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Abstract

The interpretation of medical evidence is normally
presented in terms of a controlled, but diversely expressed
specialist vocabulary and natural language phrases. Such
informally expressed data require human intervention to
ascertain its relevance in any specific case. In order to fa-
cilitatemachine-based reasoning about the evidence gath-
ered, additional interpretive semantics must be attached
to the data; a shift from a merely data-intensive approach
to a semantics-rich model of evidence. In this paper, we
present a system to formally annotate medical images
captured to aid the diagnosis and management of breast
cancer, that enables a series of semantics-based opera-
tions to be performed. Our approach is grounded upon an
imaging ontology specifying the domain knowledge and
a Description Logic (DL) taxonomic inferential engine
responsible for semantics-based reasoning and image re-
trieval.

1. Introduction

Advances in medical technology generate huge
amounts of non-textual information (e.g. images)
along with more familiar textual one. Most of the ex-
isting systems focusing on extracting visual cues with
the aid of image analysis algorithms may experi-
ence problems when a rather abstract and ambiguous
query is asked [6]. They face difficulties in manip-
ulating abstract interpretations of images if such
semantics is not represented. For instance, it is dif-
ficult to answer whether “X-ray images with round
calcifications” relate more closely to “images with cal-
cifications” or “images with round shape abnor-
malities” due to that both “low-level” descriptors
such as shape and “high-level” terms such calcifica-
tion present in a single query. Text-based approaches
resolve the ambiguity by hiring a keyword search-

ing mechanism and presenting a range of potential
results to the end-user who performs the necessary dis-
ambiguation. However, for large amounts of data, the
search and potential-solution spaces make it increas-
ingly problematic for medical staff to locate useful
information. Although this “meaningless” mech-
anism benefits from ease of implementation, the
potential loss of crucial materials which are rele-
vant, but which may not have similar strings that are
matched is a big price to pay [17].

Such problems can be tackled by represent-
ing the available information using languages such
as DAML+OIL [15], OWL [16], which benefit from
their underlying Description Logic (DL) founda-
tion. They have a uniform syntax and unambiguous
semantics defined for each and every conceptual con-
structor that enables the automated reasoning based
on definitions of domain knowledge and relation-
ships among them [2]. As regards semantics-based im-
age annotation and retrieval, logic-based approaches
are capable of formally describing facts that explic-
itly presented and deriving implicit knowledge from
given premises [18]. The advantages of a DL-based ap-
proach are especially evident when considering medical
images whose interpretation involves substantial do-
main knowledge.

In this paper we outline our experience of building
a semantically rich system by accommodating image
annotation and retrieval services around a rigidly de-
fined ontology for medical images used in breast cancer
treatment. Our approach is based on the assumptions
that: given the breast cancer images, (i) expressing all
the desired features using domain knowledge is feasi-
ble; (ii) manually marking up and annotating the re-
gions of interest is practical; and (iii) representing and
reasoning about the textual descriptions are performed
with a reasonable complexity in a given querying con-
text. This work is carried out within a project which
seeks the applicability of the system developed to the
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UK National Health Breast Screening Programme as a
goal.

The presentation is structured as follows. Sec-
tion 2 sketches the breast cancer screening process.
Section 3 introduces the imaging ontology and the se-
lected DL-based modelling language. Section 4 dis-
cusses the ontology-based image annotation and
retrieval facilitated by DLs. Finally, Section 5 sum-
marises our approach and suggests some further de-
velopments.

2. Breast Screening Process

Breast cancer is one of the leading causes of can-
cer death among women in the US [20] and is the
most common cancer for women in the UK1. Diagno-
sis of breast cancer normally involves multi-disciplinary
meetings with experts from different medical back-
grounds, e.g. radiologists, surgeons, oncologists, his-
tologists and other clinical staff. Appropriate medical
images, with expert description and diagnosis is pre-
sented as evidence in these meetings. As with other dis-
ciplines, we expect considerable variability among ex-
perts or even between two interpretations carried out
by the same expert. Hence, it provides the motivation
to make uniform the vocabulary used in the breast can-
cer screening and diagnosis process.

A typical scenario of breast cancer assessment pro-
cess starts with a report from routine X-ray mammo-
graphic examinations or self-reported abnormal symp-
toms followed by an X-ray mammographic examina-
tion. Therefore, a very good starting point of for-
mally representing the breast screening process would
be Xray mammography. Meanwhile, studies show that,
when a definitely benign diagnosis cannot be made,
breast magnetic resonance imaging (MRI) is normally
treated as an expensive complementary method to X-
rays to increase diagnostic confidence [23].

3. Breast Cancer Imaging Ontology

The aim of the Breast Cancer Imaging Ontology
(BCIO) is to provide a commonly agreed vocabulary
with formal definitions that can be used to represent
breast X-ray and MRI images, abnormal findings and
medical assessments. Such an ontology can not only fa-
cilitate the knowledge share, reuse and semantics-based
reasoning over images but also help to standardise med-
ical image interpretation and thus, to some extent, help
improve breast cancer treatment.

1 Cancer Research UK, Retrieved on 10 June 2003 from World
Wide Web: http://www.cancerresearchuk.org

3.1. Imaging Ontology

The American College of Radiology (ACR) has pro-
posed a standard for X-ray mammography reports,
called the Breast Imaging Reporting and Data Sys-
tem (BI-RADS) [1], which has been extensively eval-
uated using real-life cases [14, 13]. BI-RADS It pro-
vides a comprehensive lexicon for describing mammo-
graphic findings containing both X-ray-specific terms
such as image descriptors (e.g. the shape of the lesion,
the texture of the lesion), lesion types (e.g. calcification,
mass), and terms related to the breast cancer types and
patient management. The ontology for breast MRI is
also based on existing studies under way for standard-
ization published in ACR publications [5, 12, 19]. We
considered this published vocabulary as a good starting
point for building the ontology because of constraints
on the availability of radiologists during this phase of
the work. The applicability of these lexicons among UK
practitioners will need further validation.

Graphic Descriptors

Image Subjects

Other Medical terms

Figure 1. Multi-level model of BCIO

BCIO is a multi-level model (Figure 1) containing a
set of graphic feature descriptors, a set of image subjects
and a set of medical terms with references to the im-
age subjects. The graphic descriptors are terms that de-
scribe regions of interest (ROI) on the image which can
then be associated with instances of the image subjects
in the ontology. For instance, as shown in Figure 2, the
descriptive features of a delimited region correspond-
ing to the concept Region-Of-Interest are represented
using descriptors such as Texture, Shape, Margin, etc..
Subsequently, an instance of Region-Of-Interest can be
used to construct other abstract objects, e.g. the in-
stances of Medical-Image, by referring to the instances
of Region-Of-Interest via the property contains.
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Figure 2. Region-Of-Interest and Mammogram

3.2. Integration of MRI and Mammo-
graphic Ontologies

Although, the MRI and X-ray imaging parts of the
ontology are kept independent to fulfil a modular de-
sign philosophy, in general, it is meaningful to fuse the
data acquired from these two different imaging meth-
ods [3]. However, MRI and X-ray mammographic im-
ages are inherently disparate in several aspects that
prevent a straightforward integration. These include:
i) MRI presents volume-based dynamic information of
the breast with the help of contrast agents while X-ray
provides a high resolution, static 2D projection from
lateral and/or cranial-caudal views; ii) patients take
different positions: standing upright with the breast
highly compressed for the X-ray mammographic imag-
ing and lying facedown with the breasts uncompressed
in the breast coils for the MRI; and iii) studies show
that the radiologists tend to model the abnormali-
ties presented on MRI and X-ray images in different
ways [12]–Shape and Margin for describing X-ray ab-
normalities while combined shape-margin descriptors
for MRI findings.

Such differences suggest the difficulty of mapping
MRI and X-ray imaging techniques at the representa-
tion level. However, despite such disagreement, the two
components can be associated at the pathology level as
shown in Figure 3.

3.3. Description Logic-based Modelling

DLs are a family of knowledge representation and
reasoning formalisms (KR&R) which have attracted
substantial research recently, specially, after the DL on-
tology modelling languages (e.g. DAML+OIL [9]) are
considered to be of crucial importance for the Seman-
tic Web initiative [4]. DLs are based on the notions of
concepts (i.e. unary predicates) and properties (i.e. bi-
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descriptions

Figure 3. Integrating MRI and X-ray findings

nary relations). Using different constructors, complex
concepts can be built up from simple ones. With its un-
ambiguous semantics, DLs lend themselves to power-
ful reasoning algorithms which can automatically clas-
sify and memoise the domain knowledge to provide a
cache for further inderences.

It is acknowledged that selecting a DL language with
the right expressive power is crucial as a “trade-off”
between the language expressiveness and the computa-
tional complexity is inevitable [2]. As regards our on-
tology, the SHIQ DL [2] is considered as the most
suitable modelling language under both theoretical and
practical considerations. On one hand, the characteris-
tics of the imaging ontology suggest that the selected
modelling language should be equipped with the ex-
pressive and deductive power for qualified role value
restrictions (both existential and universal), role hi-
erarchies, inverse roles and qualified role number re-
strictions, features of which are covered by the SHIQ
language. On the other hand, several implemented
DL-based inferential engines, such as FaCT [8] and
RACER [7], support reasoning for SHIQ with accept-
able complexity. Meanwhile, RACER also supports the
reasoning with regard to SHIQ individuals—an im-
portant functionality for reasoning with BCIO. The
syntax and semantics of SHIQ DL can be found in [2].

The worst-case computational complexity of SHIQ
is ExpTime-Complete [10]. Nevertheless, with suitable
optimisations, systems such as FaCT and RACER
demonstrate very good practical performance. More-
over, when constructing BCIO, General Concept Intro-
duction is ruled out—only simple concept names are al-
lowed as the left hand operands in a concept introduc-
tion axiom—so as to reduce the computational com-
plexity [2].
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4. Processing Images with DLs

In our system, both image annotation and retrieval
are supervised by a DL-based inferential engine as
shown in Figure 4.

Annotating
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knowledge
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reasoning results
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queried using DL

modelling
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Figure 4. Control algorithm for image annotation
and retrieval

4.1. Annotating Images with BCIO

The ontology can be loaded both from a DAML file
on the disk or from a “live” database facilitated by
MySQL2 database server. In order to protect the orig-
inal taxonomy, users are only granted limited power
when using the graphical editor,and are only allowed
to remove instances. and created When creating new
instances, data-base style input forms guide the knowl-
edge acquisition process (Figure 5).

When there are no images, users can populate the
knowledge base with non-image-related instances, e.g.
a particular Patient, a new Shape descriptor, etc.. Users
can also create image-related instances in the image
annotation interface (Figure 5). Currently, a ROI is
manually delimited on a transparent marking panel
covering the entire area of the image and assigned a
unique string as the ID referred to by the property
graphic-region. The marked up areas are represented
using Polygons and encoded as (and decoded from)
XML files (Figure 5) with the help of the Java XM-
LEncoder package (and XMLDecoder package, respec-
tively). As a result, graphical features of the ROI can
be stored and transferred persistently in XML format
separated from the actual images and reloaded using a
unique “marking panel” ID.

2 Available from http://www.mysql.com/.

<RDFNsId2:Mammo-Abnormality rdf:about='PE-0001-0001'
     RDFNsId2:has-branch='false'
     RDFNsId2:has-size='10'
     RDFNsId2:graphic-region='Abnorm0'>

    <RDFNsId2:has-depth rdf:resource='depth-subareolar' 
         rdf:type='Depth-Descriptor'/>

    <RDFNsId2:has-morph-feature 
         rdf:resource='shape-mammo-irregular'
         rdf:type='Mammo-Shape'/>

    <RDFNsId2:has-morph-feature 
         rdf:resource='margin-mammo-spiculated'
         rdf:type='Mammo-Margin'/>

    <RDFNsId2:is-finding rdf:resource='mass'
         rdf:type='Mass'/>

    <RDFNsId2:distri-single-obs 
         rdf:resource='distri-xray-cluster'
         rdf:type='Distribution-Mammo'/>

</RDFNsId2:Mammo-Abnormality>

  <?xml version="1.0" encoding="UTF-8" ?>
  <java version="1.4.1_02"
     class="java.beans.XMLDecoder">

     <object class="java.awt.Polygon">
        ... ...

         <void method="addPoint">
            <int>423</int> <int>177</int> 
         </void>

        <void method="addPoint">
            <int>429</int> <int>181</int>

        <void method="addPoint">
            <int>434</int> <int>172</int>

        <void method="addPoint">
            <int> ... </int> <int> ... </int>
      ... ...
      </object>

   </java>

Figure 5. Creating a new instance of Mammo-
gram Abnormality

4.2. Populating the Knowledge Base

As pointed out in previous section, extending BCIO
axioms by end users after the creation of the ontology is
not allowed, except for populating with new instances
in order to prevent ad hoc extensions that may intro-
duce inconsistencies. Although our system provides a
certain degree of assistance for constructing ontologies,
such assistance is limited and geared to be of help to
those familiar with knowledge representation. Medical
experts are likely to find constructing ontologies dif-
ficult, especially, the use of existential (some, ∃) and
universal (all, ∀) quantifications [22]. As a result, the
task of modifying the conceptual structure of ontolo-
gies is normally left to knowledge engineers. Moreover,
we do not expect the medical staff to be keen and ac-
tive in extending the BCIO axioms.

The knowledge acquisition with regard to concept
instantiation is facilitated by a database-style input
form. Because properties in BCIO are defined in a DL-
based approach, it is not straightforward to present
concepts in a database style. We solve the problem by
normalising the property definitions prior to the input.
The normalisation is carried out by associating each
concept with a set of properties which contains all the
properties defined explicitly for this concept and those
defined explicitly for all its sub-concepts. Such a prop-
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erty normalisation procedure can be formalised as:
Let C and D be two DL concepts, ΠC and ΠD be the

sets of properties defined explicitly for C and D respec-
tively, ΠC is recursively normalised as the union of all
normalised ΠD for every D subsumed (directly or indi-
rectly) by C, i.e.

normalise(ΠC) =
⋃

for all D � C

normalise(ΠD)

For instance, given MRI-Image � Medical-Image de-
fined as in Exp (1), if one wants to create an in-
stance of Medical-Image, the set of properties must be
normalised to include use-contrast-agent, although use-
contrast-agent is explicitly defined only for the child
MRI-Image rather than the parent concept.

MRI-Image
.
= Medical-Image�

(all use-contrast-agent Contrast-Media) . . .
(1)

When introducing new BCIO instances, it is not
mandatory to instantiate the exact concept. A DL-
based inferential engine can “fine tune” the hierar-
chial structure based on the concept and instance def-
initions. For instance, an individual image image-0001
can be specified initially to instantiate Medical-Image
(Figure 6(a)). With proper values assign to its prop-
erties (e.g. (all literal-side Right), a DL-based inferen-
tial engine can re-classify and fine-tune image-0001 to
the most suitable location in the conceptual hierarchies
(e.g. image-0001∈RCC-Mamm-Image, Figure 6(b)).

Medical-Image

MRI-Image

Mammogram-Image

RCC-Mamm-Image

Image-0001

(a)

Medical-Image

MRI-Image

Mammogram-Image

RCC-Mamm-Image Image-0001

(b)

Figure 6. Introducing new image instance

4.3. Semantics-based Querying

Semantics-based querying can be performed with
the help of BCIO-based concept and instance descrip-
tions. DLs allow more freedom to carry out such en-
quiries. For instance, in addition to querying with the
more precise description presented in Query (2) to re-
trieve instances, one can take a more fuzzy approach
by asking for “all the round ROIs with clearly defined

margin” or “all the image containing irregular ROIs”
by sending queries Query (3) or Query (4) respectively.

Mamm-Abnor � (some has-morph-feature shape-irregular)
� (some has-morph-feature shape-irregular)
� (some has-morph-feature margin-spiculated)
� (all has-size 10) . . .

(2)

Region-Of-Interest � (some has-morph-feature shape-round) (3)

Medical-Image� (some contains
(some has-morph-feature shape-irregular))

(4)

Such approximate approach is facilitated by the DL-
based automated classification. When a query CQ like
Query (4) is sent to the knowledge base, a DL-based in-
ferential engine treating CQ as a normal concept defini-
tion classifies the knowledge base and locates the most
general subsumee Csub for CQ with regard to the en-
tire knowledge base, T , i.e.

mgs(CQ) = Csub |=T
(Csub � CQ) ∧ (∀C’ �≡ Csub ∈ T .(C’ � CQ ⇒ C’ � Csub))

Hence, all the instances defined as direct or indi-
rect instances of Csub can be retrieved as the an-
swer to the query. For instance, in the above exam-
ple, Query (4) will first trigger the classification of con-
cept (some has-morph-feature shape-irregular) which
has all the irregular Region-Of-Interest as its children.
Further reasoning can insert the concept equivalent to
the query as a sub-concept of Medical-Image and a
super-concept of all those Medical-Image containing ir-
regular Region-Of-Interest. As a result, all the images
that meet such restrictions are retrieved.

5. Conclusions

There is a growing interest in ontology-based im-
age annotation and retrieval [11][21]. With carefully
selected vocabulary, contents of an image or the meta-
data of the image itself can be formally modelled with
textual descriptions and thus processed by computers.
The work presented in this paper is different from other
apparently similar ones as we take full advantage of
the DL-based reasoning when constructing the ontol-
ogy and annotating and retrieving the images.

There are several reasons why a DL language is
suitable for our ontology-based approach that moti-
vated our choice. A DL language has uniform syn-
tax, unambiguous semantics and clear separation be-
tween concepts (classes or templates) and instances
(individuals or data). It is adopted as the underly-
ing KR&R model of various web-ontology languages,
such as DAML+OIL, OWL. Unfortunately, the “trade-
off” between expressive and deductive powers and the
abstract nature prevent DLs from directly support-
ing multimedia information, such as image, video, etc..
However, by annotating an image using properly de-
fined descriptors, a DL-based inferential engine can an-
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swer semantics-based queries with regard to images and
return appropriate pointers to the images.

In this paper, we also present an imaging ontology
which is considered to be an initial effort towards a uni-
form and standard reporting system that seeks to, to
some extent, reduce inter- and intra-expert variabili-
ties.

The system discussed in this paper is not full-
fledged. It is expected to adopt certain image analysis
techniques to provide, as a complement to manual ROI
delimitation, functionalities for automated ROI detec-
tion. It will also be interesting to extend the domain-
specific BCIO to a more generic one so as to extend
the capability of our system.
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