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Automated Storage and
Retrieval of Thin-Section CT
Images to Assist Diagnosis:
System Description and
Preliminary Assessment1
A software system and database for
computer-aided diagnosis with thinsection computed tomographic (CT)
images of the chest was designed
and implemented. When presented
with an unknown query image, the
system uses pattern recognition to
retrieve visually similar images with
known diagnoses from the database.
A preliminary validation trial was
conducted with 11 volunteers who
were asked to select the best diagnosis for a series of test images, with
and without software assistance. The
percentage of correct answers increased from 29% to 62% with computer assistance. This finding suggests that this system may be useful
for computer-assisted diagnosis.
©
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In this article, we describe the development, implementation, and preliminary
evaluation of a computer-based system
designed to aid image interpretation of
thin-section computed tomographic (CT)
images of the chest by means of pattern
recognition coupled with a database of
scans with known diagnoses.
Thin-section CT of the chest has been
developed over the past several decades
and has proven to be a valuable diagnostic tool to assist in the diagnosis of usually diffuse parenchymal disease of the
lung. Diagnosis is based on understanding, identification, and analysis of a normal or abnormal appearance of the lung
parenchyma. Important features include
“(i) linear and reticular opacities, (ii) nodules and nodular opacities, (iii) increased
lung opacity, and (iv) abnormalities asso-

ciated with decreased lung opacity, including cystic lesions, emphysema, and
airway abnormalities” (1). Correct recognition of the patterns of pulmonary architecture allows the formation of an intelligent differential diagnosis.
When a radiologist, perhaps an individual without specialized expertise in
thin-section CT of the chest, encounters
a challenging case, he or she may recognize that there is pathologic lung parenchyma but may wish to use computerbased assistance to determine a likely
specific diagnosis. This interactive “physician-in-the-loop” approach, in which
the physician identifies the abnormal region of interest before computer evaluation, is simpler than the use of a computer to interpret an entire image
without user interaction (2). The purpose
of our study was to design, implement,
and validate a computerized database of
thin-section CT images of the chest and
demonstrate the use of a Web-based tool
with this database to assist the radiologist.

Materials and Methods
Our project was approved by the institutional review boards. Because the use of
image data from patient scans was retrospective, the requirement for informed
consent was waived. The volunteer physicians in the preliminary trial freely gave
verbal approval to participate.
System Description
We named our system “automated
search and selection engine with retrieval
tools” (ASSERT). The software is written
in the C⫹⫹ computer language and is
used with a server (Sun Microsystems,
Sunnyvale, Calif). The user-interface software for the preliminary evaluation is
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written in Java and can be accessed over
the Web by using a standard browser.
The software is designed to store and
index medical images. The system is used
interactively: The physician-user identifies abnormal pulmonary parenchyma
and marks it by using an electronic cursor. The major objective is to permit “unknown” or “query” images to be matched
reliably against images that are already in
the database so that scans with similar
patterns of disease can be retrieved. By
retrieving and displaying known cases
that are similar in appearance to the
query image, information regarding the
diagnosis can aid in the interpretation of
the query image. Currently, we match
and retrieve on the basis of a “pathologybearing region” (PBR) present in a single
section of the query thin-section CT
scan; demographic and other textual information is not used in the matching
and retrieval process.
There are two types of procedures for
managing the database of the PBR: (a)
procedures for storing the PBR with
known diagnoses into the database and
(b) procedures for matching an unknown
image with a PBR by querying the PBR in
the database, so that similar images can
be retrieved. Many of the processing
steps for these two functions are similar.
The steps are shown schematically in Figure 1; a technical description appears
elsewhere (3).
As images from patients with known
diagnoses were added to the database, a
trained specialist or subspecialist radiologist (L.S.B., H.W.M.) examined each image and marked the regions of interest
that depicted the pathologic condition or
the PBR. Major anatomic landmarks,
such as the pleural fissures, were also
marked. The time required for this physician interaction was short, typically less
than 1 minute per image. On the basis of
information from the medical record or
the appearance of the image, the expert
recorded the appropriate diagnosis. Once
the process was complete, the remainder
of the image storage process was automated.
The software then applied a region-extraction algorithm that segmented out
the tissue type of interest in this case, the
pulmonary parenchyma. This segmentation allowed the system to work with any
PBR that was marked imprecisely, since
soft tissues other than the pulmonary parenchyma will be ignored by the software.
The PBRs were stored and indexed in
the database based on software image
266
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Figure 1. Schematic shows the software steps and user interactions
necessary to store an image in the database. Left: Procedures in a
patient with a known diagnosis. Right: Procedures to retrieve images
from the database that are similar to query images with unknown
diagnoses. Periodically, the software determines which image properties to use for matching and retrieving images for each type of
disease, as shown in the box at the bottom left. HRCT ⫽ highresolution (thin-section) CT.

processing. In the current study, 125 image-processing algorithms were applied
to the PBRs. We have found that there is
no single set of image properties that best
characterizes all disease types. That is,

properties that might be useful in discriminating among subtypes of one disease (eg, emphysema) might not be well
suited to separating varieties of nodular
lung disease. For this reason, we impleAisen et al
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Figure 2. Screen capture of user interface for phase 2 of the trial. User has identified and outlined a PBR. ASSERT software chose four images that
contain similar-appearing abnormalities and displayed them, as well as the known diagnosis for these images (bronchiectasis). In the list of
diagnostic possibilities, the user has made a selection.

mented a two-stage process, which we
call “customized queries,” in which the
set of image parameters to be used (a
subset of the 125 properties) was determined automatically for each broad category of disease (4 –7). In the first of the
two steps, an initial analysis was performed to categorize a query image into a
broad disease category. Once this was
done, the software determined which select subset of image processing algorithms was appropriate to the specific disease entity. The basic idea was to choose
those image parameters that best discriminated among disease entities for the
first stage and that best characterized
each specific disease for the second stage.
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The matching or retrieval process occurred when an unknown image was presented to the system; this process was
somewhat similar to the storage process.
First, a PBR was marked on an unknown
query image by the physician user, after
which the computer identified lung parenchyma in the PBR. First-stage matching, in which the system decided the
broad category of disease, was then performed. Next, the second phase of image
retrieval was performed by measuring
and then matching those image attributes that were determined previously
to be appropriate for the specific disease
(2). The resulting closest matching images with the predicted disease are then

displayed with their known diagnosis for
the physician user.
In this initial phase of the project,
1,888 PBRs in 1,069 images from 173 patients were entered into the database. Images were selected retrospectively from
routine clinical examinations performed
at our institutions during the previous 3
years. The cases were identified by means
of systematic review of the scanner logs
for thin-section CT cases. There were no
specific selection criteria for the patients.
We attempted to include as many patients with as broad a range of diagnoses
as was feasible. Toward the end of the
process, we stopped adding cases with
diagnoses already well represented nu-
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merically in the database (eg, emphysema). Diagnoses were confirmed with
pathologic or clinical data. The diagnoses
of centrilobular emphysema and paraseptal emphysema were made on the basis of their characteristic thin-section CT
appearance. Cases for which the diagnosis was known with reasonable reliability
in the judgment of an experienced chest
radiologist (L.S.B. or H.W.M.), on the basis of available information in the medical record and the appearance of the images, were entered. Patients who had
more than one diagnosis (possibly resulting from overlap of abnormalities on
thin-section CT images) were not included. The most common disease entities were centrilobular emphysema, paraseptal emphysema, sarcoidosis, invasive
aspergillosis, bronchiectasis, Mycobacterium avium-intracellulare infection, panacinar emphysema, and idiopathic pulmonary fibrosis.
Preliminary Evaluation of System
To conduct a preliminary evaluation of
the utility of ASSERT, special evaluation
software was designed, implemented,
and then executed by 11 volunteers who
were not otherwise participants in this
project: two chest radiologists, each with
5 or more years of experience in thinsection CT; five general radiologists, each
with more than 10 years of experience;
and four residents or fellows (two residents, one in the 2nd year and one in the
3rd year, and two non– chest radiology
fellows). The evaluation was performed
in two phases. In both phases, the same
set of 29 test images, which were selected
randomly from the database to provide a
disease distribution similar to that of the
overall database, were used. The most
common disease entity was centrilobular
emphysema. The 29 images were obtained in 23 patients; images from these
patients were removed from the database
before the system was trained, as well as
from the set of images available for retrieval.
Users accessed the evaluation software
by using standard personal computers
with standard Java-enabled Web browsers. Figure 2 shows a screen capture of the
user interface. In the first phase, each volunteer was presented with the test images
one at a time and was asked to choose
one best diagnosis from a pull-down list.
The order of the images was random and
was varied from volunteer to volunteer.
The pull-down list contained all diagnoses present in the database, many of
which were not represented in the small
268
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set of 29 test images. The volunteers’ answers were scored on the basis of the
number of correct choices for each. In
the second phase, which was conducted
after a minimum 1-week delay, each user
was presented with the same images, in a
different randomly selected order. This
time, they were asked to mark a pathologic region on the query image, after
which a set of four “matching” images
was presented by the system. The four
matching images were labeled with their
known diagnoses. In the implementation
of our software used in the current study,
the diagnosis for all four retrieved images
was the same. This is because of the twostage matching process used in the current design of our retrieval method.
The volunteers were informed in advance that the matches might or might
not be correct. After the matching images
were examined, the volunteers were
asked to select the appropriate diagnosis
from the pull-down menu of diseases;
again, they were free to select or not to
select the same disease as was indicated
for the matching images. The number of
correct answers was again tallied and
compared with the results of the first
phase. Logistic regression by means of
the Wald test (8) was used to compare the
performance of the 11 volunteers in the
two phases of the trial.

Results
The distribution of diagnoses for the
29 images in the trial is given in Table 1.
The results of the trial are given in Tables
2 and 3. Overall, the percentage of correct answers increased from 29% (94 of
319) without computer assistance to 62%
(198 of 319) with computer assistance
(P ⬍ .001); the improvement was greater
for the general radiologists than that for
the specialized chest radiologists.
For each of the 29 test images, a specific disease was predicted by the ASSERT
software; this disease was represented in
the four matching images retrieved and
displayed by the system. The diagnosis
that was chosen depended on the PBR
marked by each of the volunteers and
was not necessarily the same for all 11
users. In this trial, the diseases chosen by
the ASSERT software were correct in approximately 70% of cases.

Discussion
Computer-aided image interpretation
is an area of rapid technologic growth
that is likely to play a growing role in the

TABLE 1
Diagnoses in 29 Cases Chosen
Randomly from the Database
for the Preliminary Trial
Diagnosis
Centrilobular emphysema
Paraseptal emphysema
Aspergillus
Panacinar emphysema
Sarcoidosis
Idiopathic pulmonary fibrosis
Mycobacterium avium-intracellulare
infection
Bronchiectasis

No. of
Cases
12
1
2
2
2
5
1
4

clinical practice of radiology. This technology has been used to assist with both
lesion detection and diagnosis. There are
several systems approved by the U.S.
Food and Drug Administration that perform computer-aided detection for mammography, and the U.S. Congress has approved increased reimbursement for
mammography when interpretation is
supplemented with computer-aided detection techniques. Findings in other trials suggest that computer-based tools can
substantially enhance diagnostic sensitivity (9,10).
There are many approaches to computer-assisted image interpretation. In one
approach, rule-based, or what may be
termed “artificial intelligence,” methods
are used. In the field of mammography,
for example, computers are used to characterize breast masses as likely malignant
or likely benign on the basis of properties
such as lesion density, character of the
margin, and the presence of microcalcifications. Shape, margin spiculation, and
some types of microcalcifications indicate malignancy; computer-based tools
have been developed to assist with both
the identification and classification of
such findings (11–20). These methods are
applied with varying degrees of user interaction by the interpreting physician.
In one of these studies, the performance
of a fully automated method for identifying (segmenting) and classifying breast
masses exceeded that of nonspecialist radiologists and approached that of experts
(11).
Another area of radiologic diagnosis to
which computer-aided interpretation has
been applied is screen-film or digital radiography of the chest (21,22,23) for the
detection (21,23) and characterization
(22) of radiographic abnormalities. In
chest CT, software has been developed
for nodule detection (24,25) and for such
Aisen et al
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TABLE 2
Number and Percentage of Correct Answers for Volunteers in the Two Phases
of the Trial
Volunteers

Without Computer Assistance

With Computer Assistance

Chest radiologists (n ⫽ 2)
General radiologists (n ⫽ 5)
Radiologists in training (n ⫽ 4)
Overall (n ⫽ 11)

23 of 58 (40)
36 of 145 (25)
35 of 116 (30)
94 of 319 (29)

38 of 58 (66)
98 of 145 (68)
62 of 116 (53)
198 of 319 (62)*

Note.—Data are the number of images. Numbers in parentheses are percentages.
* P ⬍ .001.

TABLE 3
Number of Answers Changed from First Phase of Study (without computer
assistance) to Second Phase (with computer assistance)
Volunteers

Wrong to Right

Right to Wrong

Wrong to Wrong

Chest radiologists (n ⫽ 2)
General radiologists (n ⫽ 5)
Radiologists in training (n ⫽ 4)
Total (n ⫽ 11)

15 of 58 (26)
67 of 145 (46)
33 of 116 (28)
115 of 319 (36)

0 of 58 (0)
5 of 145 (3)
6 of 116 (5)
11 of 319 (3)

11 of 58 (19)
28 of 145 (19)
31 of 116 (27)
70 of 319 (22)

Note.—Data are the number of images. Numbers in parentheses are percentages.

quantitative analysis as quantification of
emphysematous change by means of
measurement of pulmonary parenchymal density (26). In one study, chest radiograph interpretation was assisted with
a computer to analyze lung texture and
flag areas of potential interstitial abnormality (21). For thin-section CT, computer analysis is being applied to automatic detection of abnormal pulmonary
lung parenchyma (27). Other domains
for which computer tools have been described include quantification of stenoses
on angiograms (28,29), detection and
identification of liver lesions (30), detection of colonic polyps (31), and evaluation of the trabecular pattern of bone
(32). In addition to rule-based systems,
neural-network techniques have been applied to image interpretation (27,33).
Most previous work has been concerned with the selection and development of algorithms for feature detection
and image analysis. Our current study
dealt with a different, though related, aspect of computer-aided image interpretation: the development of database methods and tools for classifying, indexing,
and retrieving images that depict similar
radiographic appearances. Such a search
engine is called a content-based image
retrieval system. From the perspective of
computer science, this problem of automated classification, indexing, storage,
and retrieval of images or image regions
represents an important and complex
problem and one that, to our knowledge,
Volume 228
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has received only limited attention in the
medical arena.
In our “physician-in-the-loop” approach, the problem of computer-assisted
diagnosis and not detection is dealt with,
because the physician is required to identify the abnormal pulmonary parenchyma.
Computer analysis is performed with respect to this region, with use of both regional and global algorithms. Thus, the
ASSERT software is designed to work with
local regions of abnormal pulmonary parenchyma or PBRs and not with entire tomographic images.
In practical terms, it is unlikely that
the computer could outperform an experienced specialist radiologist in selecting
similar images among a limited data set.
As the database grows, however, the
computer will be able to search through a
set larger than would be feasible for a
human to examine. With our software,
the user is presented with similar images
with known diagnoses. This can help a
non–subspecialist radiologist by suggesting potential diagnoses. For example, the
thin-section CT pattern of lymphangitic
spread of malignancy is well known to
radiologists experienced in the reading of
thin-section CT images but may be less
familiar to other radiologists. Thus, if our
system is presented with an unknown
image, and the appearance of the pathologic parenchyma is that of lymphangitic
spread, the system is expected to retrieve
other images from patients with this diagnosis. The physician posing the query

would then have the opportunity to examine the retrieved images and reach a
conclusion about whether the unknown
case was similar. It is our hope that results with our software will duplicate the
success of others in related domains
(10,21) and enhance diagnostic efficacy.
Our current implementation has limitations. At present, we are limited to
working in one narrow domain, thin-section CT of the lung. We are expanding
into several additional areas. At present,
the software can not evaluate clinical information or context other than the images themselves. In future enhancements, we hope to include contextual
information, including sex, age, and perhaps other clinical or laboratory information in both the database and perhaps
the retrieval process itself. For example,
the retrieval software could be modified
to give preference to patients with the
same sex or age as the patient with the
query image.
Our present implementation will fail
to find any appropriate matching images
if, in the first step of software processing,
the wrong major diagnostic category is
chosen. This appears to occur in approximately 10%–30% of cases. It is noteworthy that the failure rate in this trial was
more than 30%, which is greater than
that for preliminary tests conducted by
some of the investigators. This may have
contributed to the failure rate for the second part of the trial because, in practice,
the users did not include the same area of
lung in the PBR as was included by the
investigators who helped create the database. Fortunately, relatively simple modifications to the software can be made
that will improve the functionality; such
modifications are being implemented. A
major design change will be to allow the
several retrieved matching images to represent more than one disease.
It should be noted that normal regions
of lung were not included in the database
because our system is designed to assist
with the diagnosis of areas of pulmonary
parenchyma that a physician believes are
abnormal. In our approach, we assume
that the physician is able to recognize
pathologic parenchyma.
The current study is preliminary, with
a relatively small number of test images
and a limited distribution of diagnoses.
Overall accuracy of the volunteers in
identifying the images increased from
29% without computer assistance to 62%
with assistance. The benefit for the two
chest radiologists was less than that for
the general radiologists. The fact that the
accuracy is not higher is an artifact of the
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experimental design and not of the skills
of the volunteers. Several factors contributed to this low accuracy. First, for scoring purposes, we allowed the choice of
only one diagnosis, when, in fact, the
images might have been reasonably ascribed to any of several diseases (eg,
interstitial lung disease secondary to
connective tissue disease and usual interstitial pneumonitis). This may have contributed to the improvement in the
scores of the expert chest radiologists.
Second, only single images were presented, without the ability to adjust the
window and level settings. Clinical interpretation of thin-section CT scans requires examination of images of the entire lung, which was not done is this
preliminary trial. Third, no context, such
as patient age, sex, or medical history,
was provided. Fourth, if the region of
interest was not placed on the appropriate area of disease by the user, the retrieved images may not represent the correct principal diagnosis.
In summary, we developed and tested
a computerized database for the intelligent storage and retrieval of medical images. We believe our system will be useful
both as an aid in image interpretation
and as an educational tool, since the user
will be able to view similar images with
their respective diagnoses. We are continuing to develop our system and are in
the process of both expanding the database of thin-section CT images and extending the system to other organ systems and imaging methods. The results
of our preliminary trial suggest that a tool
such as ours can substantially improve
diagnosis, particularly for nonspecialist
radiologists.
Acknowledgements: The authors thank the
volunteers for participating.
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