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Abstract. The evaluation of algorithms developed for computer assisted diagnosis in
digital mammography requires image databases that allow relative comparisons and
assessment of algorithms' clinical value. A review of the literature indicates that there is
no consensus on the guidelines of how databases should be established. Image selection
is usually done based on subjective criteria or availability. The generation of common
database(s) available to the research community makes relative evaluations of algorithms
with similar properties easier. However, questions regarding the "right database size," the
“right image resolution," and the "right contents” remain. In this paper, database issues
are reviewed and discussed and possible remedies to the various problems are proposed.

1. Common Databases

Computer assisted diagnosis (CAD) in radiology has sparked considerable research activity
in the last decade. Mammography has claimed the majority of the applications, which focus
on the automatic detection and/or classification of breast abnormalities such as calcification
clusters and masses. The relative as well as clinical evaluation of CAD algorithms requires
specific image databases the design of which faces significant problems and criticism. The
criteria commonly used for the selection of test cases are defined by logistical issues related
to the particular application, statistical significance, and/or one or more human experts [1-3].

The generation of common databases was proposed to address the increasing need for
absolute or relative comparisons of CAD performances. First, in 1992, the Department of
Radiology at the University of South Florida (USF) and the H. Lee Moffitt Cancer Center
& Research Institute compiled a database of 100 mammograms, normal and cancer cases [4].
This effort initiated a panel discussion at the SPIE & IS&T 1993 Meeting regarding design
issues of such a common image set with panelists from research groups around the world [5].
Since then, three more databases were made available to the research community: the MIAS
database of 161 pairs of images with various abnormalities [6], the Nijmegen database of 40
images with microcalcifications [7], and the LLNL/UCSF database of 198 images with
microcalcifications [8]. A large database is currently under development at USF's Computer
Science and Engineering Department [9]. The selection of images for the existing common
databases is usually based on criteria such as availability of films and pathology reports, and
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experts' evaluations of difficulty and degree of representation of clinical reality. These
databases allow the relative evaluation of CAD methodologies but leave the general database
design issues unresolved.

2. Review of Properties of Reported Databases

The issues of medical image databases have been addressed at several workshops [5,10,29]
and by several researchers usually in relationship to observer studies [1,2]. In particular,
Kroon et al [1] have provided a model for compiling databases of chest radiographs,
Nishikawa et al [3] offered suggestions for mammograms with masses, and Kallergi et a/ [11]
and Chan et al [12,13] discussed similar issues for mammograms with calcifications.

Literature suggests that five basic criteria should be considered: (a) truth of diagnosis, (b)
quality of original films, (c) degree of difficulty of cases, (d) total number of cases and
representation of clinical characteristics, and (e) digitizer and digitization conditions.

Pathological proof is the commonly used criterion for benign/malignant differentiation
[14]. At least 2-year clinical follow-up without change is the criterion used for normals
(negatives and nonbiopsied benign cases) [14]. Using the radiological and pathological
reports, an expert usually indicates the size and location of an abnormality on a film copy
or on the digital image. Truth files are generated and used to calculate the indices of
performance. The limitations of this ground truth source are that it is subjective and provides
limited quantitative information on the distribution and morphology of the abnormality.
Electronic truth files are proposed and sometimes generated [4]. These files are still
subjective and time consuming to create but offer some advantages, e.g., better and automatic
assessment of the "correct decision” of an algorithm.

The rule of thumb regarding the quality of the films to be digitized is that mammograms
that are acceptable in daily practice should be acceptable for the database [1]. However, this
rule may sometimes allow inclusion of mammograms with common artifacts such as those
due to dust or film processing, which can be easily recognized and disregarded by the human
observer but pose significant problems in the application of CAD methods. Therefore, a
stricter rule that excludes films with any artifacts is often applied at the risk of overestimating
the performance of the method and having a questionable assessment of its clinical value.

The difficulty of the test images is the easiest target for criticism and an issue that has
currently no objective solution [1-3,10]. There are several proposed parameters that are
directly or indirectly related to the subtlety of the cases. For example, many researchers
measure difficulty by the degree of visibility of an abnormality. The visibility is usually
assessed by one or more experts using a 3-, 5-, or 10-point scale, from easily discernible to
very hard to distinguish [15]. Lesion contrast, lesion size, and breast parenchyma
measurements are also proposed as indirect measures of difficulty [3,11,16] because the
majority of missed cancers are <10 mm in largest diameter (minimal cancers), of low
contrast, and/or in dense breasts [17].
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The number of images and the proportions of different abnormalities are issues that can
have a relatively easy answer but with significant complications. For example, there are well
known mathematical criteria dealing with error measurements [18] and statistical significance
[2] that can be used to estimate the sample size needed for adequate training and/or testing
of an algorithm. In addition, clinical proportions of normal and abnormal cases, parenchymal
densities, and types of abnormalities are generally well known and can be followed in the
establishment of a database. Such sample size estimates, however, are usually large and
impractical. So, until now, the size seems to be determined more by the availability of the
mammograms and the constraints on computation and less by the requirements for statistical
accuracy or generalization. Small sample biases may be reduced by using different sets of
images for training and testing the algorithms or, better, using resampling plans [19].
Observer studies (ROC) of CAD have been reported with up to 270 mammograms [11,20].
Non-observer studies with full mammograms are reported with sets of 25 to about 100 cases
[3,21,22] while most studies are done on regions of interest (ROIs); as many as 672 ROIs
have been used [15-17,23,24]. None of the used databases until now represents clinical
distributions in terms of either benign:malignant, normal:abnormal, dense:fatty breast ratios.
The reasons include unavailability, impractical proportions (only about 5 cancers per 1000
cases), specific requirements of ROC studies [1,2] or simply not needed for the study.

Until now, digital mammograms are generated from digitizing films. Hence image
resolution and quality depends on the scanner and often the aim of the research. For
microcalcifications, results have been reported for resolutions of 30-105 pm with 8-16 bits
per pixel [11-13, 20,21,23-25]. For mass detection, results are reported for resolutions of 100-
400 pm and 8-16 bits per pixel [3,16,22,26,27]. To our knowledge, no results are reported
on image-based mass classification.

3. Proposed Criteria for Mammographic Database Generation

There are general guidelines on how to develop databases of mammograms and what should
be avoided. Some requirements are relatively easy to satisfy, e.g., truth of diagnosis, film
and digital image quality, matching normal and abnormal cases. Properties such as degree of
difficulty, number of cases, relative proportions of different cases, and digitization conditions
are more complex because they are observer, methodology, and task dependent and often
impossible to define a priori. Possible solutions to the latter issues are discussed below.
Acutance, or sharpness, may be a better descriptor to the easy/difficult issue of cases that
is task dependent, e.g., detection vs diagnosis. Measures of acutance proposed by Elkadiki
and Rangayyan [28] may be modifiable to provide a quantitative measure of the degree of
difficulty that relates the image properties to the performance of the human eye.
Alternatively, the definition of acutance may include several variables such as perceptibility
or visibility, size, contrast, and background parenchymal density, the estimation of which
should involve more than one expert to account for variability. The contrast and size
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measurements of the lesions are useful parameters in the relative assessment of databases
and can be related to difficulty if some ranges are established. False negative cases due to
perception errors, cases where there is a discordance among radiologists, or minimal cancers
are three groups that can be considered as sets of difficult cases and can have dual purpose:
(a) be part of the test databases and (b) used to determine value ranges for the various
parameters that describe the acutance of the data or provide insight in the definition of a
measure for objective assessment of difficulty. An alternative proposed by our group to avoid
the issue of "difficulty," is the use of consecutive cases that satisfy the film quality and
biopsy criteria. This solution is attractive if many cases are to be studied but when a small
number is selected, representation biases may be encountered.

The size of the database should be determined by the desired statistical and generalization
power. For digital mammography, it is recommended that the generalization error is
determined by the clinical requirements. If this is still impractical, then resampling techniques
are recommended [19]. Wherever applicable, clinical distributions for breast density, lesion
type, and normal:abnormal cases are preferred. Studies involving ROC or free response ROC
tests, however, could use proportions determined by the model's requirements [2].

Digitization is an algorithm and task dependent issue, e.g., detection vs classification,
CAD as a "pre-reader” vs CAD as an educational tool. Studies have shown that a pixel size
<100 pm and depth =10 bits is adequate for calcification detection [11,12]. For masses, a
pixel size of <200 pm and depth =8 bits per pixel may produce the desired results [22,27].
Classification of both abnormalities seems to demand pixel size <60 pm and depth >10 bits.
It is recommended that films are digitized at the highest possible resolution, preferably one
that matches the film's resolution. Then data can be reduced mathematically as needed.
Finally, the arrival of direct digital mammography systems will make us revisit several issues
including artifacts, resolution, and acutance, further increasing the need for objective and
quantitative case selection criteria.
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