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Abstract

We propose an approach for semi-automated construc-
tion of ontologies from text whose core component is a Re-
lational Concept Analysis (RCA) framework which extends
Formal Concept Analysis (FCA), a lattice-theory paradigm
for discovering abstractions within objects × attributes ta-
bles, to the processing of several sorts of individuals de-
scribed both by own properties and inter-individual links.
As a pre-processing, text analysis is used to transform a
document collection into a set of data tables, or contexts,
and inter-context relations. RCA then turns these into a set
of concept lattices with inter-related concepts. A core on-
tology is derived from the lattices in a semi-automated man-
ner, by translating relevant lattice elements into ontological
concepts and relations, i.e., either taxonomic or transver-
sal ones. The ontology is further refined by abstracting new
transversal relations from the initially identified ones using
RCA. We discuss as well the results of an application of the
method to astronomy texts.

1. Introduction

Ontologies have become an important means for sharing,
reusing and reasoning about domain knowledge. An ontol-
ogy formally represents the knowledge about a domain in
terms of classes of entities, their features, relationships and
instances [16]. The construction of an ontology, typically
carried out by a human expert, is a time-consuming and an
error-prone task. Hence it has been targeted with a vari-

ety of semi-automated approaches whose bottom line is the
discovery of the ontology elements from descriptive docu-
ments about the domain. In this respect, techniques for the
construction of conceptual hierarchies have proved partic-
ularly suitable as they naturally output the backbone of an
ontology, i.e., the taxonomy of concepts.

Formal concept analysis (FCA) [9] is an approach for
abstracting conceptual hierarchies from sets of individuals
(e.g., celestial bodies) described by properties (e.g., located,
emitting, etc.) rooted in lattice-theory. FCA has been advo-
cated to support ontology construction [3, 17]. Indeed, a
major benefit of using FCA lays in the mathematical char-
acterization of its output conceptual hierarchy, the concept
lattice. It implies a number of valuable properties, e.g., the
FCA concepts being described both intensionally and exten-
tionally whereby extensions are maximal sets of individuals
matching the corresponding intensions, that eases the trans-
lation into a formal ontology.

Although concept lattices are easily translated into a set
of ontology concepts and their taxonomic relations, this is
not enough for general ontologies featuring non-taxonomic
(transversal, semantic) relations. The latter cannot be deter-
mined since core FCA does not cover relations in the data.
The need for concept analysis of richer data formats has mo-
tivated the design of the relational concept analysis (RCA)
framework [5]. Besides classical contexts, RCA enables the
abstraction from inter-individual links while admitting sev-
eral sorts of individuals. Thus, within an ontology construc-
tion process, it helps discovering transversal relations be-
tween concepts based on links between their respective in-
stances. To that end, RCA turns links into binary attributes



using quantifier-based selectors similar to role restriction in
description logics.

In this paper, we introduce a RCA-based approach for on-
tology construction that combines distinct, yet complemen-
tary, research in FCA and ontology learning. The approach
extracts a formal contexts from document corpus using lin-
guistic analysis and derives two is-a hierarchies, of onto-
logical concepts and of the associated transversal relations.
The paper starts with a motivating example that is based on
the actual experiments followed by a background on FCA
and a brief presentation of the RCA framework. The core of
our approach is then presented. We conclude with a sum-
mary of what was accomplished and the remaining open
issues.

2. Motivating example

One of the main purposes of astronomy is assigning
classes to the growing number of celestial bodies in at-
tempt to explain the behavior of the universe. Traditionally,
this classification task is performed manually according to
the body properties mentioned in the scientific publications.
The task consists in reading articles of various sources that
deal with a given celestial body and then find the appro-
priate class. At present, more than three million celestial
bodies are classified in this way and made available through
the SIMBAD database1, but work has to continue for clas-
sifying the billion remaining bodies. Moreover, experts are
not confident with the resulting classification as class defi-
nitions lack precision.

The spread of languages and frameworks for construct-
ing ontologies, in particular, within the Semantic Web ini-
tiative, has turned current trends in classification towards
the construction of ontology-shaped classifications. Here
we present a way to use RCA in the construction of a ce-
lestial bodies ontology. The target ontology is intended to
support answering competency questions whose goal could
be to classify bodies, retrieve their properties or simply rec-
ognize the most specific class that holds a given set of bod-
ies, e.g., ‘do celestial bodies M87 and PSRA belong to the
same class?’, ‘Which bodies can be observed with an Xray
telescope?’, etc. For illustration purposes, Table 1 provides
a comprehensive example drawn from our actual experi-
ments.

3. Formal concept analysis

FCA is a lattice theory-based data analysis paradigm.
The basic data format in FCA [9] is an objects × attributes
table called (formal) context. A context is a triplet K =

1http://simbad.u-strasbg.fr/simbad/sim-fid

One HR2 candidate was detected and regrouped in each of
the galaxies NGC 3507 and CygnusA. The XMM-Newton
X-ray telescope observed the bursting pulsar M87.

Table 1. Sample sentences of an abstract from the Astron-
omy and Astrophysics main Journal.

(O,A, I), where O is a set of individuals, called formal ob-
jects, A is a set of properties called formal attributes, and I
is an incidence relation representing pairs oIa which stand
for “object o has the attribute a”. For instance, Table 2 il-
lustrates a context derived from text documents (in a way
described in Sec.5.2). Here O is a set of celestial bodies
and A their properties.
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PSRA X X X
NGC3507 X X
Andromeda X X X
M87 X X X
HR2 X X
NGC2018 X X X
HR5223 X X X
SS433 X X X

Table 2. Binary context of celestial bodies.

Two derivation operators, both denoted ′ link objects
and attributes. Let X ⊆ O, Y ⊆ A: X ′ = {a ∈
A|∀o ∈ X, oIa}, Y ′ = {o ∈ O|∀a ∈ Y, oIa}. For ex-
ample, following the encoding of Table 2, {PSRA, M87}’
= {observed, located}. The compound operators ′′ are
closure operators over 2O and 2A respectively. A pairs
of ′-connected sets is called a formal concept. Formally,
c = (X, Y ) ∈ O × A is a concept of K iff X ′ = Y and
Y ′ = X (here X and Y are called the extent and the intent
of c, respectively). For instance, ({Andromeda, NGC3507},
{observed, grouped}) is a concept (see Figure 1). The set
CK of all concepts of the context K is partially ordered by
extent inclusion also called the specialization between con-
cepts. The structure L = 〈CK,≤K〉 is a complete lattice,
called the concept lattice. For instance, Table 2 illustrates a
formal context whereas Figure 1 presents the corresponding
concept lattice. A simplified (or reduced) labeling scheme is
often used where each object and each attribute appear only
once on the diagram as illustrated in Figure 1. The full ex-
tent of a concept is made up of all objects whose labels can
be reached along a descending path from the concept while
its full intent can be recovered in a dual way. For example,
the extent of the concept with the object label “NGC3507”
is {NGC3507, Andromeda}.



Figure 1. The concept lattice of context in Table 2.

As many practical applications manipulate richer data
formats, many-valued contexts have been introduced in
FCA. In such a context K = (O,A, V, J), an object o is
described by a set of attribute value pairs (a, v), meaning
that J is a ternary relation that binds the objects from O,
the attributes from A and the values from V . For instance,
context depicted in Table 3 represents three telescopes with
their main features such as the orbital period and the mass.

Telescopes
perigee orbitalPeriod mass

BeppoSAX 600 km 96 min 1400 kg
XMM-Newton 114000 km 48 hours 3800 kg
Chandra 26300 km 66 hours 1790 kg

Table 3. The ’many-valued’ context of telescopes.

The construction of a lattice for K requires a pre-
processing step, called conceptual scaling [9], that derives
a binary context out of K. Scaling turns a non-binary at-
tribute a into a set of binary ones using a scale context
Ka = (Va, Pa, Ja) where scale attributes Pa are abstrac-
tions of the values on V (a). For instance, the values of
the attribute perigee of the context in Table 3 could be
distributed on the ranges low and high, each of them ex-
pressed as a predicate (e.g., perigee ≤ 1000 km for low
one). Non-binary attributes orbitalPeriod and mass are
distributed on the ranges short or long, and heavy or
lightweight, respectively. Figure 2 illustrates the lattice
derived from many-valued context given in Table 3.

4. Relational concept analysis

Main concern of RCA is to infer relations between formal
concepts based on links among formal objects. For instance,

Figure 2. The lattice of the context of telescopes.

we would like to have an observation relation between the
concept c0 in Figure 1 representing celestial bodies HR5223
and SS433 and the concept c0 in Figure 2 representing the
telescope BeppoSAX as both bodies are observed by this
telescope. RCA comes up with formal concepts that are con-
nected in same way as ontological concepts are connected
by means of role restrictions involving logical quantifiers.
This allows the mapping of concept lattice into an ontology
to be done in a simple yet natural way. In RCA, the data are
organized within a structure called relational context family
(RCF).

Definition 1 A relational context family R is a pair
(K,R), where K = {Ki} is a set of formal contexts
Ki = (Oi, Ai, Ii), and R = {rk} is a set of binary rela-
tions rk ⊆ Oi×Oj , where Oi and Oj are the object sets of
Ki (domain) and Kj (range), respectively.
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Table 4. Sample relations encoding astronomy data.

For instance, the relations ’Observed with Xray’
(OWxray) and ’Observed with Infrared’ (OWinfared)
model observation links between telescopes and celestial
bodies (see Table 4). Both relations together with the con-
texts of celestial bodies ( Table 2) and of telescopes (Ta-
ble 3) form our sample RCF.



A dedicated scaling mechanism is used to translate links
into context attributes. To that end, relations are interpreted
as attributes whose values are object sets, hence the target
attributes are predicates describing these sets. The predi-
cates are themselves derived from the available conceptual
structures on the underlying context. Thus, for a given re-
lation seen as a function r : Oi → ℘(Oj), new attributes,
called relational, of the form r:c, are added to Ki, where
c is concept on Kj . An object o ∈ Oi owns an attribute
r:c depending on the relationship between its link set r(o)
and the extent of c, denoted Ext(c). It can be either in-
clusion, i.e., r(o) ⊆ X (called universal scaling schema),
or non-empty intersection, i.e., r(o) ∩X (called existential
scaling schema). In the following, only existential scaling
is considered. Formally:

Definition 2 Given a context Ki=(Oi, Ai, Ii), a relation r ⊆
Oi × Oj and the lattice Lj of context Kj , the image of
Ki for the existential scaling operator sc∃ is:
- sc∃(Ki) = (Oi, A

+
i , I+

i ), where:
- A+

i = Ai ∪ {r : c|c ∈ Lj},
- I+

i = Ii ∪ {(o, r : c)|o ∈ Oi, c ∈ Lj , r(o)∩Ext(c) 6= ∅}).

For example, assume celestial bodies are scaled
along OWxray regarding the lattice in Figure 2. As
OWxray(NGC2018)={Chandra} and the telescope
Chandra belongs to the extent of concepts c2, c4, c5

and c6, the celestial bodies context is extended by relational
attributes of the form r:ci, where i = {2, 4, 5, 6}. Ta-
ble 5 presents the scaling of both relations OWxray and
OWinfrared and their integration to the context of bodies
in the form of new relational attributes.
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HR5223 X X X
M87 X X X
SS433 X X X
NGC2018 X X X X

Table 5. Scaling of bodies context along its relations.
Bodies that are not affected by scaling are not mentioned.

The relational scaling is only one step in the global anal-
ysis process which, given an RCF, yields a set of lattices,
one per context, called relational lattice family (RLF). The
RLF is defined as the set of lattices whose concepts jointly
reflect all the shared attributes and links among objects of
the RCF. Its construction is an iterative process since a rela-
tional scaling step modifies contexts and thereby the corre-
sponding lattices which in turn may require a new scaling to
reflect the newly formed concepts and the link sharing they
provoke. Iterations stop whenever a fixed point is reached,

i.e., further scaling leaves the lattice set unchanged. In the
final lattices, a relational attribute is interpreted as an associ-
ation between two concepts, the one whose intent it belongs
to and the one it refers to explicitly. The analysis of the as-
tronomy RCF using RCA process yields the concept lattices
illustrated in Figure 2 and Figure 3. The final lattice of tele-
scopes coincides with the initial one as the corresponding
context is not the domain of any RCF relation. In contrast,
the final lattice of celestial bodies is different from the ini-
tial one due to the relational information inserted into the
scaled version of the context. Indeed, the formal objects are
assigned relational attributes that lead to additional attribute
sharing among objects and hence generate new concepts.
By factoring out the new attributes into concept intents, ob-
ject links are lifted up to the concept level, yielding relations
between concepts2.

Figure 3. The final lattice of celestial bodies.

Thus, in Figure 3, previously existing concepts can be
seen getting new attributes while completely new concepts
emerge. For example, the concept c6 represents the celestial
bodies M87 and NGC2018 which are recognized as binary
stars by the expert since they are observed, located and
collimating. In the final lattice it has been assigned the
relational attribute OWXray:c5 which basically means that
some binary stars are also observable by x-ray telescopes.
Furthermore, HR5223, SS433 and PSRA are grouped into
the extent of c0 in the initial lattice (see Figure 1). How-
ever, their respective links with telescope BeppoSAX being
revealed through scaling, HR5223 and SS433 form a new
concept c9 (see Figure 3) which represents the stars that are
observable with an infrared telescope such as BeppoSAX.

2Observe that for compactness reasons, only non-redundant relational
attributes are visualized in concept intents, i.e., the ones referring to the
most specific concepts.



5. Ontology construction

5.1. Overall process

We define a four-step RCA-based ontology construction
process. First, text analysis extracts terms representing rel-
evant entities and their properties as well as phrases repre-
senting inter-entity links from text documents. To that end,
linguistic analysis tools are applied [8, 6, 4]. The extracted
data are then encoded into a RCF where each sort of entity
(resp. type of link) is associated to a formal context (resp.
binary relation). Next, the input RCF is transformed into a
lattice family by a RCA process. Thereafter, a core ontology
is generated from the lattices of the family. Finally, po-
tentially useful abstractions of the transversal relations are
targeted with a new round of RCA, this time regarding con-
cepts and relations as first-class objects, i.e., as meta-data
individuals. Figure 4 depicts the workflow of the process.

Free text
Named
entities

recognition

Entity
properties
extraction

Inter-entity
links

extraction

Core
ontology

refactoring

Core
ontology
modeling

Concept
lattices

construction

Target ontology

Figure 4. Ontology building methodology using RCA.

5.2. Text analysis and RCF design

In the field of cognitive semantics, Langacker states that
a lexeme refers to a concept in the mind according to pre-
vious experiences with the entity or the relation associated
with this lexeme [11]. Consequently, nouns and verbs co-
occurence in texts coincide with concepts and semantic re-
lations. In the present study of astronomy paper abstracts
(see 2), we focus on verb phrases where verbs are predicates
(unary or binary) and entities constitute the respective argu-
ments. To reduce the volume of the acquired data, we define
name patterns for celestial bodies and restrict entity extrac-
tion to terms defined both in Thesaurus of Astronomy 3 and
in the patterns. For instance, Table 1 shows two sample
sentences. Terms HR2, NGC3507 and M87 are identified as
named entities of celestial body type whereas XMM-Newton
is identified as named entity of telescope type. Entity prop-
erties are extracted using the Standford shallow parser [6]

3http://msowww.anu.edu.au/library/thesaurus/

and assigned to the appropriate entities following the rules:
(i) if the entity S is the subject (in the active voice) of a verb
V, then the property ”has the capability to V” is assigned to
S; (ii) if the entity O is the object (in the active voice) of a
verb V, then the property of ”being V− able” is assigned to
O; (iii) if entity S is the subject (in the active voice) of a verb
V and O is its object, then the link (O,V− ed S) is stated.

In the example of Table 1, the extracted
properties are as follows: detectable(HR2),
regroupable(HR2), regroup (NGC3507)

and regroup(CygnusA). The Stanford shallow
parser could be used to extract links as well. How-
ever, sentences are generally too complex for the parser
to properly extract the main assertion of these sentences.
Thus, we have used GATE [4], a general architecture for
text engineering, to extract a subset of selected verbs and
their arguments.

GATE requires a pool of lexical-grammatical patterns to
assist the identification of known domain relations. For ex-
ample, in astronomy, the observation relation between ce-
lestial bodies and telescopes as illustrated by Table 6 can be
expressed through a set of regular expressions. GATE looks
up the corpus and annotates all bodies and telescopes that
match the expressions with tags ‘CelestialBody’ and ‘Tele-
scope’, respectively. Thus, the link observed by X-ray is es-
tablished between the celestial body M87 and the telescope
XMM-Newton from the second sentence in Table 1.

Observation ({Telescope} {Observationtype})?
({Token.string==”telescope”})’?{ Token.stem ==
observe} ({TypeObject})? ({CelestialBody}).

Table 6. GATE extraction rule for observation links.

In order to filter relevant lexical entries that may indi-
cate ontological concepts, the frequencies of the selected
terms within the corpus are computed. An additional filter-
ing aims at eliminating irrelevant terms by operating a word
sense disambiguation. Thus, to detect mutually similar
terms, measures are computed and reported to a domain ex-
pert for validation. The similarity measure we currently use
explores the atomic term distances within WORDNET. The
method, originally devised for the ontology alignment tool
OLA4, is an extension of the Wu and Palmer measure [20]
to compound terms of variable length. Thus, the total dis-
similarity between two compound terms combines the pair-
wise semantic distances within WORDNET of the pairs in
an optimal matching between the respective atomic term
sets (see [7] for details). For example, the terms active
spectroscopic binary and eccentric binary yield
a matching {(binary, binary), (eccentric, active)}
whose total dissimilarity is 0.614. The resulting frequent

4http://www.iro.umontreal.ca/∼owlola/



and disambiguated terms are first submitted to a domain ex-
pert for validation, and then compiled into a RCF together
with their links while following the mapping rules in Ta-
ble 7.

formal object subject, verb object
formal attribute intransitive verb and transitive verb

verifying the first two rules
inter-context relation transitive verb
inter-object link pair (subject, object).

Table 7. RCF elements v.s. syntactic constituents.

5.3. Core ontology modeling

From the viewpoint of domain conceptualization, an
ontology can be straightforwardly generated from a RLF.
However, there will probably be many irrelevant abstrac-
tions in the RLF due to the exhaustive nature of the lattice.
The problem can be addressed by a heuristic filtering proce-
dure whose output is validated by a domain expert. More-
over, to make ontology concepts intelligible, the expert as-
signs a name to each reflecting the underlying description.
For instance, celestial bodies that are observed, located,
emitting are known to be pulsing variable stars. Thus,
the underlying class, called PulsingVariableStar, is a sub-
class of YoungStar as illustrated in Figure 5. In our example,
the pulsing variable star individuals are grouped in concept
c9 in Figure 3). The c9 concept is linked to the telescope
concept c0 (comprising uniquely BeppoSAX) by the relation
OWinfrared.

In [10] we have defined a set of translation rules that
map RCA constructs to corresponding ontological compo-
nents. The target of the translation is a DL base KB =
(TBox, ABox), where the TBox hosts conceptual expres-
sions and the ABox the set of ground facts. For instance,
RCA elements such as local attributes, objects, inter-context
relations, concepts and specialization links are mapped into
primitive concepts, instances, primitive roles, defined con-
cepts and subsumption relations in the generated ontology,
respectively. Relational attributes are translated into DL role
expressions with universal or existential quantification, de-
pending on the scaling schema for inter-context relations.
Table 8 depicts some of the mapping from the lattices in
Figure 2 and Figure 3 into ontology elements in the DL lan-
guage FLE [1].

For example, c6 in Figure 3 whose intent is {observed,
located, collimating, OWxray:c5} translates into an
ontological concept labeled BinaryStar and defined as fol-
lows: Observed u Located u Collimating u ∃ OWxray
.XrayTelescope. An illustration of the core ontology listed

TBox primitive concepts & roles
Observed, Located, oWinfrared, oWxray, ShortOrbitalPe-
riod, Telescope, CelestialBody, ...

TBox defined concepts (concept, label, definition)
c4 Ind.Galaxy ObserveduGroupinguAccreting
c6 YoungStar Observed u Located u emitting
c9 PulsingVarStar Observed u Located u emitting

u∃oWinfrared.InfraredTelescope
... ... ...

TBox axioms
HLPTelescope v XrayTelescope, BinaryStar v Star, Ce-
lestialBody v Observed, YoungStar vStar, ...

ABox
BeppoSAX, Chandra, PSRA, NGC3507, Ob-
served(PSRA),OWxray(M87),YoungStar(HR5223),...

Table 8. Astronomy core ontology in DL formalismFLE .

in Table 8 is given in Figure 5 where all ontological con-
cepts are given labels.

Observe that concepts M87 and NGC2018 are connected
to concepts LightweightTelescope and HeavyTelescope, re-
spectively (see Figure 5). However, the first pair of concepts
are both sub-concepts of BinaryStar and the second one of
XrayTelescopes. Therefore, one would expect a transversal
relation to generalize OWxray observations between binary
stars and the x-ray telescopes. The final step of our process
targets this sort of abstractions (impossible to detect at the
previous step).

5.4. Core ontology refactoring

To motivate this step, observe that the core ontology
in Figure 5 states that binary stars and pulsing stars are ob-
served by x-ray and infrared telescopes, respectively. One
can further deduce a general observation relation between a
specific sort of stars and the telescope type that provides for
its observation. The search for such generalized transversal
relations can be automated by using the same RCA tech-
nique, but applying it differently so that shared specifica-
tions between abstractions are factored out. It is notewor-
thy that RCA has been successfully used to refactor UML
conceptual models [5]. Traditionally, the meta-model of
the conceptual model is used to guide the design of the
RCF. Thus, to encode the ontology obtained so far into a
new RCF that is prone to further abstraction, we rely on a
popular ontology metamodel. In ODM [14], which is an
ontology definition model for RDF(S)/OWL, an ontologi-
cal concept refers to an OWL class (owl:class). A class
may have restrictions (owl:restriction) referring to property
(rdf:property) whose domain may either be a primitive type
(datatype), e.g., string or double, or a complex (object)



oWinfrared

oWxray oWxray

oWxray

Figure 5. Part of the ontology classifying celestial bodies.

type, i.e., a class. A property domain is the class the prop-
erty is defined on whereas its range is the declared type of
its value. Figure 6 shows a UML class diagram represent-
ing a simplified view of the ontology meta-model in ODM.

MagicDraw UML, 1-1 /Volumes/Macintosh HD/Users/Rouanehm/Desktop/ontoloy-metamodel.mdzip Ontology-metamodel Jan 24, 2007 10:25:57 AM

OntologyElement

-name : String

DatatypeProperty

Property

-lower : Integer

-Upper : Integer

ObjectProperty

Classifier

Datatype

Concept

range

1

owns
0..*

range1

domain

1

range

1

Figure 6. UML class diagram representing a simplified
view of the ontology meta-model in ODM.

As to ODM, an ontology can be encoded into two
contexts, for ontology concepts and transversal relations,
respectively. Relations coming from the grammar, i.e.,
domain-independent, such as domain and range, connect
the contexts. In this way, abstractions can be discovered on
each context and then used on the other one, i.e., by scaling
upon the transversal relations, to trigger further abstraction

discoveries. Furthermore, the attribute name, defined in the
ODM metamodel, is assigned to both contexts. In the on-
tological concept set, where generality links already exist,
these are translated into the corresponding context so that
they can be preserved in the final ontology. Thus, each con-
cept is assigned not only its own name but also the names
of its subsuming concepts. Further formal attributes can be
added to the contexts, e.g., symmetric, transitive, etc., for
relations, enabling a better factorization of common fea-
tures. Such translations is even more attractive if the pre-
vious step is tuned to infer not only property definitions but
also property restrictions (cardinality, quantifier, etc.). For
instance, Figure 7 illustrates the RCF encoding the core on-
tology depicted in Figure 5.

Running RCA process produces a first lattice (Figure 8)
factorizing shared specifications among ontology concepts
and a second lattice (Figure 10) representing transversal re-
lation abstractions that can be turned into relation hierarchy.
Figure 10 suggests that relations oWxray and oWinfrared

can be abstracted by new relation, labeled observesWith,
whose domain is formal concept c4 (Star in Figure 8) and
range is formal concept c3 (Telescope in Figure 8). The
translation of the lattices in Figure 8 and Figure 10 follow-
ing the previously described mapping rules yields an ontol-
ogy that is partially depicted in Figure 9. Notice that oWxray
and oWinfrared have been abstracted by observesWith in
this new ontology.
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Figure 7. RCF encoding the core ontology of Figure 5.

6. Preliminary Experimental Results

In order to evaluate the proposed RCA framework for
ontology construction, we conducted a preliminary exper-
imental study using the public domain tools for text analy-
sis and an implementation of the RCA framework within the
GALICIA platform5.

The study used a corpus sample of 830 abstracts of pa-
pers6 taken from the astronomy journal A&A7. The text
analysis has yielded 67 extracts pertaining to observation,
e.g., ’XMM-Newton X-ray observatory performed a pointed
observation of the bursting pulsar GRO J1744-28’ and ’Us-
ing the IRAM 30m telescope we have observed a dense core
in the cirrus cloud MCLD 123.5+24.9’. The entity extrac-
tion process has identified 10 different telescopes and 60
different celestial bodies.

A prototype ontology was presented to astronomers who
were asked to evaluate the plausibility and interestingness
of the proposed classes of celestial bodies. A large group
of classes were found to correspond to known categories
of celestial bodies hence they brought little new knowledge
yet witnessed the robustness of our method. Another subset
of classes were assessed as implausible since correspond-
ing to meaningless combinations of attributes (due to shar-
ing of less significant features). Finally, a small residual
of classes seemed to be both plausible and surprising for
astronomers as they presented combinations of attributes
that although typical have not been focused on previously.
Moreover, whereas links to telescope classes provided valu-
able information about the observability of celestial bodies,

5http://www.iro.umontreal.ca/∼galicia
6provided by Strasbourg astronomical data center (CDS),

http://cdsweb.u-strasbg.fr/
7Astronomy and Astrophysics, 2002-2004

Figure 8. The final lattice of ontological concepts.

these do not seem to have generated meaningful classes on
their own. A possible reason for that is the limited num-
ber of telescopes that adversely impacts the number of pur-
poseful telescope classes. This outcome suggests a differ-
ent modeling of the relational structure of the astronomy
domain, by possibly including relations between celestial
bodies (neighborhood links, satellite links, etc.).

Recently, we have been applying the proposed approach
to further areas where the relational is more explicit and
rich such as biology/biochemistry and pharmacovigilence.
In the latter case, the goal is to classify patients, drugs and
adverse drug reactions according to their own features and
connections. As to the tool, a slightly more recent version
thereof implements pruning functions that discard spurious
concepts from the lattices. The underlying mechanism as-
sesses the relevance degree of each concept using criteria
such as the presence of key domain information in the cor-
responding intent, e.g., the wavelength of a telescope as op-
posed to its mass.

7. Related work

A comprehensive survey of state-of-the-art in ontology
learning from text was proposed by Buitlaar et al. in [2].
We focus here on approaches relying on FCA [3, 17, 13]
and those automatically deriving transversal relations from
texts [12, 19, 15, 18]. Cimiano et al. [3] propose to extract
terms referring to relevant domain concepts as individuals
and to explore syntactic dependencies between the verbs
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Figure 9. Hierarchy of transversal relations representing connections between celestial bodies and telescopes.

Figure 10. The final lattice of transversal relations.

and their grammatical arguments in deriving term proper-
ties. Both sets then form a formal context which yields a
concept hierarchy. Regarding this study, our RCA-centered
framework rely on similar text analysis techniques while
covering relations extraction. A different approach was pro-
posed by Stumme et al. [17] who explored ontology con-
struction by merging two existing ontologies provided with
a corpus of textual documents. NLP techniques are used
to capture the relationships between documents and con-
cepts from an ontology and organize them into a dedicated
context. The two contexts are then merged and a pruned
concept lattice is constructed which is further transformed
into a merged ontology by a human expert. In [13], Nanda
et al. introduced a FCA-based methodology for the design
of formal ontologies for product families. Terms describ-
ing the components in a product family along with the re-
quired properties are captured in a lexicon set and put into
context. A concept hierarchy is then derived from the con-
cept lattice and exported into OWL. Unlike our own ap-
proach, the entire process relies heavily on human involve-
ment while proposing no specific assistance for the extrac-
tion of transversal relations.

Existing approaches for transversal relation acquisi-
tion from text either rely on distributional properties of
words [12, 18], or apply extraction pattern [15]. In [12],
Maedche et al. present the TEXTTOONTO tool that ac-
quires non-taxonomic relations from text. The approach as-
sumes a concept taxonomy which is to be decorated with
transversal relations. Terms and linguistic dependency re-
lations between terms are extracted using a shallow text
processor. Terms are then attached to taxonomy concepts
and, based on term co-occurrence, associations between
pairs of taxonomy concepts are mined using a general-
ized association rule model. Finally, each strongly associ-
ated concept pair is interpreted as the endpoints of a new
transversal relation. Wang et al. [18] have investigated
support vector machines classification as an approach for
relation extraction from text. Various components of the
GATE infrastructure contribute to the derivation of classi-
fication features (e.g., syntactic parse tree, part-of-speech
tags, etc.) whereas background knowledge is fed into the
process in form of concept (entity) and relation type hier-
archies and WORDNET is used as additional semantic re-
source. Ruiz-Casado et al. [15] have presented a method
for completing WORDNET with new relationships extracted
from Wikipedia articles. To that end, they study Wikipedia
entry definitions and, on the one hand, match them with
synsets from WORDNET while on the other hand, record
occurrences of other Wikipedia entries in them. A set of
general patterns based on part-of-speech tags is extracted
while existing relations between entries within WORDNET
are used to assign each of them to a general semantic rela-
tion (hyperonymy, hyponymy, meronymy, etc.). Finally, the
patterns are used in inferring new relations between previ-
ously unrelated WORDNET synsets. Compared to concur-
rent methods, though using similar NLP tools, our approach
presents the important advantage of a systematic construc-
tion of both the hierarchy of concepts and of transversal re-
lations according to a single computational model, the RCA.



8. Discussion

The presented method for learning ontologies from tex-
tual documents relies on an extension of classical FCA to
integrate the processing of domain concepts and transversal
relations into a single step. In that it outperforms concur-
rent approaches that typically use FCA to merely construct
the concept hierarchies. We appraise that two factors could
jeopardize the success of the proposed approach an hence
need to be addressed in the near future. First, the ontology
derived directly from a concept lattices is usually large. We
hypothesize that the appropriate answer to that challenge is
a combination of automated pruning and refactoring to help
obtain focused ontology. Next, the RCA input data has a
strong impact on the quality of the resulting ontology. This
fact motivates the strengthening of text analysis components
in our approach by introducing alternate syntactic patterns
in the extraction of individuals and their properties.
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