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Summary. In this chapter, we explain what description logics are and why they
make good ontology languages. In particular, we introduce the description logic
SHIQ, which has formed the basis of several well-known ontology languages, in-
cluding OWL. We argue that, without the last decade of basic research in description
logics, this family of knowledge representation languages could not have played such
an important rôle in this context.

Description logic reasoning can be used both during the design phase, in order to
improve the quality of ontologies, and in the deployment phase, in order to exploit
the rich structure of ontologies and ontology based information. We discuss the
extensions to SHIQ that are required for languages such as OWL and, finally, we
sketch how novel reasoning services can support building DL knowledge bases.

1 Introduction

The aim of this section is to give a brief introduction to description logics, and
to argue why they are well-suited as ontology languages. In the remainder of
the chapter we will put some flesh on this skeleton by providing more technical
details with respect to the theory of description logics, and their relationship
to state of the art ontology languages. More detail on these and other matters
related to description logics can be found in [6].

Ontologies

There have been many attempts to define what constitutes an ontology, per-
haps the best known (at least amongst computer scientists) being due to
Gruber: “an ontology is an explicit specification of a conceptualisation” [47].3

In this context, a conceptualisation means an abstract model of some aspect
of the world, taking the form of a definition of the properties of important
3 This was later elaborated to “a formal specification of a shared conceptualisation”

[21].
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concepts and relationships. An explicit specification means that the model
should be specified in some unambiguous language, making it amenable to
processing by machines as well as by humans.

Ontologies are becoming of increasing importance in fields such as knowl-
edge management, information integration, cooperative information systems,
information retrieval and electronic commerce. One application area which
has recently seen an explosion of interest is the so called Semantic Web [18],
where ontologies are set to play a key rôle in establishing a common ter-
minology between agents, thus ensuring that different agents have a shared
understanding of terms used in semantic markup.

The effective use of ontologies requires not only a well-designed and well-
defined ontology language, but also support from reasoning tools. Reasoning
is important both to ensure the quality of an ontology, and in order to exploit
the rich structure of ontologies and ontology based information. It can be em-
ployed in different phases of the ontology life cycle. During ontology design,
it can be used to test whether concepts are non-contradictory and to derive
implied relations. In particular, one usually wants to compute the concept hi-
erarchy, i.e., the partial ordering of named concepts based on the subsumption
relationship. Information on which concept is a specialization of another, and
which concepts are synonyms, can be used in the design phase to test whether
the concept definitions in the ontology have the intended consequences or not.
This information is also very useful when the ontology is deployed.

Since it is not reasonable to assume that all applications will use the same
ontology, interoperability and integration of different ontologies is also an im-
portant issue. Integration can, for example, be supported as follows: after the
knowledge engineer has asserted some inter-ontology relationships, the inte-
grated concept hierarchy is computed and the concepts are checked for con-
sistency. Inconsistent concepts as well as unintended or missing subsumption
relationships are thus signs of incorrect or incomplete inter-ontology asser-
tions, which can then be corrected or completed by the knowledge engineer.

Finally, reasoning may also be used when the ontology is deployed. As
well as using the pre-computed concept hierarchy, one could, for example, use
the ontology to determine the consistency of facts stated in annotations, or
infer relationships between annotation instances and ontology classes. More
precisely, when searching web pages annotated with terms from the ontology,
it may be useful to consider not only exact matches, but also matches with
respect to more general or more specific terms—where the latter choice de-
pends on the context. However, in the deployment phase, the requirements
on the efficiency of reasoning are much more stringent than in the design and
integration phases.

Before arguing why description logics are good candidates for such an on-
tology language, we provide a brief introduction to and history of description
logics.
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Description Logics

Description logics (DLs) [6, 16, 30] are a family of knowledge representation
languages that can be used to represent the knowledge of an application do-
main in a structured and formally well-understood way. The name description
logics is motivated by the fact that, on the one hand, the important notions
of the domain are described by concept descriptions, i.e., expressions that
are built from atomic concepts (unary predicates) and atomic roles (binary
predicates) using the concept and role constructors provided by the particular
DL. On the other hand, DLs differ from their predecessors, such as semantic
networks and frames, in that they are equipped with a formal, logic-based
semantics.

In this introduction, we only illustrate some typical constructors by an
example. Formal definitions are given in Section 2. Assume that we want to
define the concept of “A man that is married to a doctor and has at least five
children, all of whom are professors.” This concept can be described with the
following concept description:

Human u ¬Female u ∃married.Doctor u (≥ 5 hasChild) u ∀hasChild.Professor

This description employs the Boolean constructors conjunction (u), which
is interpreted as set intersection, and negation (¬), which is interpreted as
set complement, as well as the existential restriction constructor (∃R.C), the
value restriction constructor (∀R.C), and the number restriction constructor
(≥n R). An individual, say Bob, belongs to ∃married.Doctor if there exists
an individual that is married to Bob (i.e., is related to Bob via the married
role) and is a doctor (i.e., belongs to the concept Doctor). Similarly, Bob
belongs to (≥ 5 hasChild) iff he has at least five children, and he belongs to
∀hasChild.Professor iff all his children (i.e., all individuals related to Bob via
the hasChild role) are professors.

In addition to this description formalism, DLs are usually equipped with
a terminological and an assertional formalism. In its simplest form, termino-
logical axioms can be used to introduce names (abbreviations) for complex
descriptions. For example, we could introduce the abbreviation HappyMan
for the concept description from above. More expressive terminological for-
malisms allow the statement of constraints such as

∃hasChild.Human v Human,

which says that only humans can have human children. A set of terminological
axioms is called a TBox. The assertional formalism can be used to state
properties of individuals. For example, the assertions

HappyMan(BOB), hasChild(BOB,MARY)

state that Bob belongs to the concept HappyMan and that Mary is one of his
children. A set of such assertions is called an ABox, and the named individuals
that occur in ABox assertions are called ABox individuals.
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Description logic systems provide their users with various inference capa-
bilities that deduce implicit knowledge from the explicitly represented knowl-
edge. The subsumption algorithm determines subconcept-superconcept rela-
tionships: C is subsumed by D iff all instances of C are necessarily instances
of D, i.e., the first description is always interpreted as a subset of the sec-
ond description. For example, given the definition of HappyMan from above,
HappyMan is subsumed by ∃hasChild.Professor—since instances of HappyMan
have at least five children, all of whom are professors, they also have a child
that is a professor. The instance algorithm determines instance relationships:
the individual i is an instance of the concept description C iff i is always
interpreted as an element of C. For example, given the assertions from above
and the definition of HappyMan, MARY is an instance of Professor. The con-
sistency algorithm determines whether a knowledge base (consisting of a set
of assertions and a set of terminological axioms) is non-contradictory. For ex-
ample, if we add ¬Professor(MARY) to the two assertions from above, then
the knowledge base containing these assertions together with the definition of
HappyMan from above is inconsistent.

In order to ensure a reasonable and predictable behavior of a DL system,
these inference problems should at least be decidable for the DL employed
by the system, and preferably of low complexity. Consequently, the expressive
power of the DL in question must be restricted in an appropriate way. If the
imposed restrictions are too severe, however, then the important notions of
the application domain can no longer be expressed. Investigating this trade-
off between the expressivity of DLs and the complexity of their inference
problems has been one of the most important issues in DL research. Roughly,
the research related to this issue can be classified into the following four
phases.

Phase 1 (1980–1990) was mainly concerned with implementation of systems,
such as Klone, K-Rep, Back, and Loom [24, 69, 78, 68]. These systems
employed so-called structural subsumption algorithms, which first normalize
the concept descriptions, and then recursively compare the syntactic structure
of the normalized descriptions [71]. These algorithms are usually relatively
efficient (polynomial), but they have the disadvantage that they are complete
only for very inexpressive DLs, i.e., for more expressive DLs they cannot detect
all the existing subsumption/instance relationships. At the end of this phase,
early formal investigations into the complexity of reasoning in DLs showed
that most DLs do not have polynomial-time inference problems [23, 72]. As a
reaction, the implementors of the Classic system (the first industrial-strength
DL system) carefully restricted the expressive power of their DL [77, 22].

Phase 2 (1990–1995) started with the introduction of a new algorithmic
paradigm into DLs, so-called tableau-based algorithms [85, 39, 52]. They work
on propositionally closed DLs (i.e., DLs with full Boolean operators) and are
complete also for expressive DLs. To decide the consistency of a knowledge
base, a tableau-based algorithm tries to construct a model of it by break-
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ing down the concepts in the knowledge base, thus inferring new constraints
on the elements of this model. The algorithm either stops because all at-
tempts to build a model failed with obvious contradictions, or it stops with a
“canonical” model. Since in propositionally closed DLs, subsumption and sat-
isfiability can be reduced to consistency, a consistency algorithm can solve all
inference problems mentioned above. The first systems employing such algo-
rithms (Kris and Crack) demonstrated that optimized implementations of
these algorithm lead to an acceptable behavior of the system, even though the
worst-case complexity of the corresponding reasoning problems is no longer in
polynomial time [9, 27]. This phase also saw a thorough analysis of the com-
plexity of reasoning in various DLs [39, 40, 38]. Another important observation
was that DLs are very closely related to modal logics [83].

Phase 3 (1995–2000) is characterized by the development of inference proce-
dures for very expressive DLs, either based on the tableau-approach [56, 58]
or on a translation into modal logics [35, 36, 34, 37]. Highly optimized systems
(FaCT, Race, and Dlp [53, 48, 76]) showed that tableau-based algorithms
for expressive DLs lead to a good practical behavior of the system even on
(some) large knowledge bases. In this phase, the relationship to modal log-
ics [35, 84] and to decidable fragments of first-order logic was also studied
in more detail [19, 74, 45, 43, 44], and applications in databases (like schema
reasoning, query optimization, and integration of databases) were investigated
[28, 29, 31].

We are now at the beginning of Phase 4, where industrial strength DL systems
employing very expressive DLs and tableau-based algorithms are being devel-
oped, with applications like the Semantic Web or knowledge representation
and integration in bio-informatics in mind.

Description Logics as Ontology Languages

As already mentioned above, high quality ontologies are crucial for many ap-
plications, and their construction, integration, and evolution greatly depends
on the availability of a well-defined semantics and powerful reasoning tools.
Since DLs provide for both, they should be ideal candidates for ontology lan-
guages. That much was already clear ten years ago, but at that time there
was a fundamental mismatch between the expressive power and the efficiency
of reasoning that DL systems provided, and the expressivity and the large
knowledge bases that ontologists needed [41]. Through the basic research in
DLs of the last 10–15 years that we have summarized above, this gap between
the needs of ontologist and the systems that DL researchers provide has finally
become narrow enough to build stable bridges.

The suitability of DLs as ontology languages has been highlighted by their
role as the foundation for several web ontology languages, including OWL, an
ontology language standard developed by the W3C Web-Ontology Working
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Group.4 OWL has a syntax based on RDF Schema, but the basis for its
design is the expressive DL SHIQ [59],5 and the developers have tried to find
a good compromise between expressiveness and the complexity of reasoning.
Although reasoning in SHIQ is decidable, it has a rather high worst-case
complexity (ExpTime). Nevertheless, highly optimized SHIQ reasoners such
as FaCT++ [92], Racer [50] and Pellet [88] behave quite well in practice.

Let us point out some of the features of SHIQ that make this DL ex-
pressive enough to be used as an ontology language. Firstly, SHIQ provides
number restrictions that are more expressive than the ones introduced above
(and employed be earlier DL systems). With the qualified number restrictions
available in SHIQ, as well as being able to say that a person has at most two
children (without mentioning the properties of these children):

(≤ 2 hasChild),

one can also specify that there is at most one son and at most one daughter:

(≤ 1 hasChild.¬Female) u (≤ 1 hasChild.Female).

Secondly, SHIQ allows the formulation of complex terminological axioms like
“humans have human parents”:

Human v ∃hasParent.Human.

Thirdly, SHIQ also allows for inverse roles, transitive roles, and subroles. For
example, in addition to hasChild one can also use its inverse hasParent, one
can specify that hasAncestor is transitive, and that hasParent is a subrole of
hasAncestor.

It has been argued in the DL and the ontology community that these
features play a central role when describing properties of aggregated objects
and when building ontologies [81, 90, 42]. The actual use of a DL providing
these features as the underlying logical formalism of the web ontology language
OWL [55] substantiates this claim [90].6

Finally, we would like to mention briefly three extensions to SHIQ that
are often used in ontology languages (we will discuss them in more detail in
Section 5).

Complex roles are often required in ontologies. For example, when describ-
ing complex physically composed structures it may be desirable to express the
fact that damage to a part of the structure implies damage to the structure
as a whole. This feature is particularly important in medical ontologies: it is
supported in the Grail DL [79], which was specifically designed for use with
medical terminology, and in another medical terminology application using
4 http://www.w3.org/2001/sw/WebOnt/
5 To be exact, it is based on SHOIN .
6 OWL does not, however, support the use of the more expressive qualified number

restrictions.
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the comparatively inexpressive DL ALC, a rather complex “work around” is
performed in order to capture this kind of information [86].7

It is quite straightforward to extend SHIQ so that this kind of propagation
can be expressed: simply allow for the use of complex roles in role inclusion
axioms. E.g., hasLocation◦partOf v hasLocation expresses the fact that things
located in part of something are also located in the thing as a whole. Although
this leads to undecidability in general, syntactic restrictions can be devised
that lead to a decidable logic [57].

Concrete domains [7, 67] integrate DLs with concrete sets such as the real
numbers, integers, or strings, and built-in predicates such as comparisons ≤,
comparisons with constants ≤ 17, or isPrefixOf. This supports the modelling of
concrete properties of abstract objects such as the age, the weight, or the name
of a person, and the comparison of these concrete properties. Unfortunately,
in their unrestricted form, concrete domains can have dramatic effects on the
decidability and computational complexity of the underlying DL [67].

Nominals are special concept names that are to be interpreted as singleton
sets. Using a nominal Turing, we can describe all those computer scientists
that have met Turing by CSientist u ∃hasMet.Turing. Again, nominals can
have dramatic effects on the complexity of a logic [91].

2 The Expressive Description Logic SHIQ

In this section, we present syntax and semantics of the expressive DL SHIQ
(although, as we will see in Section 4, the DL underlying OWL is, in some
respects, slightly more expressive). Moreover, we will concentrate on the ter-
minological formalism, i.e., the part that supports the definition of the relevant
concepts in an application domain, and the statement of constraints that re-
strict interpretations to the intended ones. The assertional formalism will not
be introduced here due to space limitations and since it only plays a minor
role in ontology engineering. The interested reader is referred to [6, 82] for
assertional DL formalisms in general, and to [49, 60] for assertional reasoning
for SHIQ.

In contrast to most of the DLs considered in the literature, which concen-
trate on constructors for defining concepts, the DL SHIQ [58] also allows for
rather expressive roles. Of course, these roles can then be used in the definition
of concepts. We start with the definition of SHIQ-roles, and then continue
with the definition of SHIQ-concepts.

Definition 1 (Syntax and semantics of SHIQ-roles). Let R be a set of
role names, which is partitioned into a set R+ of transitive roles and a set RP

of normal roles. The set of all SHIQ-roles is R ∪ {r− | r ∈ R}, where r− is
7 In this approach, so-called SEP-triplets are used both to compensate for the

absence of transitive roles in ALC, and to express the propagation of properties
across a distinguished “part-of” role.
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called the inverse of the role r. A role inclusion axiom is of the form r v s,
where r, s are SHIQ-roles. A role hierarchy is a finite set of role inclusion
axioms.

An interpretation I = (∆I , ·I) consists of a set ∆I , called the domain of
I, and a function ·I that maps every role to a subset of ∆I ×∆I such that,
for all p ∈ R and r ∈ R+,

〈x, y〉 ∈ pI iff 〈y, x〉 ∈ (p−)I ,

if 〈x, y〉 ∈ rI and 〈y, z〉 ∈ rI then 〈x, z〉 ∈ rI .

An interpretation I satisfies a role hierarchy R iff rI ⊆ sI for each r v s ∈ R;
such an interpretation is called a model of R.

The unrestricted use of these roles in all of the concept constructors of SHIQ
(to be defined below) would lead to an undecidable DL [58]. Therefore, we
must first define an appropriate subset of all SHIQ-roles. This requires some
more notation.

1. The inverse relation on binary relations is symmetric, i.e., the inverse of
r− is again r. To avoid writing role expressions such as r−−, r−−−, etc.,
we define a function Inv, which returns the inverse of a role:

Inv(r) :=

{
r− if r is a role name,

s if r = s− for a role name s.

2. Since set inclusion is transitive and an inclusion relation between two roles
transfers to their inverses, a given role hierarchy R implies additional
inclusion relationships. To account for this fact, we define v* R as the
reflexive-transitive closure of

vR := R∪ {Inv(r) v Inv(s) | r v s ∈ R}.

We use r ≡R s as an abbreviation for r v* Rs and s v* Rr. In this case,
every model of R interprets these roles as the same binary relation.

3. Obviously, a binary relation is transitive iff its inverse is transitive. Thus,
if r ≡R s and r or Inv(r) is transitive, then any model of R interprets s as
a transitive binary relation. To account for such implied transitive roles,
we define the following function Trans:

Trans(s,R) :=

{
true if r ∈ R+ or Inv(r) ∈ R+ for some r with r ≡R s

false otherwise.

4. A role r is called simple w.r.t. R iff Trans(s,R) = false for all s v* Rr.

Definition 2 (Syntax and semantics of SHIQ-concepts). Let NC be a
set of concept names. The set of SHIQ-concepts is the smallest set such that
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1. every concept name A ∈ NC is a SHIQ-concept,
2. if C and D are SHIQ-concepts and r is a SHIQ-role, then CuD, CtD,
¬C, ∀r.C, and ∃r.C are SHIQ-concepts,

3. if C is a SHIQ-concept, r is a simple SHIQ-role, and n ∈ N, then
(6 n r.C) and (> n r.C) are SHIQ-concepts.

The interpretation function ·I of an interpretation I = (∆I , ·I) maps, addi-
tionally, every concept to a subset of ∆I such that

(C uD)I = CI ∩DI , (C tD)I = CI ∪DI , ¬CI = ∆I \ CI ,

(∃r.C)I = {x ∈ ∆I | There is some y ∈ ∆I with 〈x, y〉 ∈ rI and y ∈ CI},
(∀r.C)I = {x ∈ ∆I | For all y ∈ ∆I , if 〈x, y〉 ∈ rI , then y ∈ CI},

(6 n r.C)I = {x ∈ ∆I | ]rI(x,C) 6 n},
(> n r.C)I = {x ∈ ∆I | ]rI(x,C) > n},

where ]M denotes the cardinality of the set M , and rI(x,C) := {y | 〈x, y〉 ∈
rI and y ∈ CI}. If x ∈ CI , then we say that x is an instance of C in I, and
if 〈x, y〉 ∈ rI , then y is called an r-successor of x in I.

Concepts can be used to describe the relevant notions of an application
domain. The terminology (TBox) introduces abbreviations (names) for com-
plex concepts. In SHIQ, the TBox also allows one to state more complex
constraints.

Definition 3. A general concept inclusion (GCI) is of the form C v D,
where C,D are SHIQ-concepts. A finite set of GCIs is called a TBox. An
interpretation I is a model of a TBox T iff it satisfies all GCIs in T , i.e.,
CI ⊆ DI holds for each C v D ∈ T .

A concept definition is of the form A ≡ C, where A is a concept name. It can
be seen as an abbreviation for the two GCIs A v C and C v A.

Inference problems are defined w.r.t. a TBox and a role hierarchy.

Definition 4. The concept C is called satisfiable with respect to the role
hierarchy R and the TBox T iff there is a model I of R and T with CI 6= ∅.
Such an interpretation is called a model of C w.r.t. R and T . The concept
D subsumes the concept C w.r.t. 〈R, T 〉 (written C v〈R,T 〉 D) iff CI ⊆ DI

holds for all models I of R and T . Two concepts C,D are equivalent w.r.t.
R (written C ≡〈R,T 〉 D) iff they subsume each other.

By definition, equivalence can be reduced to subsumption. In addition, sub-
sumption can be reduced to satisfiability since C v〈R,T 〉 D iff C u ¬D is
unsatisfiable w.r.t. R and T .

As mentioned above, most DLs are (decidable) fragments of (first-order)
predicate logic [19, 5]. Viewing role names as binary relations and concept
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names as unary relations, for example, the role inclusion axiom r v s− trans-
lates into ∀x∀y.r(x, y) ⇒ s(y, x), and the GCI Au∃r.C v Dt∀s−.E translates
into

∀x.(A(x) ∧ ∃y.r(x, y) ∧ C(y)) ⇒ (D(x) ∨ ∀y.s(y, x) ⇒ E(x)).

This translation preserves the semantics: we can easily view DL interpretations
as predicate logic interpretations, and then prove, e.g., that each model of a
concept C w.r.t. a TBox T and a role hierarchy R is a model of the translation
of C conjoined with the (universally quantified) translations of T and R.

3 Describing Ontologies in SHIQ

In general, an ontology can be formalised in a TBox as follows. Firstly, we
restrict the possible worlds by introducing restrictions on the allowed inter-
pretations. For example, to express that, in our world, we want to consider
humans, which are either muggles or sorcerers, we can use the GCIs

Human v Muggle t Sorcerer and Muggle v ¬Sorcerer.

Next, to express that humans have exactly two parents and that all parents
and children of humans are human, we can use the following GCI:

Human v ∀hasParent.Human u (6 2 hasParent.>) u (> 2 hasParent.>) u
∀hasParent−.Human,

where > is an abbreviation for the top concept A t ¬A.8

In addition, we consider the transitive role hasAncestor, and the role in-
clusion

hasParent v hasAncestor.

The next GCI expresses that humans having an ancestor that is a sorcerer
are themselves sorcerers:

Human u ∃hasAncestor.Sorcerer v Sorcerer.

Secondly, we can define the relevant notions of our application domain
using concept definitions. Recall that the concept definition A ≡ C stands for
the two GCIs A v C and C v A. A concept name is called defined if it occurs
on the left-hand side of a definition, and primitive otherwise.

We want our concept definitions to have definitional impact, i.e., the inter-
pretation of the primitive concept and role names should uniquely determine
the interpretation of the defined concept names. For this, the set of concept
definitions together with the additional GCIs must satisfy three conditions:
8 When the qualifying concept is >, this is equivalent to an unqualified restriction,

and it will often be written as such, e.g., (6 2 hasParent).
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1. There are no multiple definitions, i.e., each defined concept name must
occur at most once as a left-hand side of a concept definition.

2. There are no cyclic definitions, i.e., no cyclic dependencies between the
defined names in the set of concept definitions.9

3. The defined names do not occur in any of the additional GCIs.

In contrast to concept definitions, the GCIs in SHIQ may well have cyclic
dependencies between concept names. An example are the above GCIs de-
scribing humans.

As a simple example of a set of concept definitions satisfying the restric-
tions from above, we define the concepts grandparent and parent:10

Parent ≡ Human u ∃hasParent−.>,

Grandparent ≡ ∃hasParent−.Parent.

The TBox consisting of the above concept definitions and GCIs, together
with the fact that hasAncestor is a transitive superrole of hasParent, implies
the following subsumption relationship:

Grandparent u Sorcerer v ∃hasParent−.∃hasParent−.Sorcerer,

i.e., grandparents that are sorcerers have a grandchild that is a sorcerer.
Though this conclusion may sound reasonable given the assumptions, it re-
quires quite some reasoning to obtain it. In particular, one must use the fact
that hasAncestor (and thus also hasAncestor−) is transitive, that hasParent−

is the inverse of hasParent, and that we have a GCI that says that children of
humans are again humans.

To sum up, a SHIQ-TBox can, on the one hand, axiomatize the basic no-
tions of an application domain (the primitive concepts) by GCIs, transitivity
statements, and role inclusions, in the sense that these statements restrict the
possible interpretations of the basic notions. On the other hand, more com-
plex notions (the defined concepts) can be introduced by concept definitions.
Given an interpretation of the basic notions, the concept definitions uniquely
determine the interpretation of the defined notions.

The taxonomy of such a TBox is then given by the subsumption hierarchy
of the defined concepts. It can be computed using a subsumption algorithm
for SHIQ (see Chapters 23 and 24). The knowledge engineer can test whether
the TBox captures her intuition by checking the satisfiability of the defined
concepts (since it does not make sense to give a complex definition for the
empty concept), and by checking whether their place in the taxonomy corre-
sponds to their intuitive place. The expressive power of SHIQ together with
the fact that one can “verify” the TBox in the sense mentioned above is the
main reason for SHIQ being well-suited as an ontology language [81, 42, 90].
9 In order to give cyclic definitions definitional impact, one would need to use

fixpoint semantics for them [73, 1].
10 In addition to the role hasParent, which relates children to their parents, we use

the concept Parent, which describes all humans having children.
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4 SHIQ and OWL

As already discussed, OWL is a semantic web ontology language whose the
semantics can be defined via a translation into an expressive DL.11 This is not
a coincidence—it was a design goal. The mapping allows OWL to exploit for-
mal results from DL research (e.g., regarding the decidability and complexity
of key inference problems) and use implemented DL reasoners (e.g., FaCT++
[92], Racer [50] and Pellet [88]) in order to provide reasoning services for
OWL applications.

An OWL (Lite or DL) ontology can be seen to correspond to a DL TBox
together with a role hierarchy, describing the domain in terms of classes (cor-
responding to concepts) and properties (corresponding to roles). An ontology
consists of a set of axioms that assert, e.g., subsumption relationships between
classes or properties.

As in a standard DL, OWL classes may be names or expressions built up
from simpler classes and properties using a variety of constructors. The set
of constructors supported by OWL, along with the equivalent DL abstract
syntax, is summarised in Figure 1.12 The full XML serialisation of the RDF
syntax is not shown as it is rather verbose, e.g., HumanuMale would be written
as

<owl:Class>
<owl:intersectionOf rdf:parseType="Collection">
<owl:Class rdf:about="#Human"/>
<owl:Class rdf:about="#Male"/>

</owl:intersectionOf>
</owl:Class>

while (> 2 hasChild.Thing) would be written as

<owl:Restriction>
<owl:onProperty rdf:resource="#hasChild"/>
<owl:minCardinality
rdf:datatype="&xsd;NonNegativeInteger">2

</owl:minCardinality>
</owl:Restriction>

Prefixes such as owl: and &xsd; specify XML namespaces for re-
sources, while rdf:parseType="Collection" is an extension to RDF that
provides a “shorthand” notation for lisp style lists defined using triples
with the properties first and rest (it can be eliminated, but with a conse-
quent increase in verbosity). E.g., the first example above consists of the
11 In fact there are 3 “species” of OWL: OWL Lite, OWL DL and OWL full, only

the first two of which have DL based semantics. The semantics of OWL full is
given by an extension to RDF model theory [51].

12 In fact, there are a few additional constructors provided as “syntactic sugar”, but
all are trivially reducible to the ones described in Figure 1.
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triples 〈r1, owl : intersectionOf, r2〉, 〈r2, owl : first,Human〉, 〈r2, rdfs : type,Class〉,
〈r2, owl : rest, r3〉, etc., where ri is an anonymous resource, Human stands for
a URI naming the resource “Human”, and owl : intersectionOf, owl : first,
owl : rest and rdfs : type stand for URIs naming the properties in question.

Constructor DL Syntax Example

intersectionOf C1 u . . . u Cn Human uMale
unionOf C1 t . . . t Cn Doctor t Lawyer
complementOf ¬C ¬Male
oneOf {x1} t . . . t {xn} {john} t {mary}
allValuesFrom ∀P.C ∀hasChild.Doctor
someValuesFrom ∃r.C ∃hasChild.Lawyer
hasValue ∃r.{x} ∃citizenOf.{USA}
minCardinality (> n r) (> 2 hasChild)
maxCardinality (6 n r) (6 1 hasChild)
inverseOf r− hasChild−

Fig. 1. OWL constructors

As already mentioned, an OWL ontology consists of a set of axioms. Fig-
ure 2 summarises the axioms supported by OWL. These axioms make it possi-
ble to assert subsumption or equivalence with respect to classes or properties,
the disjointness of classes, and the equivalence or non-equivalence of individ-
uals (resources). Moreover, OWL also allows properties of properties (i.e., DL
roles) to be asserted. In particular, it is possible to assert that a property is
transitive, functional, inverse functional or symmetric.

Axiom DL Syntax Example

subClassOf C1 v C2 Human v Animal u Biped
equivalentClass C1 ≡ C2 Man ≡ Human uMale
subPropertyOf P1 v P2 hasDaughter v hasChild
equivalentProperty P1 ≡ P2 cost ≡ price
disjointWith C1 v ¬C2 Male v ¬Female
sameAs {x1} ≡ {x2} {President Bush} ≡ {G W Bush}
differentFrom {x1} v ¬{x2} {john} v ¬{peter}
TransitiveProperty P ∈ R+ hasAncestor+ ∈ R+

FunctionalProperty > v (6 1 P ) > v (6 1 hasMother)
InverseFunctionalProperty > v (6 1 P−) > v (6 1 isMotherOf−)
SymmetricProperty P ≡ P− isSiblingOf ≡ isSiblingOf−

Fig. 2. OWL axioms

This shows that, except for individuals and datatypes, the constructors and
axioms of OWL can be translated into SHIQ. In fact, OWL is equivalent to



14 Franz Baader, Ian Horrocks, and Ulrike Sattler

the extension of SHIN (SHIQ with only the > concept being allowed in
qualified number restrictions) with nominals and a simple form of concrete
domains (this extension will be discussed in more detail in Section 5).

As discussed in Section 1, establishing a link between ontology languages
and DLs allows us to support ontology engineering by providing a range of
reasoning services. Such services can be implemented using various algorith-
mic techniques, including tableaux-based techniques (see Chapter 23) and
resolution-based techniques (see Chapter 24).

5 Extensions and variants of SHIQ

As mentioned above, the ontology language OWL extends SHIQ with nom-
inals and concrete datatypes. In this section, we discuss the consequences of
these extensions on the reasoning problems in SHIQ.

Concrete datatypes, as available in OWL, are a very restricted form of
concrete domains [7]. For example, using the concrete domain of all nonneg-
ative integers equipped with the < predicate, a (functional) role age relating
(abstract) individuals to their (concrete) age, and a (functional) subrole father
of hasParent, the following axiom states that children are younger than their
fathers:

Animal v (age < (father ◦ age)).

Extending expressive DLs with concrete domains may easily lead to undecid-
ability [8, 66]. In OWL, however, no datatype predicates are supported—only
XML schema datatypes (such as integer and string) and enumerations (such
as {1, 2, 5, 7}) can be used in descriptions. These restrictions are enough to
ensure that decidability is not compromised (in fact in [75], decidability of
SHIQ extended with a more general type of concrete domains is shown).

Concerning nominals, things become a bit more complicated. Firstly, we
believe that we can use the same (relativised axiomatization) technique as
used for SHIQ in [91] to translate SHIQ extended with nominals into a
fragment of C2, the two-variable fragment of first order logic with counting
quantifiers [46, 74]. Since this translation is polynomial, satisfiability and sub-
sumption are decidable in NExpTime. This is optimal since the problem is
also NExpTime-hard [91]. Roughly speaking, the combination of GCIs (or
transitive roles and role hierarchies), inverse roles, and number restrictions
with nominals is responsible for this leap in complexity (from ExpTime for
SHIQ to NExpTime). Until recently, no “practicable” decision procedure for
SHIQ with nominals had been described, where by “practicable” we mean
a decision procedure that works in some “goal-directed” way, in contrast to
“blindly” guessing a model I of at most exponential size and then checking
whether I is indeed a model of the input. An extension of the tableaux algo-
rithm for SHIQ has, however, now been developed [57], has been successfully
implemented in the FaCT++ and Pellet systems, and seems to work well on
realistic ontologies [87].
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Finally, as mentioned above, it is quite straightforward to extend SHIQ, or
even SHOIQ, with complex role inclusion axioms. The resulting DL, SROIQ
[54], is the basis for a recent proposal to extend the OWL language, the ex-
tended language being called OWL 1.1.13 In addition to complex role inclusion
axioms, OWL 1.1 also supports qualified number restrictions, and more ex-
pressive datatypes than OWL.

6 Novel Reasoning Services

As argued in the introduction, standard DL reasoning services (such as satis-
fiability and subsumption algorithms) can be used in different phases of the
ontology life cycle. In the design phase, they can test whether concepts are
non-contradictory and can derive implied relations between concepts. How-
ever, for these services to be applied, one already needs a sufficiently developed
TBox. The result of reasoning can then be used to develop the TBox further.
Until now, however, DL systems provide no reasoning support for writing this
initial TBox. The development of so-called non-standard inferences in DLs
(like computing least common subsumers [32, 13, 63, 65], most specific con-
cepts [10, 64], rewriting [14], approximation [26], and matching [20, 12, 11, 3])
tries to overcome this deficit. In the following, we will sketch how these novel
inferences can support building a DL knowledge base.

Assume that the knowledge engineer wants to introduce the definition of
a new concept into the TBox. In many cases, she will not develop this new
definition from scratch, but rather try to re-use things that are already present
in some knowledge base (either the one she is currently building or a previous
one). In a chemical process engineering application [80, 70], we have observed
two ways in which this is realized in practise:

1. The knowledge engineer decides on the basic structure of the newly defined
concept, and then tries to find already defined concepts that have a similar
structure. These concepts can then be modified to obtain the new concept.

2. Instead of directly defining the new concept, the knowledge engineer first
gives examples of objects that belong to the concept to be defined, and
then tries to generalize these examples into a concept definition.

Both approaches can be supported by the non-standard inferences mentioned
above, though this kind of support is not yet provided by any of the existing
DL systems.

The first approach can be supported by matching concept patterns against
concept descriptions. A concept pattern is a concept description that may
contain variables that stand for descriptions. A matcher σ of a pattern D
onto the description C replaces the variables by concept descriptions such that
the resulting concept σ(D) is equivalent to C. For example, assume that the

13 http://www.w3.org/Submission/owl11-overview/
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knowledge engineer is looking for concepts concerned with individuals having
a son and a daughter sharing some characteristic. This can be expressed by
the pattern

∃hasChild.(Male uX) u ∃hasChild.(Female uX).

The substitution σ = {X 7→ Tall} shows that this pattern matches the de-
scription ∃hasChild.(Male u Tall) u ∃hasChild.(Female u Tall). Note, however,
that in some cases the existence of a matcher is not so obvious.

The second approach can be supported by algorithms that compute most
specific concepts and least common subsumers. Assume that the examples
are given as ABox individuals i1, . . . , ik. In a first step, these individuals are
generalized into concepts by respectively computing the most specific (w.r.t.
subsumption) concepts C1, . . . , Ck in the available DL that have these indi-
viduals as instances. In a second step, these concepts are generalized into one
concept by computing the least common subsumer of C1, . . . , Ck, i.e., the least
concept description (in the available DL) that subsumes C1, . . . , Ck. In this
context, rewriting of concepts comes into play since the concept descriptions
produced by the algorithms for computing least common subsumers may be
rather large (and thus not easy to comprehend and modify for the knowledge
engineer). Rewriting minimizes the size of these description without changing
their meaning by introducing names defined in the TBox.

Until now, the results on such non-standard inferences are restricted to DLs
that are considerably less expressive than SHIQ. For some of them, they only
make sense if used for inexpressive DLs. For example, in DLs that contain the
disjunction constructor, the least common subsumer of C1, . . . , Ck is simply
their disjunction, and computing this is of no help to the knowledge engineer.
What one would like to obtain as a result of the least common subsumer
computation are the structural similarities between the input concepts.

Thus, support by non-standard inferences can only be given if one uses
DLs of restricted expressive power. However, this also makes sense in the
context of ontology engineering. In fact, the users that will require the most
support are the naive ones, and it is reasonable to assume that they will not
use (or even be offered) the full expressive power of the underlying DL. This
two-level approach is already present in tools like Protégé [62] , which offer a
frame-like user interface. Using this simple interface, one gets only a fragment
of the expressive power of OWL. To use the full expressive power, one must
type in DL expressions.

Another way to overcome the gap between DLs of different expressive
power is to use the approximation inference [26]. Here, one tries to approxi-
mate a given concept description C in an expressive DL L1 by a description D
in a less expressive DL L2. When approximating from above, D should be the
least description in L2 subsuming C, and when approximating from below, D
should be the greatest description L2 subsumed by C.
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7 Conclusion

The emphasis in DL research on a formal, logic-based semantics and a thor-
ough investigation of the basic reasoning problems, together with the avail-
ability of highly optimized systems for very expressive DLs, makes this family
of knowledge representation formalisms an ideal starting point for defining
ontology languages. The reasoning services required to support the construc-
tion, integration, and evolution of high quality ontologies are provided by
state-of-the-art DL systems for very expressive languages.

To be used in practice, these languages will, however, also need DL-based
tools that further support knowledge acquisition (i.e., building ontologies),
maintenance (i.e., evolution of ontologies), and integration and inter-operation
of ontologies. First steps in this direction have already been taken. For exam-
ple, Protégé [62] and SWOOP [61] are tools that support the development of
OWL ontologies. On a more fundamental level, non-standard inferences that
support building and maintaining DL knowledge bases are now an important
topic of DL research. All these efforts aim at supporting users that are not
DL-experts in building and maintaining DL knowledge bases.

In this chapter we have concentrated on very expressive Description Logics
that are the formal basis for the web ontology language OWL. For the sake of
completeness, we mention here some recent result on inexpressive DLs that are
relevant in the context of ontology applications. Several bio-medical ontolo-
gies, such as SNOMED [89] and the Gene Ontology [33], are based on rather
inexpressive DLs, whose main distinguishing feature is that they disallow value
restrictions (∀r.C), but provide for existential restrictions (∃r.C). Recently, it
has turned out that such inexpressive DLs with existential restrictions behave
much better w.r.t. computational complexity than the corresponding DLs with
value restrictions. For example, the subsumption problem in EL, which allows
for conjunction, existential restrictions, and the top concept, stays polynomial
in the presence of (cyclic or acyclic) concept definitions [2] and even arbitrary
GCIs [25]. In [4] it is shown that these polynomiality results also hold for ex-
tensions of EL by constructors that are of interest for ontology applications,
such as the bottom concept (which allows disjointness statements to be formu-
lated), nominals, a restricted form of concrete domains, and a restricted form
of so-called role-value maps. A first implementation of the polynomial-time
subsumption algorithm for such an extension of EL behaves very well on very
large bio-medical ontologies [15].
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