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Summary

Objectives: To study how professional radiologists
describe, interpret and make decisions about microcalcifications in mammograms. The purpose was to
develop a model of the radiologists’ decision making
for use in CADMIUM II, a computerized aid for mammogram interpretation that combines symbolic reasoning with image processing.
Methods: In Study 1, eleven radiologists were asked
to ‘think out loud’ as they interpreted 20 sets of
calcifications. Participants used 159 terms to describe
calcifications. We used these data to design a scheme
with 50 descriptors. In Study 2, ten radiologists used
the scheme to describe 40 sets of calcifications. We
assessed the capacity of the terms to discriminate
between benign and malignant calcifications, testing
them against radiologists’ assessments of malignancy
and follow-up data.
Results: The descriptors that were found to be the
most discriminating in Study 2 were included in
CADIMUM II’s knowledge base. They were represented as arguments for either a benign or a malignant
diagnosis. These arguments are the central component
of the decision support provided by the system. Other
components are: image processing algorithms for the
detection and measurement of calcifications and a set
of rules that use the measures to decide which of the
arguments apply to a given set of calcifications.
Conclusions: Preliminary evaluations of the
CADMIUM II prototype reinforce the value of
representing explicitly decision making processes in
computer aided mammography and of deriving these
processes from image processing measurements.
Decision support is presented here at a level of
description that is both relevant and meaningful to
the user.

Keywords
Computer aided diagnosis, radiology, knowledge
elicitation, knowledge representation, image
processing
Methods Inf Med 2004; 43: 239–46

1. Introduction
Advances in digital mammography have
led to the development of a variety of computer decision aids for mammogram interpretation [1, 2]. The most common approach is the use of image processing algorithms for the detection of abnormalities
[3]. Many systems also assist in providing a
diagnosis for the detected findings by using
classifiers such as neural networks or k
nearest neighbour classifiers, for example
[4-7]. Many such systems obtain remarkable results in terms of diagnostic accuracy.
However, the diagnoses they produce are
based on complex numerical processing
whose rationale will not be apparent to the
user. In contrast, human factors research
suggests that computer aided diagnosis
would benefit from explicit explanations
linking diagnostic decisions to the abnormalities detected in the mammograms [8].
We are following this approach in CADMIUM II, a system for the diagnosis of
mammograms that combines image processing with symbolic representations of
clinical decisions [9]. The system uses symbolic reasoning to relate information obtained from image processing to the decisions that radiologists take.The system is an
advanced version of CADMIUM, a prototype that was successfully evaluated with
radiographers trained to interpret mammograms [10].
CADMIUM II explicitly represents the
decision making process involved in the
interpretation of mammograms, including
the candidates (options) and the arguments
that would support each candidate. Up to
now, we have concentrated on a single
problem: the differential diagnosis of calcifications. For this decision, the candidates

are terms that are indicative of the risk of
malignancy and the arguments are statements about confirmed properties of the
observed calcifications.
To our knowledge, no other system for
mammography has been developed that
combines symbolic decision making and
imaging. Some decision aids do use symbolic reasoning and can provide useful information about diagnoses [11-13]. However,
such systems require the features and
measurements of mammographic appearances to be introduced manually by a human expert. In CADMIUM II, in contrast,
the process is fully automated as such
measurements are obtained from the results of image processing operations.
This requires three elements: 1) a
knowledge base about radiological decisions; 2) image processing to detect and
characterize calcifications; and 3) a mapping between imaging measurements and
the symbols in the knowledge base. In this
paper we are concerned only with the first
part: the acquisition and representation of
the relevant radiological knowledge to be
incorporated into the knowledge base.

2. Acquisition of Radiological
Knowledge
The aim of knowledge acquisition is to obtain a body of knowledge which is as complete, consistent and correct as possible [14].
Most common methods of knowledge acquisition involve either eliciting information
from human experts or extracting knowledge automatically from data. Methods of
knowledge elicitation from humans range
Methods Inf Med 3/2004
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from informal or semi-structured interviews
and observations to more structured methods like the transcription and analyses of
verbal reports or conceptual techniques
such as laddering, hierarchical sorting, graph
construction, etc. [15]. Some of these elicitation techniques can be conducted through
the interaction between human experts and
purpose built computer tools [16]. Examples
of methods of automatic knowledge extraction from data are machine learning (or data
mining) [17] and natural language understanding techniques [18].
An alternative approach is the extraction of knowledge from written documentation [15]. This approach was used in the
development of the original CADMIUM
prototype. Statements from review articles,
textbooks and monographs were transcribed and incorporated as rules. However, the resulting knowledge base was considered by radiologists to be confusing and
in some respects erroneous [10]. One problem was that many statements were ambiguous if presented without other contextual
information provided in the texts. We also
found that there is considerable variation
amongst authors in terms of what aspects of
the calcifications they consider typical or
discriminating.
Recent years have seen an advance in
the development of standardized health
terminology, with notable implications for
computerized medical systems [19]. In the
context of mammography, a well established reporting scheme such as the American College of Radiology’s BI-RADS
(Breast Imaging Reporting and Data
System) [20] is a common choice by system
developers [4, 13]. However, BI-RADS has
not been universally accepted and there is
no clear evidence that its use improves consistency and accuracy in mammogram
interpretation [21-23]. Additionally, there
are indications of its limited expressiveness
for encoding mammography findings in
computerized data bases [24].
A difficulty in the development of a
mammographic knowledge base is the variability amongst mammogram readers in the
use of descriptors, which has led some authors to conclude that the standardization
of descriptive terms for mammogram interpretation may be an unattainable goal [25].
Methods Inf Med 3/2004

However, various studies of radiologists’
judgments have positively contributed to
the definition of useful sets of mammographic features for inclusion in decision
aids [26, 27]. These studies typically start
with a set of pre-specified ad-hoc mammographic terms that experts are asked to
rate. The terms with highest inter-rater
agreement are then extracted and incorporated in the decision aid. Again, however,
the sets of terms used by these studies are
fairly limited.
In the studies described in this paper, we
sought to establish a terminology that
would capture the reasoning of radiologists
in a relatively naturalistic setting. To this
end, we started by using protocol analysis
techniques, followed by a more focused
conceptual approach. The purpose was to
elicit, from scratch, a new set of terms from
expert radiologists (rather than, e.g., testing
a predefined set of descriptive terms) as we
deemed existing reporting schemes did not
provide the level of detail to explain the
basis for the assessment of calcifications.
More specifically, the goals of our two
studies were: a) to identify a core set of
salient features that are actually used by
radiologists when making diagnostic decisions about calcifications (in Study 1); and
b) to determine which of these descriptors
are useful to discriminate between benign
and malignant appearances (in Study 2).

3. Knowledge Elicitation
Studies
3.1 Study 1
The main goal of Study 1 was to gain an
understanding of the terminology used by
radiologists when making decisions about
calcifications.An exploratory approach was
followed at this stage and think-aloud protocols were analysed. Preliminary results of
this study were presented in [28].

3.1.1 Method and Materials
Eleven consultant radiologists from 6 different hospitals and screening centres took

part. They interpreted mammograms from
20 symptomatic patients: 4 with no reported calcifications or abnormalities, 8 with reported malignant calcifications, and 8 with
reported benign calcifications. Four films
were used from each patient, namely, the
standard mediolateral-oblique and craniocaudal views of the left and right breasts.
The study was conducted individually
with each radiologist at her own workplace.
The participants were presented with the
20 sets of mammograms, one set at a time,
on conventional light boxes. All radiologists saw the same mammograms, though in
different sequences. The participants were
asked to read each mammogram as they
would in a normal clinical situation and to
“think aloud”, reporting everything that
went through their mind. More specifically,
they were instructed to note all the mammographic features they saw on the image
(especially calcifications) and to describe
them in detail. They were also asked to
provide a tentative diagnosis, suggest a
course of action and rank their confidence
in their decisions. Their verbal reports were
recorded on audio-tape.

3.1.2 Results
The resulting audio-recorded think-aloud
reports were transcribed. As an illustration
of the verbal reports generated by the participating radiologists, we include below an
excerpt of one of the transcripts:
“In the left breast superiorly and … laterally, there is an area of increased density
with associated barn-door malignant calcification.And there is no question that this
[calcification] is malignant. It’s segmental,
it’s going down toward the nipple in a big
segment, it’s got branching, it’s heterogeneous, differing in density, differing in sizes,
and is slightly jagged, Chinese letters, looks
nasty.”
A record was then kept of all the different findings reported by each radiologist
(in particular, calcifications). The subsequent analyses focused on the terms used
by the radiologists to describe the reported
calcifications.
The participants used 159 different
terms to describe the calcifications in the
study. These terms were grouped in cate-
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gories corresponding to twelve different dimensions or properties, such as shape, size,
density, etc. (see headings in Table 2). Six
‘composite’ descriptors referred to more
than one property at the same time. For example, the term “ring” or “ring-like” makes
reference to the shape (round), density
(lucent centre) and contour (a rim). Other
composite terms were: coarse, fine, punctate, popcorn, tubular, and needle-like.
These were replaced with the more “nuclear” terms to which they refer. Additionally,
synonymies were established. This resulted
in a descriptive scheme comprising 50 descriptors grouped along the 12 different
properties.
The most commonly used properties
and descriptors for each of the main diagnostic categories of calcifications (benign
and malignant) are summarized in Table 1.
The table includes those properties and values that were noted by six or more participants. A term is included in each diagnostic
category if a radiologist used the term to
describe a calcification that she believed
belonged to the category*.

Table 1 Most frequently used properties and values to describe calcifications in Study 1
Benign

Malignant

3.2 Study 2
The analyses carried out in Study 1 yielded
a potentially useful descriptive scheme.
However, the completeness of the scheme
was questioned by several of the participants, who noted that some specific
appearances (e.g., benign “micro-cystic”
calcifications and some indeterminate
types) were missing from our set of mammograms.Therefore, we decided to conduct
a second more focused study with a larger
data set including as many different calcification types and morphologies as possible.

The main goals of Study 2 were: a) to
validate the set of descriptors obtained
from the first study; and b) to obtain more
data about their capacity to discriminate
between benign and malignant interpretations.

3.2.1 Method and Materials
* It is worth emphasizing that the “diagnosis”
(benign/malignant) associated with each descriptor refers only to how the radiologists
categorized the calcification, but not necessarily to their diagnosis of the whole breast;
e.g. it is possible for a radiologist to consider
that a set of calcifications is benign even if it
is associated with other appearances that
she considers malignant (see e.g. associated
“malignant mass” in the “benign” column in
Table 1)

An experienced radiologist selected mammograms containing 40 cases of calcification. Each case consisted of a pair of mammograms (craniocaudal and lateral-oblique
views of the same breast). All calcifications
were from cases for which the diagnosis
had been confirmed at biopsy or through
follow-up. There were 29 cases of confirmed benign calcification and 11 cases of
confirmed malignant calcification.

Ten consultant radiologists were shown
the 40 cases, one set at a time. On each case,
an area of calcification was highlighted on
a transparent overlay. With each pair of
mammograms a sheet of paper was presented containing the descriptive scheme
with the 50 terms obtained from Study 1.
They were asked to tick all those descriptors that they felt applied to the highlighted
calcification(s). If they thought that the descriptors on the sheet were not sufficient to
characterize the calcification(s), they had
the option to add any other terms that they
may find appropriate.They were also asked
to note the level of suspicion attributed to
the highlighted calcifications (on a 5-point
scale) and to provide, if possible, a tentative
diagnosis/etiology for the marked calcifications.
Methods Inf Med 3/2004
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3.2.2 Results
All the descriptors in the original scheme
were ticked at least once by at least 50% (5)
of the radiologists; 39 of the 50 descriptors
were used by at least 80% (8) of the radiologists. The radiologists suggested many
other descriptors not included in the original scheme. However, most of these descriptors were used by fewer than three of
the participants. Only 5 were suggested by
more than 5 of the radiologists, namely:
blood vessel (as associated finding), widespread (distribution), intermediate/medium/moderate (cluster size), vessel (location), in mass/density/opacity (location).
The five new descriptors were added to the
revised scheme and ‘irregular’ was moved
to appear under the heading ‘shape’ rather
than ‘contour’. This revised terminology is
summarized in Table 2.
The following analyses were conducted
to ascertain which descriptors served to dis-

criminate between diagnostic categories.
We wanted to assess the discriminatory
power of the terms against both the radiologists’ assessments of risk and against
the follow-up data for these cases. First we
measured the correlation between the
number of radiologists who applied a descriptor for a given case of calcification and
number of radiologists who included the
case in each of the risk categories. The sensitivity and specificity of each descriptor
were also calculated. Table 3 summarizes
the results of these analyses. The terms are
listed with the ones with highest specificity
appearing first. Only the most discriminating terms are included. For example, the
descriptor “big” was used only to describe
those calcifications that most radiologists
considered benign, never for the malignant
ones (hence it has 100% specificity and is
highly discriminating), but it only accounts
for 28% (8) of the total set of “benign” calcifications (i.e. the sensitivity of the descrip-

Table 2 The revised descriptive scheme following the evaluation in Study 2

tor is low; not all benign calcifications are
big); there was also a fairly high (and statistically significant) correlation (0.60)
between the number of participants who
considered a calcification benign and the
number of those who described it as “big”.

3.3 Discussion
Based on the analyses of the transcripts of
think-out loud reports in Study 1, we derived a descriptive scheme for the characterization of calcifications.This scheme was,
to a great extent, backed up by the results
of the second study, which led to some minor revisions. An interesting outcome of
our work is that the radiologists used a far
richer vocabulary for describing calcifications than existing reporting schemes. For
example, BI-RADS contains 22 terms to
characterize calcifications, whereas the radiologists in our study referred to at least
50 different descriptors. A number of descriptors that we found to be highly discriminating in our study are absent from
the BI-RADS scheme; for example, descriptors relating to “size” and “density”,
“well” versus “ill defined” contour, and
“variable density” versus “homogeneous”
particles**. See more details in [29].
Furthermore, Study 2 yielded a set of
descriptors that are potentially able to discriminate between benign and malignant
** Interestingly, there are also descriptors in the
BI-RADS scheme that were never mentioned
by the radiologists in either study; for example, “spherical”, “milk of calcium”, “suture”,
“dystrophic” and “regional” distribution. Arguably, the participating radiologists did not
consider these properties to be relevant. But
another possible explanation is that the data
we used in our study did not contain calcifications with those characteristics. This was a
major concern in our data selection. During
Study 1, several participants noted that some
specific appearances were missing from our
set of mammograms.We decided to overcome
this difficulty by including a wider range of
cases in the second study. We are quite confident that the appearances in Study 2 are fairly extensive (this was reinforced by the
participants’ comments on the matter). But
we are aware that the generalizability of our
results is an issue worth exploring and plan
further studies with larger number of cases.
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appearances. Many of the descriptors
obtained from the studies were found to
have high specificity. Additionally, most of
these terms were highly correlated with
radiologists’ assessment of risk. The sensitivity of most descriptors was low but this is
unsurprising since both the benign and malignant categories encompass a wide range
of calcification types and morphologies.
Whatmough and colleagues followed a
similar approach to ours in a study which
looked at radiologists’ agreement on the
predictive value for malignancy of mammographic features; their results are consistent with ours [26]. Furthermore, our results are consistent to some extent with
studies that have looked at the predictive
value of mammographic appearances by
comparing radiological descriptors with
biopsy diagnoses. Table 4 summarizes the
results of five such studies featuring those
calcification characteristics which were reported to be highly predictive of malignancy or benignity [16, 30-33]. Many features
which we found to be of diagnostic value
were not used in these studies. It is worth
noting that each study tested a different set
of radiological features and not all the
authors explain the reasoning behind their
selection. See more details of our comparisons in [29].
A subset of the most discriminating descriptors obtained in our studies was used
subsequently to inform the representation
of radiological knowledge in CADMIUM
II. This is detailed in the next section.

Table 3 Most discriminating descriptors for cases in Study 2
Benign

Malignant

Table 4 Studies of the correspondence between mammographic appearances and diagnosis

4. Knowledge Representation
in CADMIUM II
Radiological knowledge in CADMIUM II
is represented as a set of arguments, that is,
statements that relate characteristics of the
calcifications to the risk of malignancy associated with the calcifications. Informally,
we could describe the arguments as the bits
of information that a radiologist would
weigh up when trying to decide whether a
calcification is either benign or malignant.
In CADMIUM II, we represent as arguments those descriptors that were found to

be most useful to discriminate between benign and malignant appearances in Study 2.
We combine both information about the
radiologists’ “subjective” assessment (as reflected by the correlation values in Table 3)
and “objective” information about the
specificity of the descriptors, which was
based on follow-up data for the cases in the
study (see Table 3). Only those descriptors

that showed a positive correlation with the
radiologists’ assessment and a specificity of
50% or above for each diagnostic category
(benign and malignant) were included as
arguments for either candidate.
It is obvious that not all the descriptors
provide the same degree of supporting
evidence, so we made a distinction between
“strong” arguments and “weak” arguments.
Methods Inf Med 3/2004
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Strong arguments are those that, if proved
true, are considered to be of (almost) sufficient evidence to approve a diagnostic option. For example, if the size of calcifications is “big”, it is almost certain that the
calcifications are benign; similarly, segmental distribution is a very clear indication of
the malignancy of a group of calcifications
(see Table 3). These could be considered
strong arguments. Weak arguments, on the
other hand, are those that add support for a
diagnosis but are not sufficient individually
to approve it. For example, the fact that the
calcifications in a region have a linear
shape is not enough to decide that they are
malignant; however if, in addition, the calcifications have low density and, e.g., are
branching and clustered, the probability
that they are malignant increases (see again
Table 3).These are descriptors that contribute to a malignant diagnosis but are not
sufficiently discriminating on their own.
In the current implementation, the
strong arguments for either diagnostic category are those descriptors that were found
to have a specificity of 80% or above and
also showed a statistically significant correlation with the participants’ assessments.
The weak arguments are those descriptors
that either: a) have a specificity of 80% or
higher and show a positive correlation; or
b) show a statistically significant correlation and a specificity of 50% or higher.
Table 5 presents the arguments selected
following these criteria.

5. Decision Support
in CADMIUM II
The arguments just described form the basis for the decision support provided by
CADMIUM II. However, the effective provision of decision support requires that the
system identifies, automatically, when each
of the arguments applies to a set of detected calcifications. Therefore, in addition to
the descriptive scheme and the knowledge
base described in the previous sections,
CADMIUM II incorporates the following
elements:
1) An algorithm for the detection and segmentation of calcifications; this part of
the work is described in a previous publication [34].
2) A set of image processing measures to
characterize the calcifications detected
by the algorithm; specifically, we were
interested in identifying image processing measures that could be used to
determine when a descriptor used in an
argument applied to any set of one or
more calcifications.
3) A set of decision rules to establish a mapping between the selected image processing measures and each of the symbolic descriptors used in the arguments;
these rules define each descriptor in
terms of combinations of imaging measurements.

Table 5
List of arguments for the
diagnostic categories “benign” and “malignant” as
implemented in CADMIUM
II
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Figure 1 presents an example of the type of
decision support provided by CADMIUM
II. The figure is a screendump of the user
interface of the system. The user interface
displays the digitized mammograms associated with a particular case. The user can
display a higher resolution image of a particular segment of a mammogram by manipulating a mouse. In Figure 1, the region
contains what is known as “pleomorphic”
calcification (often associated with malignancy). If the user requests decision support, a popup window is displayed containing the decision support advice for that
region. The advice consists of a display of
the regions identified by our algorithm as
calcifications together with a set of statements describing the calcifications. In particular, the statements contain the arguments that connect the characteristics of
the calcifications to a benign or malignant
diagnosis.
In a preliminary evaluation of the CADMIUM II prototype, we compared the performance of our prototype with the R2
ImageChecker 2000 (a commercially available CAD tool) [3]. Such CAD tools are
highly sensitive, detecting almost all cancers, but produce large numbers of false
prompts, averaging around 0.5 prompts per
film. We were granted access to a set of
films being used in an evaluation of R2, but
which only included a limited number of
calcifications. The ImageChecker produced
27 prompts for calcification on these films.
We looked at the arguments generated by
CADMIUM II for these regions. Our aim
was to see if adding the arguments generated by CADMIUM to the prompts provided
by R2 could help radiologists identify false
positive prompts. For six of the prompts,
CADMIUM II generated equal numbers
of benign and malignant arguments (i.e.,
the diagnosis was indeterminate). The data
for the remaining 21 regions are presented
in Table 6. Fifteen of these prompted regions were “false positives” (i.e., contained
benign calcifications that R2 marked incorrectly); for seven of these, CADMIUM II
provided a correct benign diagnosis. In one
prompted region containing clear benign
and subtle malignant calcification, CADMIUM II failed to diagnose correctly the
malignant calcification leading to the single
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“false negative” in the table. In addition to
the cases in Table 5, the data set contained
three cases of malignant calcification that
R2 failed to prompt; when these cases were
processed by CADMIUM II, our system
correctly identified for them a malignant
cause. This (limited) evaluation suggests a
role for CADMIUM II as an adjunct to a
prompting system.
A further evaluation is still in progress.
We hope to interview eight radiologists
who will all have an opportunity to familiarize themselves with the prototype before
answering questions about the approach
and the advice given.

Table 6 The balance of arguments generated by CADMIUM II compared to the actual diagnosis, on 21 image
regions identified by the R2 ImageChecker 2000.

6. Conclusions
Two empirical studies looking at the descriptive terms that expert radiologists use
when making decisions about calcifications
have yielded a set of salient features with a
potential value for discriminating between
malignant and benign mammographic appearances. These features have been used
to inform the argumentation used in the decision support component of CADMIUM
II, a computer aided diagnosis tool for
mammography that combines symbolic
reasoning with image processing.
An issue currently being explored is the
generalizability of our results as both the
data and subject samples in the studies
were fairly limited. As noted, we are quite
confident that the cases in the second study
contained an extensive range of calcification appearances (this was reinforced by
the participants’ comments). However we
feel additional studies with larger numbers
of cases and radiologists are needed to investigate further the validity of the implemented descriptive scheme and arguments.
Additionally, we are considering the potential for using more sophisticated knowledge
acquisition techniques, such as automatic
rule induction (i.e., machine learning), to
derive the symbolic explanations of diagnoses from the image processing data.
Another issue we are investigating is the
representation of the uncertainty associated with the arguments. As noted, not all the
descriptors represented as arguments are

Fig. 1 User interface in CADMIUM II. It displays: a) in the background, digitized mammograms associated with a particular case; b) in the top left, a popup window that allows the user to select a case and various bits of information associated with
it, including the decision support generated by the tool; c) towards the center, a higher resolution image of a particular mammogram segment selected by the user (i.e., the user’s current region of interest); d), bottom right, a popup window containing the decision support advice for that region, namely, a display of the regions identified by our algorithm as calcifications
together with a set of statements describing the calcifications and risk of malignancy.

unequivocal indicators of risk of malignancy. At the moment CADMIUM II implements simply a binary distinction between
“weak” and “strong” arguments. We are exploring the possibility of associating the
representation of the arguments with numerical weights that reflect their comparative strength or predictive value.The idea is
to provide advice that indicates, for example, the probability that a calcification has
of being benign or malignant if it possesses
a particular characteristic***.

*** We must note that our findings are unlikely to
be independent predictors and it would be
therefore inappropriate to apply our data
within a Bayesian network, for example. It
might nevertheless be interesting to ascertain
if the non-independence was sufficient to lead
a Bayesian system into correct predictions.

The results of the preliminary evaluation of our prototype seem to back up the
notion that computer support in mammography would benefit from an explicit representation of the decision making process.
The results show the potential of our tool to
improve on the performance of the current
market leader in this field. Another potential application of CADMIUM II, which we
are currently exploring, is its use in supporting the training of less experienced mammogram readers.
Although it was not the purpose of our
studies, we believe that the set of descriptors we have developed has potential to be
used as a reporting scheme in mammography, as it is arguably more complete and
consistent than existing terminologies. This
view is supported by feedback we have received from domain experts. Our descripMethods Inf Med 3/2004
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tive scheme is limited to mammography
and to a particular subset of appearances
(calcifications) and we do not think it can
be generalized to other domains. However,
we believe that the methodology we have
used (possibly in combination with automatic methods of rule induction) is a fruitful approach for the development of computer advice in a variety of medical applications. An advantage of this approach is that
the advice provided is presented at a level
of description that is both relevant and informative for the user.
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