the ANN, the greater the
likelihood of the disease corresponding to the output
unit. The ANN is initially trained by use of known
cases with various diseases, and then the trained ANN
is tested with other cases that were not used for
training.

The ROC curve of the ANN (solid curve) is com-
pared with that of radiologists (dashed curve), as shown
in Fig. 13. It is obvious in the figure that the perfor-
mance level of the ANN is substantially greater than
that achieved by radiologists alone. An important ques-
tion is, then, whether radiologists’ performance can be
improved when the output of the ANN as illustrated in
Fig. 14 is presented to them. Another ROC curve
(dotted) indicates clearly that radiologists’ performance
in differential diagnosis was improved (P=0.0001)
when they used the list of the likelihood of interstitial
diseases [34]. However, the ROC curve of radiologists
with the ANN output was considerably lower than that
of the computer output alone. This result may be due
to the lack of familiarity with the ANN output by
radiologists at present. When radiologists become fa-
miliar with the use of the ANN output, it is expected
that the overall performance in the differential diagno-
sis by radiologists by taking into account the ANN
output will be improved further in the future.

Fig. 8. Illustration of four chest images with one normal lung and
three abnormal lungs with nodular, reticular, and reticulonodular
(honeycomb) patterns.
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Fig. 10. Illustration of texture measures by using various markers, which were superimposed at numerous locations of ROIs automatically selected
on chest images.

4. Computer-aided diagnosis in mammography

Mammography is considered the most reliable
method for early detection of breast cancers at present.
However, it is difficult for radiologists to detect breast
lesions such as clustered microcalcifications and masses
on mammograms. It is well known that radiologists
may miss 15–30% of these lesions. Therefore, the com-
puter output indicating the potential sites of lesions
may be useful to assist radiologists’ interpretation of
mammograms, especially in mass screening, due to the
fact that the majority of cases are normal and only a
small fraction are breast cancers. The computerized
scheme for detection of clustered microcalcifications
[8–12] is shown in Fig. 15, which is similar to the
difference image technique used for detection of lung
nodules in chest images, as described earlier. However,
because microcalcifications are much smaller than lung
nodules, a different set of filters is used for identifying
the initial candidates for microcalcifications. In addi-
tion, different kinds of image features are employed for
distinguishing microcalcifications from other, normal
patterns and also image noise in mammograms. Be-
cause microcalcifications are very small (in the range of
0.1–0.5 mm), it is important to reduce the effect of

image noise on the accurate detection of
microcalcifications.

An FROC curve for detection of clustered microcal-
cifications by the computerized scheme is shown in Fig.
16. The current performance level by computer is ap-
proximately 85% sensitivity, with a false positive rate of

Fig. 11. Comparison of ROC curves for distinction between normal
and abnormal lungs with interstitial infiltrates by radiologists alone,
radiologists with computer, and the computer output alone.
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Fig. 12. An artificial neural network applied for differential diagnosis
on 11 interstitial diseases (11 output units) based on 10 clinical
parameters and 16 radiologic findings (26 input units). For simplicity,
only two hidden units are shown.

Fig. 14. Chest image (a) for 64-year-old man with idiopathic pul-
monary fibrosis, and ANN output (b) presented to observer.

0.5 per image. Fig. 17 shows a mammogram with subtle
clustered microcalcifications, which were correctly de-
tected as indicated by an arrow, without a false posi-
tive. An important question is again whether
radiologists can take advantage of this type of com-
puter output for improving their detection perfor-

Fig. 13. Comparison of ROC curves for differential diagnosis of 11
interstitial diseases by radiologists alone, radiologists with computer,
and the ANN computer output alone.

mance. ROC curves for detecting subtle clustered mi-
crocalcifications without and with the computer output
are shown in Fig. 18. It is apparent that radiologists’
performance was again improved significantly (P=
0.001) when they used the computer output [9]. At a
specificity of 95%, the sensitivity in detecting clustered
microcalcifications was improved from 80 to 90%. An-
other way of looking at these data is that radiologists
may miss 20% of subtle clustered microcalcifications;
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Fig. 15. Overall scheme for automated computerized detection of
clustered microcalcifications on mammograms.

Fig. 17. Illustration of the computer output (arrow) indicating the
correct detection of clustered microcalcifications on mammogram.however, the CAD scheme may help them to detect

50% of potentially ‘‘missed’’ subtle lesions. Very similar
findings from studies on actually missed breast cancer
cases have been reported [35,36].

Another important computerized scheme in mam-
mography is the detection of masses, as shown in Fig.
19, where a nonlinear bilateral subtraction technique [7]
is employed for identifying the initial candidates of
masses in mammograms of the right and left breasts.
With this technique, asymmetric mass-like densities are
detected by comparison of two mammograms at a
number of comparable levels of the corresponding his-
tograms. This nonlinear bilateral subtraction technique
was effective in identifying more mass lesions than were
identified with the linear subtraction technique. The
FROC curve for detection of masses by this scheme is

shown in Fig. 20. The sensitivity is approximately 90%
and the number of false positives is 2–3 per image. Fig.
21 shows a pair of mammograms, one of which con-
tains a speculated mass, which was correctly detected
by computer. However, there were two false positives
on normal breast tissue.

Once a breast lesion is detected by the radiologist,
the next question is whether the lesion is benign or
malignant. The computerized analysis of these lesions
in determining the likelihood of malignancy may be
helpful to radiologists for their decision on patient
management. This may reduce the number of unneces-

Fig. 18. ROC curves for radiologists’ detection of clustered microcal-
cifications on mammograms without and with computer output.

Fig. 16. FROC curve for computerized detection of clustered micro-
calcifications on mammograms.
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Fig. 19. Overall scheme for automated computerized detection of
masses on mammograms.

Fig. 21. Illustration of the computer output by three arrows: one
indicates correct detection of a speculated lesion, and two are false
positives indicating normal breast tissues.

tered microcalcifications of a malignant lesion, where
the outline of the cluster was delineated by use of
morphological filters and then was subjected to the
determination of features such as the size and shape.
Observer performance studies were conducted for clas-
sifying clustered microcalcifications as malignant or

sary biopsies for patients with benign lesions. A com-
puterized scheme by use of an ANN was developed to
merge a number of image features on individual micro-
calcifications and also the cluster, in order to provide
the likelihood of malignancy [13]. Fig. 22 shows clus-

Fig. 22. Illustration of a malignant lesion with clustered microcalcifi-
cations and delineation of the outline of the cluster by use of
morphologic filters.

Fig. 20. FROC curve for computerized detection of mammographic
masses.
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Fig. 23. Comparison of ROC curves for distinction between benign
and malignant clustered microcalcifications by radiologists alone,
radiologists with computer output, and computer output only.

16 000 cases have been digitized and analyzed by our
computer programs. Among the first 10 000 cases exam-
ined, there were 61 women who had developed breast
cancers. Forty-seven breast cancers were initially de-
tected in a screening mammogram, whereas 12 cancer
cases were considered ‘true’ negative in screening mam-
mograms because lesions were not visible even in retro-
spect. Two cases were read as negative, but the cancer
was visible in retrospect. Among the 49 mammographi-
cally visible cancers, the computer identified 34 (69%)
lesions, which included 25 (74%) of 34 masses and nine
(60%) of 15 clustered microcalcifications. The sensitivity
of detecting these lesions is apparently lower than that
obtained by use of our databases. This may be due to
the difference between the prospective study with un-
known cases and the retrospective study with known
cases. In addition, our programs had been frozen about
4 years ago for this prospective study. We believe,
however, that the sensitivity can be improved in the
future by upgrading of the computer programs with
recent development.

It is important to note that there were 30 breast
cancer cases which had a negative screening examina-
tion at least approximately 1 year prior to the correct
cancer diagnosis. Among them, 14 cases were consid-
ered ‘true’ negative mammographically, whereas the
lesions in 16 cases were visible in retrospect. However,
the computer correctly detected nine (56%) of 16 visible
lesions. This is an encouraging result, because it indi-
cates the potential of CAD in detecting approximately
one-half of ‘missed’ breast cancers. Fig. 25 shows two
pairs of mammograms which were obtained in 1995
and 1996. The computer output pointed to a subtle
lesion in the mammogram in 1995 (Fig. 25a), but this
was not detected by the radiologist. However, the same
lesion was detected correctly in a subsequent mam-
mogram by both the radiologist and the computer (Fig.
25b).

5. Discussion and conclusion

We believe that there is a strong evidence of the
potential benefit of CAD in the detection and charac-
terization of some lesions in chest radiography and
mammography. However, it is important to be cautious
about potential pitfalls associated with the use of the
computer output. Advances in science and technology
can bring many benefits, but also can be harmful if not
used properly. Potential pitfalls of CAD can occur for
all four of the possible outcomes, namely, false posi-
tives and false negatives, and even with true positives
and true negatives indicated by computer.

There has been a general concern that false positives
determined by computer may increase the number of
unnecessary biopsies in mammographic screening.

benign without and with the computer output indicat-
ing the likelihood (%) of malignancy. The ROC curves
shown in Fig. 23 indicate that the performance level of
the computerized scheme was considerably greater than
that of radiologists. However, the radiologists’ perfor-
mance was improved significantly when the computer
output was used [37]. This result and all other results
obtained in our observer studies as described in this
article indicate consistently that radiologists were able
to use the computer output as a second opinion to
improve their diagnostic accuracy.

Based on these findings, we developed an intelligent
CAD workstation [4] for detection of masses and clus-
tered microcalcifications, as shown in Fig. 24. The
CAD workstation includes a laser film digitizer, a high-
speed computer, high-resolution CRT monitors, and a
video printer. This workstation was implemented in
November, 1994, in the mammography section of our
department. Since then, mammograms for more than

Fig. 24. An intelligent CAD workstation for computerized detection
of masses and clustered microcalcifications, which includes a laser
film digitizer, a high-speed computer, high-resolution monitors, and a
video printer.
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Fig. 25. Comparison of a mammogram (a) in 1995 and a subsequent mammogram (b) in 1996, with the computer output indicating the correct
detection of a missed breast cancer in 1995.

However, because many computer false positives are
different from radiologists’ false positives, which look
very similar to ‘true’ lesions to radiologists, it is un-
likely to produce a large increase in biopsy and call-
back rate. In fact, two studies [4,36] of CAD in
mammography produced similar outcomes. That is,
that there was no increase in the call-back rate for
additional examinations when CAD was implemented.
However, if radiologists are strongly influenced by the
computer output, and/or for some other reasons, in
determining a threshold level on decision-making such
as biopsy versus non-biopsy, there will be a danger of
unnecessary biopsies. False negatives identified by com-
puter can cause a problem with missing obvious and
detectable lesions if the computer output is trusted
excessively, and if radiologists curtail their usual effort
in searching for lesions. Therefore, radiologists’ exper-
tise and conscientious efforts will remain critically
needed. However, radiologists may face difficult situa-
tions when they disagree with true positives and true
negatives obtained by computer, even if the final deci-
sions are made conscientiously with their best effort.
This is obviously a complicated issue that needs to be
resolved through experience in the future.

In the meantime, we need to consider what is re-
quired for CAD in the near future. Although the per-
formance levels of some CAD schemes are relatively
high, it is necessary to improve further the sensitivity
and the specificity of detection and classification of
many lesions in radiologic images. The ultimate useful-
ness of CAD is dependent upon the performance levels
achievable by these schemes. For example, if both the
sensitivity and specificity approach a 100% level, then
some simplified tasks may be automated. However, it
may take a very long time to realize such a high level of
computer performance. A more important and realistic
expectation for CAD would be to prove the benefits
that are obtainable from the clinical application of

current CAD schemes to screening programs for mam-
mography and chest radiography. Results from
prospective studies are needed for a further understand-
ing of the potential impact of CAD on the practical
aspects of clinical radiology.

In conclusion, CAD is expected to have a major
impact on diagnostic radiology in the future. However,
successful implementation will require both short-term
and long-term development efforts to further improve
the accuracy of CAD schemes.
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