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Abstract

Objective We present an approach for debugging description-logic based ontolo-
gies, which is based on Reiter’s theory of diagnosis. Our approach aims at
determining which concepts result in many unsatisfiable concepts, and at pro-
viding explanation for unsatisfiable concepts in an ontology. The usability and
usefulness is demonstrated by application to real-world ontologies.

Design A number of general-purpose techniques, rooted in traditional model-
based diagnosis, is applied to description-logic based ontologies. Furthermore
we introduce a number of heuristics to guide the debugging process.

Validation To study the feasibility of our approach we implemented it to
debug ontologies that are unfoldable and based on a moderately expressive
description logic called ALC. We applied this implementation to various on-
tologies.

Results We have devised and implemented an approach to debug description-
logic-based ontologies, based on Reiter’s theory of diagnosis. The applications
demonstrate that the calculations needed to support debugging are typically
performed within minutes, and the explanations given provide relevant infor-
mation about modeling errors.

Conclusion Our new approach intertwines a theoretical basis and practical
application. It provides a good basis for explaining unsatisfiability of specific
concepts. The heuristics deliver guidance for performing the debugging process.

5.1 Introduction

The interest in development and application of ontologies is increasing. The field
of medicine, in which the authors are involved, provides a number of prominent
examples of ontologies: SNOMED CT [1], GALEN [2], Gene Ontology (GO) [3],
the NCI thesaurus [4], and the Foundational Model of Anatomy (FMA) [5].
Modeling and maintaining (clinical) ontologies is very hard [6]. This is caused,
among others, by the size and complexity of these ontologies, which makes it
impossible for knowledge editors to comprehend all the knowledge contained in
these systems. Support is needed for the modeling process in order to maintain
the quality of these systems.

One particular case in which support is needed is when independently devel-
oped ontologies are merged, as has been done for example for SNOMED RT and
Clinical Terms version 3 [7]. Discrepancies between definitions in the systems
being merged may lead to logical inconsistencies in concept definitions.

Modeling should hence result in good quality ontologies. Quality of an on-
tology can be defined according to [8] in terms of completeness, correctness, and
consistency. When it comes to maintaining consistency of the modeled knowl-
edge, a description logic (DL) can play a pivotal role. The idea is that DL-based
reasoners can infer whether stated knowledge is internally consistent.

Inconsistency can occur for example due to modeling errors, or when merg-
ing independently developed ontologies. However, when inconsistencies are de-
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tected, no explanation is generally provided by DL reasoners. Hence, the knowl-
edge modeler has to determine the cause of an inconsistency. Especially in large
ontologies, this can be very hard.

The challenge is to support debugging of DL-based ontologies, i.e. the pro-
cess of finding and correcting incorrect axioms. In this paper, we will describe
a new approach for explaining inconsistency. This approach is an implemen-
tation of model-based diagnosis as described by [9, 10]. The contribution of
this paper lies in the description of this new approach, and in its application in
practice. This application sheds light on the usability (i.e. the performance of
the implementation, and any limitations and constraints w.r.t. the ontology and
the modeler) and the usefulness (i.e. the additional value in terms of support
for finding and explaining errors) of (the implementation of) our approach.

5.1.1 Motivation

The need for additional reasoning support to provide an explanation for un-
satisfiability has been experienced during the development of an ontology on
reasons for admission in intensive care, DICE [11]. As the size of DICE began
to increase, methods were needed to audit its contents. This auditing involves
finding both missed classification as well as incorrect definitions. In order to
facilitate this auditing, DICE is represented using description logic [12]. Test-
ing the coherence of DICE results in a set of unsatisfiable concepts. It is left
to the modeler to determine the root cause of the unsatisfiability. Finding the
root cause is complicated by the fact that unsatisfiability can propagate from
one root cause to other concepts. As a result, many concepts can become un-
satisfiable due to a single root error.

Therefore, randomly selecting one unsatisfiable concept and trying to explain
and remedy the unsatisfiability may overcome unsatisfiability of this single con-
cept. A more convenient approach is to first determine which axiom(s) lead
to unsatisfiability of larger numbers of concepts, then to analyze these axioms
and appropriately adjust them, in order to remove unsatisfiability of various
concepts. Performing this analysis is closely related to the work on diagnosing
multiple faults [10].

Hence, what is needed is a set of axioms that forms an explanation for each
unsatisfiable concept, and an overview of which (sets of) axioms take part in
the largest number of explanations.

5.1.2 Overview

This paper is organized as follows. We will first introduce relevant background
to the problem of debugging in Section 5.2. Next, we will describe the approach
we have developed in Section 5.3, and provide an example in Section 5.4. Fur-
thermore we will describe the implementation and application of our approach
in Section 5.5. The results of this real-world application are described in Sec-
tion 5.6. Limitations, related work and further work are described in Section 5.7.
Finally, conclusions are drawn in Section 5.8.
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5.2 Theoretical Background

The problem of pinpointing and explaining inconsistencies in DL-based systems
has its roots in various areas of artificial intelligence. Pinpointing (i.e. getting
to root causes) relates to model-based diagnosis [9, 10]. A prominent example of
research on explanation is the work on truth maintenance systems (TMSs) [13],
which we will further discuss in Section 5.7.1.

Despite a significant interest in explanation of DL reasoning recently shown
in the DL community1 relatively little work has been published on the sub-
ject. One exception is [14] where the author provides explanation for sub-
sumption and non-subsumption. Her approach, based on explanation as proof
fragments, uses structural subsumption for CLASSIC and has been extended to
ALC-tableau reasoning in [15].

In this section, we will provide a concise introduction of theories related to
description logics (DLs) and the debugging of knowledge bases. First we address
the basics of description logics in Section 5.2.1, followed by a description of
model-based diagnosis in Section 5.2.2, and a brief overview of explanation in
description logics in Section 5.2.3 as an introduction to our newly developed
approach.

5.2.1 Description logics

We shall not give a formal introduction to description logics (DLs) here, but
point to Chapter 2 of [16]. Briefly, DLs are set description languages with
concepts, interpreted as subsets of a domain, and roles, interpreted as binary
relations. Concepts are sometimes also referred to as “classes”, and roles as
“properties”. DL-based systems are generally considered to consist of a termi-
nological component T (called TBox), and an assertional component A (called
ABox) which contains information about individuals. In this paper, we will not
consider ABoxes (i.e. we consider the ABox to be empty). The interpretation
of concepts can be restricted to the models of T by defining axioms of the form
C v D, where C and D are concepts.

In this paper, the following symbols are used, which are the constructors
that are allowed in the DL called ALC:
v : a concept is more specific than another, e.g. Villa v House
≡ : two concepts are equivalent, e.g. Telephone ≡ Phone
u : conjunction (“and”), e.g. Man ≡ Person u Male
t : disjunction (“or”), e.g. PrimaryColor ≡ Red t Blue t Yellow
¬ : negation (“not”), e.g. Man v ¬ Woman
∃ : existential restriction (“exists”), e.g. Parent ≡ ∃ hasChild.Person
∀ : universal restriction (“all”), e.g. VegetarianFood v ∀ contains.(¬ Meat)

Atomic concepts (denoted by a letter or word, e.g., A or Man) and atomic
roles (e.g., r or contains) are elementary descriptions from which complex de-
scriptions can be built using the above-mentioned concept constructors.

1 http://dl.kr.org/dig/minutes-012002.html

http://dl.kr.org/dig/minutes-012002.html�
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Tab. 5.1: A small (incoherent) TBox T 1, where A, B and C and A1, . . . , A7 are atomic
concepts, and r and s are atomic roles.

ax1:A1v¬A uA2 uA3 ax2 :A2vA uA4

ax3:A3vA4 uA5 ax4 :A4v∀s.B u C
ax5:A5v∃s.¬B ax6 :A6vA1 t ∃r.(A3 u ¬C uA4)
ax7:A7vA4 u ∃s.¬B

A TBox is a set of definitions in which no concept name is defined more
than once. An TBox is called unfoldable if all definitions are simple (defining
only atomic concepts), unique (only one definition for each atomic concept ex-
ists), and acyclic (meaning the definition of a concept has no reference to the
definiendum, either directly or indirectly).

Based on the formal model-theoretic semantics, a TBox can be checked for
incoherence, i.e. whether there are unsatisfiable concepts; concepts which are
necessarily interpreted as the empty set in all models of the TBox. Other
reasoning services include subsumption of two concepts (a subset relation w.r.t.
all models of T ). Subsumption and incoherence are standard reasoning services
available in all DL reasoners, such as FaCT++2 and RACER3. Although a DL
reasoner can classify an ontology and check for the existence of unsatisfiable
concepts efficiently, they offer little support for the detection and elimination of
errors, i.e., for debugging.

Table 5.1 demonstrates this principle. Consider the (incoherent) TBox T 1,
where A,B and C and A1, . . . , A7 are atomic concepts, and r and s are atomic
roles. Satisfiability testing of the TBox by a DL reasoner returns a set of un-
satisfiable concept names {A1, A3, A6, A7}. Although this is still of manageable
size, it hides crucial information, e.g., that unsatisfiability of A1 depends on un-
satisfiability of A3, which is in turn unsatisfiable because of the contradictions
between A4 and A5. We will use this example later in this paper to explain our
debugging methods.

5.2.2 Model-based diagnosis

The literature on model-based diagnosis is manifold, but we focus on the seminal
work of Reiter [9], and [17], which corrects a small bug in Reiter’s original
algorithm. We refer the interested reader to a good overview in [18]. A more
formal description can also be found in [19].

Reiter introduced a diagnosis [9] of a system as the smallest set of compo-
nents from that system with the following property: the assumption that each
of these components is faulty (together with the assumption that all other com-
ponents are behaving correctly) is consistent with the system description and
observation. For example, a simple electrical circuit can be defined, consisting

2 http://owl.man.ac.uk/factplusplus/
3 http://www.racer-systems.com

http://owl.man.ac.uk/factplusplus/�
http://www.racer-systems.com�
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of a number of adders. Based on the description of the system and some input
values, one can calculate the output of the system. If the observed output is dif-
ferent from the expected output, at least one of the components must be faulty,
and a diagnosis determines which components could have caused the error.

To apply this definition to a description logic ontology, the system is the
ontology, and the components of the system are the axioms. The concepts
and roles in a concept definition are regarded as input values, and the defined
concepts as output values.

If we look at the example ontology from Table 5.1, the system description
states that it is coherent (i.e. all concepts are satisfiable), but the observation
is that A1, A3, A6, and A7 are unsatisfiable.

Reiter provides a generic method to calculate diagnoses on the basis of con-
flict sets and their minimal hitting sets. A conflict set is a set of components
that, when assumed to be fault free, lead to an inconsistency between the sys-
tem description and observations. A conflict set is minimal if and only if no
proper subset of it is a conflict set. The minimal conflict sets (w.r.t. coherence)
for the system in Table 5.1 are {ax1, ax2}, {ax3, ax4, ax5}, and {ax4, ax7}.

A hitting set H for a collection of sets C is a set that contains at least one
element of each of the sets in C. Formally: H ⊆S∈C S such that H ∩ S 6= ∅ for
each S ∈ C. A hitting set is minimal if and only if no proper subset of it is a
hitting set. Given the conflict sets above, the minimal hitting sets are: {ax1,
ax3, ax7}, {ax1, ax4}, {ax1, ax5, ax7}, {ax2, ax3, ax7}, {ax2, ax4}, and {ax2,
ax5, ax7}.

Reiter shows that diagnoses are actually minimal hitting sets for the collec-
tion of minimal conflict sets. Hence, the minimal hitting sets given above are
the diagnoses for the system w.r.t. coherence.

In [10] diagnosis is extended by providing a method for computing the prob-
abilities of failure of various components based on given measurements. Espe-
cially in cases where there are many diagnoses, additional observations (mea-
surements) need to be made in order to determine the actually failing com-
ponents. The method provided can also determine what observation has the
highest discriminating power, i.e. needs to be performed to maximally reduce
the number of diagnoses.

5.2.3 Explanation in description logic

As mentioned above, in [14] the author provides explanation for subsump-
tion and non-subsumption, which has been extended to ALC-tableau reasoning
in [15]. Apart from this work, there are not many publications on explanation.

Current DL reasoners behave as black-box reasoners. The final results of the
inference process are available, but no interim results or additional information
exist about the reasoning process that can be used as an explanation for the
inferences made. “It would be undesirable to add explanation to tableaux-based
systems by either replacing or duplicating the tableaux reasoner: in the first case
efficiency may suffer, while in the second case implementation and maintenance
costs would be greatly increased” [15]. Consequently, any information should
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better be derived post-hoc. The method described in the next section is such
a post-hoc procedure. Another example is the OWL-debugger, a plug-in for
Protégé, which is addressed in Section 5.7.3.

One exception to the black-box behavior is Pellet [20]. This reasoner provides
a “debugging” mode, in which it stores additional information that can be
used for explaining classification results. In Section 5.7.2 we will compare this
debugging approach to ours.

5.3 Explaining Logical Incoherence

In Section 5.2 we explained the theory of diagnosis and linked it to description-
logic-based systems, in which case a diagnosis (called MUPS or MIPS) is a
smallest set of axioms that needs to be removed or corrected to render a specific
concept (MUPS) or all concepts (MIPS) satisfiable.

In this section we will focus on the use of minimal conflict sets for explaining
unsatisfiability and incoherence in DL-based ontologies. We will not elaborate
on algorithms to construct such conflict sets, the interested reader is referred
to [19],[21],[22].

We propose to simplify a TBox T in order to reduce the available information
to the root of the incoherence. More concretely we first exclude axioms which are
irrelevant to the incoherence (“axiom pinpointing”) and then provide simplified
definitions highlighting the exact position of a contradiction within the axioms
of this reduced TBox (“concept pinpointing”). In this section we will formally
introduce axiom pinpointing for a general TBox without restrictions on the
underlying description logic (Sections 5.3.1 and 5.3.2), and concept pinpointing
for a general ALC TBox (Section 5.3.3).

In our analogy to diagnosis, we consider the ontology to be the system,
where the axioms are the components of the system. Satisfiability of a concept
is taken as a measurement, where the system description states that all concepts
are satisfiable.

First, we will define minimal conflict sets w.r.t. satisfiability of a concept in
Section 5.3.1. Next, we will define minimal conflict sets w.r.t. coherence of the
ontology as a whole in Section 5.3.2. Thereafter we describe in Section 5.3.3 a
generalization method as a means of providing focus on those parts of axioms
that lead to unsatisfiability of concepts.

In some situations, ontologies can contain a large number of unsatisfiable
concepts. This can occur for example when ontologies are the result of a merg-
ing process of separately developed ontologies, or when closure axioms (i.e.
disjointness statements and universal restrictions) are added to ontologies. Un-
satisfiability propagates, i.e. one unsatisfiable concept may cause many other
concepts to become unsatisfiable as well. As it is often not clear to a modeler
what concepts are the root cause of unsatisfiability, we also describe a num-
ber of heuristics that help to indicate reasonable starting points for debugging
an ontology. These heuristics, based on the conflict sets, are described in Sec-
tion 5.3.4.
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5.3.1 Minimal unsatisfiability-preserving sub-TBoxes (MUPS)

In [21] we introduced the notion of Minimal Unsatisfiability-Preserving Sub-
TBoxes (MUPS) to denote minimal conflict sets, as stated in Definition 1.

Definition 1: Let A be a concept which is unsatisfiable in a TBox T . A set T ′ ⊆
T is a minimal unsatisfiability-preserving sub-TBox of T and A (MUPS(T , A))
if A is unsatisfiable in T ′ and A is satisfiable in every sub-TBox T ′′ ⊂ T ′.

In general there are several of these sub-TBoxes and we select the minimal ones,
i.e., those containing only axioms that are necessary to preserve unsatisfiability.
A TBox T ′ ⊆ T is a MUPS of T if A is unsatisfiable in T ′, and A is satisfiable
in every sub-TBox T ′′ ⊂ T ′. We will abbreviate the set of MUPS of T and A
by mups(T , A). MUPS for our example TBox T 1 and its unsatisfiable concepts
are:

mups(T 1, A1): {{ax1, ax2}, {ax1, ax3, ax4, ax5}}
mups(T 1, A3): {ax3, ax4, ax5}
mups(T 1, A6): {{ax1, ax2, ax4, ax6}, {ax1, ax3, ax4, ax5, ax6}}
mups(T 1, A7): {ax4, ax7}
It can be easily proven that each MUPS(T , A) is a minimal conflict set w.r.t.

satisfiability of concept A in TBox T .
Each MUPS(T , A) needs to be dealt with in order to overcome unsatisfia-

bility of the concept.
As explained in Section 5.2, a diagnosis is a minimal hitting set for a conflict

set. Hence, from the MUPS, we can also calculate the diagnoses for satisfiability
of concept A in TBox T , which we will denote ∆T ,A.

∆T 1,A1 : {{ax1}, {ax2, ax3}, {ax2, ax4}, {ax2, ax5} }
∆T 1,A3 : {{ax3}, {ax4}, {ax5}}
∆T 1,A6 : {{ax1}, {ax4}, {ax6}, {ax2, ax3}, {ax2, ax5} }
∆T 1,A7 : {{ax4}, {ax7}}
Whereas each conflict set needs to be dealt with to overcome unsatisfiability,

a single diagnosis provides a minimal set of axioms that needs to be removed or
altered in order to overcome unsatisfiability of a concept.

5.3.2 Minimal incoherence-preserving sub-TBoxes (MIPS)

MUPS are useful for relating sets of axioms to unsatisfiability of specific con-
cepts, but they can also be used to calculate MIPS, which relate sets of axioms
to incoherence of a TBox (i.e. unsatisfiability of any concept in a TBox).

In [21] we introduced Minimal Incoherence Preserving Sub-TBoxes (MIPS)
as the smallest subsets of an original TBox preserving unsatisfiability of at least
one atomic concept, according to Definition 2.

Definition 2: Let T be an incoherent TBox. A TBox T ′ ⊆ T is a minimal
incoherence-preserving sub-TBox of T (MIPS(T )) if T ′ is incoherent and every
sub-TBox T ′′ ⊂ T ′ is coherent.
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The set of MIPS for a TBox T is abbreviated with mips(T ). For T1 we get
3 MIPS:

mips(T 1) = {{ax1, ax2}, {ax3, ax4, ax5}, {ax4, ax7}}
Analogous to MUPS, each MIPS(T ) is a minimal conflict set w.r.t. coher-

ence of TBox T . Hence, from mips(T ), a diagnosis for coherence of T can be
calculated, which we denote as ∆T . From these definitions, we can determine
the diagnosis for coherence of T 1:

∆T 1 = {{ax1, ax4}, {ax2, ax4}, {ax1, ax3, ax7}, {ax2, ax3, ax7}, {ax1,
ax5, ax7}, {ax2, ax5, ax7}}

5.3.3 Generalized MIPS

The use of MUPS and MIPS provides a focus on potentially incorrect axioms
by reducing the number of axioms, while retaining unsatisfiability of a specific
concept or incoherence of the ontology as a whole. A further step towards
pinpointing is to look into the axioms, aiming at determining the concept ex-
pressions within axioms that lead to unsatisfiability.

We will describe a procedural approach to generalization of MIPS. This
approach is comparable to those used in structural subsumption algorithms.
The first step is to represent the axioms in the MIPS in conjunctive normal form,
i.e. A v X1 u X2 u . . . u Xn, where X1 . . . Xn are concept names or concept
expressions that do not contain conjunctions. The next step is to minimize
the number of conjuncted concept expressions in the axioms, while retaining
incoherence. The resulting axioms provide generalizations of the concepts from
the MIPS, which we will call GMIPS.

For the example T 1 we get these generalized axioms:
GMIPS {ax1, ax2}: { A′1 v ¬A′ uA′2 , A′2 v A′ }
GMIPS {ax3, ax4, ax5}: { A′3 v A′4 uA′5 , A′4 v ∀s.B′ , A′5 v ∃s.¬B′ }
GMIPS {ax4, ax7}: { A′4 v ∀s.B′ , A′7 v A′4 u ∃s.¬B′ }

A′1, A
′
2 and A′4 provide generalizations of the definitions of A1, A2 and A4,

respectively. The definitions of A3 and A5 could not be further generalized
without losing incoherence.

5.3.4 Heuristics

Now that we have introduced the basic notion w.r.t. pinpointing, we will also
provide a number of heuristics. These heuristics aim at indicating those axioms
that are likely to be involved in larger numbers of unsatisfiable concepts. As was
described earlier, unsatisfiability of a concept propagates to subsumees of that
concept, and to concepts that use the unsatisfiable concept as the value of an
existential restriction. In the example TBox T 1, unsatisfiability of A3 is one of
the two causes for unsatisfiability of A1 (as A1 is subsumed by A3). But it is also
a cause for unsatisfiability of A6. Firstly, because it renders A1 unsatisfiable,
secondly because it renders the conjunction A3 u ¬C u A4 unsatisfiable, which
in turn leads to unsatisfiability of ∃r.(A3 u ¬C uA4).
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Hence, solving unsatisfiability of A3 might also lead to satisfiability of A1

and A6. In this example, A1 will actually remain unsatisfiable due to conflicting
definitions of A1 and A2.

MIPS-weights

Every MIPS is a subset of one or more MUPS. One indication of the effect of
propagation is the number of MUPS that a MIPS is a subset of. The higher
this number, the more likely it is that the axioms in the MIPS are the cause of
unsatisfiability for more concepts.

We define the MIPS-weight as the number of MUPS of which a MIPS is a
subset.

In the example ontology T 1 we found six MUPS and three MIPS. The MIPS
{ax1, ax2} is equivalent to one of the MUPS for A1, {ax1, ax2}, and a proper
subset of a MUPS for A6, {ax1, ax2, ax4, ax6}. Hence, the weight of MIPS
{ax1, ax2} is two. In the same way we can calculate the weights for the other
MIPS: the weight of {ax3, ax4, ax5} is three, the weight of {ax4, ax7} is one.

This indicates that the combination of the axioms {ax3, ax4, ax5} causes
three concepts to be unsatisfiable, whereas {ax4, ax7} only leads to unsatisfia-
bility of one concept, A7.

Cores

MIPS-weights provide an intuition of which combinations of axioms lead to
unsatisfiability. Alternatively, one can focus on the occurrence of the individual
axioms in MIPS, in order to predict the likelihood that an individual axiom is
erroneous.

We define cores as sets of axioms occurring in several MIPS. The more
MIPS such a core belongs to, the more likely its axioms will be the cause of
contradictions. A non-empty subset of an intersection of n different MIPS in
mips(T ) (with n ≥ 1) is called a MIPS-core of arity n (or simply n-ary core)
for T .

For our example TBox T 1 we find one 2-ary core, ax4. The other axioms in
the MIPS are 1-ary cores.

Pinpoints

Pinpoints were introduced in [22], as a computationally attractive alternative
for diagnoses. As calculation of diagnoses is a so-called NP-complete problem
(i.e. most likely not solvable in polynomial time), we use the cores described
above to construct a pinpoint.

Pinpoints are constructed as follows. Take a core {ax} of size 1 with maximal
arity. Then, remove from the mips all MIPS containing {ax}. Repeat these
steps until there are no MIPS left. The cores form a pinpoint for the ontology.

Even with a simple search method, the complexity of pinpoint calculation
is within O(n2 ∗m), where n is the number of MIPS and m is the number of
maximal size.
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For our example TBox T 1 with mips(T 1) = {{ax1, ax2}, {ax3, ax4, ax5},
{ax4, ax7}} we first take 2-ary core, ax4. Removing the MIPS containing this
axiom leaves the MIPS {ax1, ax2}. Hence, two pinpoints can be defined: {ax4,
ax1} and {ax4, ax2}.

5.4 Example

To demonstrate the use of our debugging approach, we first take a well-described
ontology. We use the Pizza ontology from the Protégé OWL tutorial4. Next, we
will discuss the use of our approach to an extended version of the pizza ontology,
which has a larger number of unsatisfiable concepts.

5.4.1 Pizza ontology

This pizza ontology purposely contains two unsatisfiable concepts, IceCream
and CheeseyVegetableTopping. Whereas the causes of the unsatisfiability are
realistic, this ontology is a special case because the concepts that are unsatis-
fiable are fully unrelated, and the unsatisfiability does not propagate to other
concepts.

mups(Pizza, IceCream) = { IceCream v DomainConcept u ∃ hasTopping

FruitTopping , disjoint IceCream Pizza , role hasTopping :domain Pizza }
mups(Pizza, CheeseyVegetableTopping) = { CheeseyVegetableTopping v

CheeseTopping u VegetableTopping , disjoint CheeseTopping VegetableTopping }
As the MUPS for both concepts contain exactly one set of axioms, the di-

agnoses for unsatisfiability of the concepts are the individual axioms:
∆Pizza,IceCream = { {IceCream v DomainConcept u ∃ hasTopping FruitTopping

}, {disjoint IceCream Pizza}, {role hasTopping :domain Pizza} }
∆Pizza,CheeseyVegetableTopping = { {CheeseyVegetableTopping v CheeseTopping

u VegetableTopping }, {disjoint CheeseTopping VegetableTopping } }
It can be easily determined that
mips(Pizza) = { {IceCream v DomainConcept u ∃ hasTopping FruitTopping ,

disjoint IceCream Pizza , role hasTopping :domain Pizza}, {CheeseyVegetableTopping

v CheeseTopping u VegetableTopping , disjoint CheeseTopping VegetableTopping }
}

and
∆Pizza = { {IceCreamvDomainConcept u ∃ hasTopping FruitTopping , Cheesey-

VegetableTopping v CheeseTopping u VegetableTopping }, {IceCream v Domain-

Concept u ∃ hasTopping FruitTopping , disjoint CheeseTopping VegetableTopping },
{disjoint IceCream Pizza, CheeseyVegetableTopping v CheeseTopping u Vegetable-

Topping }, {disjoint IceCream Pizza , disjoint CheeseTopping VegetableTopping },
{role hasTopping :domain Pizza , CheeseyVegetableTopping v CheeseTopping u Veg-

etableTopping }, {role hasTopping :domain Pizza, disjoint CheeseTopping Vegetable-

Topping } }
4 http://www.co-ode.org/ontologies/pizza/2005/05/16/

http://www.co-ode.org/ontologies/pizza/2005/05/16/�
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For the generalized MIPS, only the definition of IceCream can be generalized,
the other definitions remain unchanged.

gmips(Pizza) = { {IceCream′ v ∃ hasTopping FruitTopping′, disjoint IceCream′

Pizza′, role hasTopping :domain Pizza′},{CheeseyVegetableTopping′ v CheeseTopping′

u VegetableTopping′, disjoint CheeseTopping′ VegetableTopping′} }
As all MIPS are equivalent to MUPS, they all have a MIPS-weight of 1.
As there are no axioms that occur in both of the MIPS, there are only

MIPS-cores of arity 1. As a result, any diagnosis is also a pinpoint.
This example shows that for this ontology the MUPS are a useful reduction

of the ontology as a whole to small sets of concepts. The other measures are
of limited interest, due to the isolation of the unsatisfiable concepts and the
absence of propagation of unsatisfiability.

5.4.2 Extended Pizza ontology

Suppose that within the Pizza ontology also 5 subsumees of IceCream were de-
fined, IceCream1 . . . IceCream5 and three subsumees of Pizza, CheeseyVegetable-
Pizza1 . . . CheeseyVegetablePizza3, which are defined as CheeseyVegetablePizzai

v Pizza u ∃ hasTopping CheeseTopping u ∀ hasTopping VegetableTopping.
Now, the resulting ontology, which we will call Pizza′ will have 10 un-

satisfiable concepts, IceCream, CheeseyVegetableTopping, plus the eight newly
defined concepts.

Then the following MUPS are added:
mups(Pizza′, IceCreami) = { IceCreami v IceCream , IceCream v Domain-

Concept u ∃ hasTopping FruitTopping , disjoint IceCream Pizza , role hasTopping

:domain Pizza }
mups(Pizza′, CheeseyVegetablePizzai) = { CheeseyVegetablePizzai v Pizza

u ∃ hasTopping CheeseTopping u ∀ hasTopping VegetableTopping , disjoint Cheese-

Topping VegetableTopping }
Additional MIPS can now be calculated for the extended ontology. The

mips for the new ontology is:
mips(Pizza′) = mips(Pizza)

⋃
1≤i≤3

{ {CheeseyVegetablePizzai v Pizza u ∃
hasTopping CheeseTopping u ∀ hasTopping VegetableTopping , disjoint CheeseTop-

ping VegetableTopping } }
For the sake of brevity, we will not present the diagnoses and the generalized

mips for this example.
The MIPS-weight for {IceCream v DomainConcept u ∃ hasTopping Fruit-

Topping , disjoint IceCream Pizza, role hasTopping :domain Pizza }, is now 6.
The other MIPS have a weight of 1.

The core with the highest arity is now the axiom “disjoint CheeseTopping
VegetableTopping”, which has arity 4.

This core is used as the starting point for constructing a pinpoint. We
can combine this core with an axiom from the first MIPS. A pinpoint for this
ontology now is: {disjoint CheeseTopping VegetableTopping , disjoint IceCream
Pizza}.
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In this example, we see that MIPS-weights and the cores indicate axioms that
lead to unsatisfiability of more concepts. This example also demonstrates that
these axioms are not necessarily erroneous. The axiom that states disjointness
of CheeseTopping and VegetableTopping is correct, but they are incorrectly
combined in various axioms. Hence, the disjointness statement is rather a proxy
to the actual errors than the erroneous axiom itself.

5.5 Implementation and Application of Debugging Approach

In the previous section we presented the results of the approach on ontologies
that were specifically designed to demonstrate unsatisfiability. The outcomes
demonstrated that the cause(s) for unsatisfiability were clearly pinpointed.

We now present results from the implementation and application of the
approach to the real-world medical ontologies DICE [11] and FMA [5].

The current implementation of our approach can handle unfoldable TBoxes
in ALC [19]. The language ALC is a description logic where the allowed con-
structors are the ones mentioned in Section 5.2.1.

Our implementation partly uses RACER to perform reasoning, and partly
implements algorithms to calculate mups, mips, gmips, and the heuristics.
These algorithms are implemented in Java, so it can run on the platforms that
are supported by RACER (currently available for 32bit versions of Windows,
Linux or Mac OS X, for Sun and other branded UNIX workstations with 32bit
or 64bit, as well as 64bit Linux environments).

5.5.1 DICE

The DICE knowledge base5, which is under development at the Academic Med-
ical Center in Amsterdam, contains about 2500 concepts. Each concept is de-
scribed in both Dutch and English by one preferred term, and any number of
synonym(s) for each language. In addition to about 1500 reasons for admission,
DICE contains concepts regarding anatomy, etiology and morphology.

DICE originally has a frame-based representation, and is migrated to DL in
order to be able to perform auditing w.r.t. incorrect definitions and missed
classification. The migration process results in a TBox using the language
ALCQ. As the qualified number restrictions that were used (i.e., at-least
and exactly) are not yet supported by the algorithms, they were replaced by
existential restrictions, resulting in a TBox using ALC. In the DL-based rep-
resentation many closure axioms are used in order to be able to find incorrect
definitions. These closure axioms include disjointness of sibling concepts, and
universal restrictions. As a result of the migration process, various concepts
become unsatisfiable.

A recent version of DICE was classified, resulting in 65 unsatisfiable concepts.
For 64 concepts, MUPS could be calculated, which resulted in 175 MUPS.

5 Development of DICE is supported by the National Intensive Care Evaluation (NICE)
foundation.
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142 MIPS are found, with the following distribution of MIPS-weights:
MIPS of weight 1: 121
MIPS of weight 2: 10
MIPS of weight 3: 0
MIPS of weight 4: 11

This distribution indicates that a relative small number of conflicts are a
cause of more than one unsatisfiable concept, whereas the majority of conflicts
result in only one unsatisfiable concept.

The pinpoint of this ontology consists of the following five axioms, which
form the largest cores, according to the procedure defined in Section 5.3.4.

Core of arity 60: Disjointness of children of “Act”
Core of arity 56: Disjointness of children of “Dysfunction/Abnormality”
Core of arity 15: Disjointness of children of “System”
Core of arity 7 (43 in the full mips): “Heart valve operations”
Core of arity 4: Disjointness of children of “Toxical substance”

The arity of 7 for “Heart valve operations” is the arity in the remaining
mips after removal of all MIPS containing the disjointness statements mentioned
earlier. The arity of this core in the full mips is 43.

Based on these results one can determine where to start the debugging pro-
cess. Either the disjointness statements mentioned can be verified, or one can
further analyze the definition of and references to the concept “Heart valve
operations”.

We will discuss the concept “Heart valve operations”, also in order to demon-
strate the use of generalized MIPS.

The concept is defined as:

HeartValveOperations v HeartProcedures u
∃ HasSystemInvolvement CirculatorySystem u
∀ HasSystemInvolvement CirculatorySystem u
∃ LocalizedIn HeartValveStructure u
∀ InvolvesDysfunction (Thrombosis t Insufficiency t Stenosis) u
∃ InvolvesAct Replacement u
∃ InvolvesAct Resection u
∃ InvolvesAct Repair u
∃ InvolvesAct Excision u
∃ InvolvesAct Inspection u
∀ InvolvesAct (Replacement t Resection t

Repair t Excision t Inspection)

As mentioned earlier, the DL-based representation is generated from a frame-
based representation [12]. In this migration process, it was decided that univer-
sal restrictions were added as default, as is shown by the ∀ constructors in the
definition.

Inspection of this statement reveals incorrect semantics: five values for the
InvolvesAct role are required, whereas generally these operations involve one
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of these acts. After correcting this modeling error, which resulted from an
incorrect assumption in the migration process, we can reapply our approach.
The resulting ontology still has 62 unsatisfiable concepts, resulting in 111 MIPS.

Now, the pinpoint only contains disjointness axioms. However, the definition
for Heart valve operations is still a core with an arity of 12, so we continue to
focus on that concept. One MIPS contains “Valve commissurotomy” (the defi-
nition of which contains ∃ InvolvesAct Incision) and disjointness of Incision and
Replacement, Resection, Repair, Excision, and Inspection. This indicates that
the definition of Heart valve operation should be adjusted to include Incision in
the disjunctions of the ∀ InvolvesAct restriction.

In this way, we can iterate the process of making changes to the ontology and
determining mups and mips. Alternatively, we could have focused on specific
unsatisfiable concepts, using the mups.

5.5.2 FMA

To test how our approach can be applied to other ontologies, we have used the
Foundational Model of Anatomy (FMA)6. FMA, developed by the University
of Washington, provides about 69000 concept definitions, describing anatomi-
cal structures, shapes, and other entities, such as coordinates (left, right, etc.).
The FMA Knowledge Base, which is implemented as a frame-based model in
Protégé7, has been migrated to DL, using the language ALC. In order to restrict
the language to ALC, inverse relations, specified in the frame-based representa-
tion, were ignored in the migration process.

Due to its large size we were not able to classify the full FMA ontology
with RACER. We hence limited the case study to “Organs”, which comprises a
convenient subset that is representative for the FMA. Of the 3826 concept def-
initions, 181 were found to be unsatisfiable. Interestingly, this resulted in the
single pinpoint “Organ”. This could be explained by the definition of Organ:

Organ v AnatomicalStructure u
∃ RegionalPartOf OrganSystem u
∀ RegionalPartOf OrganSystem u
∃ PartOf OrganSystem u
∀ PartOf OrganSystem

In FMA, the unsatisfiable concepts were defined as part of some organ, for
example

Periodontium v SkeletalLigament u
∃ RegionalPartOf Tooth u ∀ RegionalPartOf Tooth u
∃ PartOf Tooth u ∀ PartOf Tooth u
∃ SystemicPartOf Tooth u ∀ SystemicPartOf Tooth

6 http://sig.biostr.washington.edu/projects/fm/
7 http://protege.stanford.edu/

http://sig.biostr.washington.edu/projects/fm/�
http://protege.stanford.edu/�
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Periodontium and Tooth are subsumed by Organ, and according to the def-
inition of Organ, Tooth should be an OrganSystem. Hence, it would be more
correct to specify that an Organ is also an allowed value for the (Regional)PartOf
role, i.e. defining Organ as follows, in which case however the TBox is no longer
unfoldable.

Organ v AnatomicalStructure u
∃ RegionalPartOf (Organ t OrganSystem) u
∀ RegionalPartOf (Organ t OrganSystem) u
∃ PartOf (Organ t OrganSystem) u
∀ PartOf (Organ t OrganSystem)

This example clearly shows how one axiom can lead to unsatisfiability of a
large number of concepts. The pinpoint properly detects this single axiom.

5.6 Results

The implementation of our approach provides a useful contribution to the de-
bugging process. The heuristics (especially the Pinpoint) provide a good start-
ing point for debugging of the axioms. MUPS and generalized MIPS provide
understandable explanations for causes of unsatisfiability. In our experiments,
performing the calculations for the MUPS, MIPS and heuristics was a matter
of minutes (on a 2.4 GHz PC with 1 GB memory).

The current implementation provides text-based output. This requires a
modeler to browse the output, and find for example the MUPS that are related
to a MIPS. Apart from further optimizing the algorithms and supporting more
expressive logics, the various steps in the debugging process can be further
integrated to provide more support.

5.7 Discussion

Debugging of ontologies gets increasing attention, which is driven by research
in the area on the semantic web on the one hand, and the need for robust
ontologies on the other hand.

In Section 5.7.1, we will first look into truth maintenance systems, a research
field in artificial intelligence that has not yet been discussed in this paper. These
systems provide, at least theoretically, a possibility for explaining reasoning.

Next we will describe two implementations of other approaches to expla-
nation, Swoop/Pellet and the OWL-debugger plug-in for Protégé. These im-
plementations differ in the approach followed. The Pellet reasoner, described
in Section 5.7.2, uses a “glass-box” approach, that offers a debugging mode in
which explanation is provided as a result of the reasoning process.

The Protégé OWL-debugger, like our approach, uses a black-box approach.
It looks for common modeling errors as explanation for inconsistency, as is
described in Section 5.7.3.

This section is concluded with a description of further work in Section 5.7.4.
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5.7.1 Truth maintenance systems

Truth maintenance systems (TMSs) [13] are designed to keep track of inferences
made in knowledge bases. For example, the implication P ⇒ Q might have
been used to add Q to a knowledge base that contains P . One approach is a
justification-based truth maintenance system (JTMS). In such a system, each
sentence in the knowledge base is provided with a justification consisting of the
set of sentences from which it was inferred. In the example above, Q is provided
with the justification {P, P ⇒ Q}.

TMSs generally serve three distinct purposes: handling retraction of (incor-
rect) information, speeding up analysis of multiple hypothetical situations, and
providing a mechanism for generating explanations. In the example above, the
justification provided with Q is also an explanation for why Q holds. Should
P be retracted (for example because it was found that P does not hold), then
from the justifications it can be determined that Q should also be retracted, as
P provided a justification for Q. Likewise to what we described in Section 5.2.2,
these explanations should be minimal, i.e. no proper subset of an explanation
should also be an explanation.

As discussed in [15], a problem with implementing truth maintenance sys-
tems in DL reasoners is the fact that efficiency of the highly optimized tableaux-
based reasoning algorithms may suffer, as is also experienced in Pellet. There-
fore, a black-box approach providing post-hoc explanation is a reasonable alter-
native to truth maintenance.

5.7.2 Explanation in Pellet

One of the most elaborate implementations of debugging known to the authors
is the Pellet reasoner, combined with the SWOOP web ontology editor8, which
is described in [20],[23]. It provides a combination of black-box and glass-box
approaches.

Glass-box techniques are used to support two forms of debugging of unsatis-
fiable concepts: presenting the root cause of the contradiction and determining
the relevant axioms in the ontology that are responsible for the clash (the so-
called minimal sets of support).

The black-box methods focus on detecting dependencies between unsatis-
fiable classes. Two types of unsatisfiable classes are recognized: root classes,
and derived classes. A root class is defined as an unsatisfiable class in which
a clash or contradiction found in the class definition (axioms) does not depend
on the unsatisfiability of another class in the ontology. A derived Class is an
unsatisfiable class in which a clash or contradiction found in a class definition
depends on the unsatisfiability of another class.

The advantage of the Pellet/Swoop environment is that debugging clues are
presented in an integrated way. A drawback of the glass-box techniques is that
it makes debugging dependent to a specific reasoner.

8 http://www.mindswap.org/2005/debugging/

http://www.mindswap.org/2005/debugging/�
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A comparison between the results of debugging with the use of Swoop and
Pellet is planned to be performed.

5.7.3 Explanation by the Protégé OWL-debugger

Another example of debugging support is the OWL-debugger9, which is a plug-
in for Protégé [24, 25]. This debugger provides a black-box approach, and is
heuristic as it is based on experience, from which a set of commonly made
mistakes have been identified. Being based on heuristics, the debugger is not
complete, but it provides explanation to a majority of cases of unsatisfiability.

The process performed by the OWL-debugger resembles the approach of
Swoop/Pellet. First, an unsatisfiable core is identified, consisting of the small-
est set of conditions of a concept that render that concept unsatisfiable. A
number of rules is then applied to the unsatisfiable core, in order to determine
the debugging super conditions (DSC), which include all concepts that are in-
volved in the unsatisfiable core, for example all superconcepts. A most general
conflicting class set is generated from the DSC, which is used to produce an
explanation for unsatisfiability.

The OWL-debugger also presents explanation in an integrated way, as part
of the Protégé ontology modeling environment. As it is a fully black-box imple-
mentation, it is independent of the reasoner being used.

5.7.4 Further work

The systems discussed above integrate debugging into the modeling process,
which is preferable to a separated approach. Whereas our current implementa-
tion provides text-based explanation, we aim at integrating these explanations
into a knowledge modeling environment in order to minimize the effort to per-
form debugging.

Furthermore, extension of our current implementation is required to deal
with more expressive description logics and cyclic TBoxes. This can be realized
by making more use of readily available reasoners, as opposed to the current
implementation that partly implements reasoning algorithms.

More fundamental work lies in representing DL ontologies as networks of
special components, in analogy to electrical circuits. This representation may
further increase understanding of the debugging process on the one hand, and
may contribute to determining pinpoints based on the specific structure of the
network.

5.8 Conclusions

Our approach, being based on theory of diagnosis, provides a theoretical basis to
debugging. In addition, heuristics specify which axioms most likely contribute
to larger numbers of unsatisfiable concepts.

9 http://www.co-ode.org/community/debugging.php

http://www.co-ode.org/community/debugging.php�
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Implementation of our approach, and its application to a number of ontolo-
gies, demonstrates the usability and usefulness to pinpoint and explain errors.
The usability of the implementation lies in the fact that all calculations are
performed relatively quick and without need for actions from the user. The ap-
proach is useful as the provided heuristics and measures clearly indicate which
axioms cause larger number of unsatisfiable concepts. The (generalized) MIPS
provide good explanations for unsatisfiability of concepts.

Determining the most suitable heuristics and integration of our approach
into an ontology modeling environment will further increase the usability, by
contributing to lowering the effort of finding, explaining and correcting errors
in description-logic-based ontologies.
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