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Abstract

Ontologies are a tool for Knowledge Representation that is now widely used, but the effort employed to build an ontology is still high.
There are a few automatic and semi-automatic methods for extending ontologies with domain-specific information, but they use different



Approach Method  Ontology Corpus

Grolier's Academic

Hearst (1992) Det. WordNet (Miller, 1995) American Encyclopedia
Kietz et al. (2000) Det. GermaNet corporate intranet
Alfonseca and Manandhar (2002) Det. WordNet The Lord of the Rings
(Tolkien, 1968)
Hastings (1994) Non-det. LINK ‘hierarchy  (Lytinen, newswire articles

1991)

KL-ONE Terminological
Hahn and Schnattinger (1998) Non-detkKnowledge Base (Woods I.T. magazines
and Schmolze, 1992)

Table 1: Comparison of different approaches for General Named Entity Identification

Hereon, we shall focus on the OR sub-step that consists 1. Unknown concepts that never appear in one of the ex-

in extending an ontology with new concepts, a task that Al- pected patters cannot be classified.
fonseca and Manandhar (2002) caltédneral Named En-
tity Identification We can distinguish two subtasks: 2. The high error rate implies that it is necessary that a

user validates the program output.
e Locating the relevant new terms. For example, one

can consider that the relevant terms for a domain are We recently described other deterministic algorithm
those that have a higher frequency in any text from thato extend an ontology with domain-specific concepts ex-
domain than in general-purpose texts. tracted from specific texts (Alfonseca and Manandhar,
2002). Our system performs a top-down search through
e Placing them into the ontology, for instance, by indi- the ontology, selecting at each step the specialisation whose
cating which are their maximally specific generalisa- context words are more similar to the context words of
tions, amongst the concepts that are already inside thgye new concepts. This algorithm has been applied to ex-
ontology. tend WordNet with concepts extracted frdine Lord of the

We have classified reported work in this field in two Rings(Tolkien, 1968).

. ] L N Non-deterministic systeman the other hand, provide a
main groups: deterministic and non-deterministic systems. : . !
o . set of likely candidate hypernyms amongst which there are
Deterministic systemare those that provide, for each
some that are correct.

unknown concept, one or several generalisations taken from on of h ; Camil built by Hasti
the ontology, all of which are supposedly correct. n ot such systems, Lamille, was bullt by Hastings
e)£_1994). In Camille, there are some concept ontologies for

One of these systems, described by Hearst (1998), nouns and verbs about the terrorist domain, and the verbs
tended the WordNet lexical ontology (Miller, 1995). Using . . ' i
are annotated with selectional preferences, e.g. the object

_the .standard terminology, when a qoncaps a general- of arsonis known to be @uilding, and the object okill is
isation of a conceph, we say that is a hypernym of knewn to be aranimate being

and thath is a hyponym ofa. The approach followed by -

Hearst consists in finding regular-expression patterns fror?n t:IfeWoen?;\(;e a:;l;nkgg;\ilgévﬁrd,;?:w#,ly} ZV(?[%CP? ncoeftﬁtesis
free texts.by looking at pairs of (hypernym, hyponym) that ace is theg\]/?/lhole gntology ?;p for)i/nslta.nc.newas ?(E)un q
co-occur in the same ;entence, and t_hen these patterns %eéing the direct object cﬁrsoﬁ wé would have evidence in
used to learn new relations for extending WordNet. For ex; vour of it being classified as a building, whilst at the same
ample, the sentence (1) can be used to find that the patte{ﬁne animated bein@nd all its s ecialisa’tions can be ruled
such NPs as {NP,}* NP usually states a hypernymy @ P

relation. However, he notes that these extracted relationgl“'t from the'hypoth.esus space. Finally, the.se.t of resulting
contain a large number of mistakes. hypotheses is provided as result. A very similar approach

was taken by Hahn and Schnattinger (1998). He used an

(1) ..works by such authors as Herrick, Goldsmith andontology about electronic devices, and the constraints were
Shakespeare... as well about verbal selectional restrictions.
The difference between non-deterministic and deter-
Kietz et al. (2000) applied similar hand-coded patternsministic systems is that the first provide the whole set of hy-

for extending GermaNet (a German equivalent of WordNet)potheses that could be valid, from the evidence given in the
with concepts from a corporate intranet, and quantified théext corpora, and do not try to guess which ones of these hy-
error rate in 32%. Therefore, there are two main drawbackpotheses are correct and which are incorrect. On the other
that have to be settled: hand, deterministic systems such as the one described by



u; = lice
g; = {parasiteanimal

c; = lice
entity h;; = {parasiteanimal
%\ h;» = {parasite*person}

location being, organism body of water hiz = {*location, *body of water

N

person parasite animalocean river

Figure 1: Example of taxonomy, an unknown relevant concgpits correct generalisatiorgs and the generalisations
proposed by three hypothetical algorithmsg.

Alfonseca and Manandhar (2002) sometimes have to do a  Ideally, the text collection need to be fixed so different
wild guessvhen the evidence from the texts is scant. algorithms can be compared objectively, but given the
Table 1 shows a summary of the related work, the on-  vastness of the Internet it is plausible that fixing the
tologies used and the corpora from which they have ex-  document bank may not be that essential, if search en-
tracted the new concepts. gines are used to find relevant documents on Internet.

3. Task description and settings 3.2. Testdata

Let us suppose that we have a set of domain_specific The ideal properties of the test data are the fOIIOWing:
documentsD, containing some unknown concepts and in-
stanceg/ = {uy, Uy, ..., U, }, and an ontology).

General Named Entity (GNE) Identificati@the task that
consists in finding, for every unknown concept or instance
u; found in a text, its maximally specific generalisations
{01, 92, -, Gn }- We have annotated two collections of texts to be used

As can be observed, the task is similar to the IE taskas test corpora: a portion of thtall Street Journal corpus
Named Entity Identificatignn which unknown words have from the Penn Treebank (Marcus et al., 1993), about the
to be classified as people, locations, organisations, or any @conomics domain, and HomefThe lliad a mythologi-

a set of pre-defined classes. GNE identification is a morea| text. Both are easily available for research purposes,
ambitious task, where the classes in which unknown wordgind the first one has the added value that it has been used
have to be classified are not specified beforehand; insteags benchmark corpus for many other tasks in Natural Lan-
these classes are organised as an ontology, and the classgfitrage Processing.

cation system has to be able to handle different ontologies

containing many possible kinds of information. 3.3. Evaluation metrics

To properly compare ontology learning algorithms, we | ot ys suppose that we have a set of unknown concepts
need to fix previously the training and test data, and a suitga¢ appear in the test set and are relevant for an specific do-
able evaluation metric. main: U = {uy, Uy, ..., u, }. A human annotator has spec-
ified, for each unknown concept;, its maximally specific
generalisations from the ontolog¥; = {91, --»9;.m, }-

Let's suppose that an algorithm decided that the un-
known concepts that are relevant are= {c;,co, ..., C;}.

« An existing ontology. We have chosen WordNet 1.7, _For eachc;, the algorithm has to provide a list of max-

because there is no consensus in the existing literaturdnally specific generalisations from the ontologyt; =

and WordNet is one of the most widely used. 1 hiz2' hi;l’i}' ) o
For illustration, let us consider the ontology in Fig-

e Atext collection that can be used either by automatic ure 1. Let us suppose that the wdiak, appearing in some
procedures or to test hand-crafted methods to train thdomain-specific texts, is relevant enough, and therefore a
system. For example, Hearst (1992) used as trainhuman annotator has labelled it@sand has decided that
ing data the texts where he looked for co-occurringits maximally specific generalisations are those in the set
pairs of hypernyms and hyponyms, in order to find theg;. Let us suppose that three different automatic classifiers
word patterns. In the approach taken by Alfonseca andhave also decided that it is a relevant concept, have anno-
Manandhar (2002), the training data is used to genertated it asc; and have chosen as generalisations the sets
ate, for every concept in the ontology, the set of con-h;1, h;2 andh;s, respectively. We need evaluation metrics
text words that can appear in its neighbourhood. Thos¢hat show that the first algorithm is better than the second,
sets of context words will be compared to the contextwhich is itself better than the third one.
of new concepts in order to decide how to classify and  The following metrics have been taken, with small mod-
introduce them into the ontology. ifications, from Hastings (1994).

o |t must be domain-specific.

e |t must contain concepts and instances not present in
WordNet, so they can be learnt.

3.1. Training data

The learning algorithms will most likely need two re-
sources:
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Figure 2:Learning accuracy in three different cases. (a) When the proposed concept is correct, but too general. (b) When the proposed
concept is incorrect. (c) When there are different ways to compute Learning Accuracy.

Accuracy calculates the percentage of the proposed hyshortest paths from the top of the hierarchg tos; andf;,
pernyms that are correct: respectively; andP; the distance between andf;, then

. the Learning Accuracy fou; is
size(Correct hypernyms)

Accuracy = 1)
2 il L if f; =c;
Parsimony is the percentage of concepts for which the LA; = %ﬁ if f;=s; (6)
set of correct generalisations is equal to the set of suggested % otherwise

generalisations:
The overall learning accuracy is the mean of the computed

(2) Vvalues:

LA= > LA, @)
Recall is a weaker measure than parsimony. It mea- ie{1...n} n
sures, from the relevant domain-specific concefafs the , .
percentage that were correctly identified as relevant ang Igure 2.(a) and (b) show the value of t,he learning accuracy
next correctly classified. We say that a concept was cor'! two different cases. If the output is correct, Learning

rectly classified if at least one of its hypernyms was found.ACCuraCy will have a vglue of 1. i
Because WordNet is not a tree, i.e. a synset can have

l{u; : u; = ¢; A 3g[Q;such thag [H, }| 3) more than one hypernym, it may be the case that there are
U] several ways to calculate Learning Accuracy, such as that

o in Figure 2 (c). We have redefined LA as the maximum of

Precisionmeasures, from the chosen concepts, the pery)| of them, which corresponds to the shortest path between

|{Ui tU; =Cj ANH; = g]}|
]

Parsimony =

Recall =

centage that were correctly classified in the ontology: s; andf,. Therefore, LA in the example displayed would
be 0.6.
.. Ci:Ci=U;ANG; =H; . .
P recision = ACALY C] 4 i 4) However, Learning Accuracy does not take into account

that the conceptual distance between a parent node and a
Production is the mean number of hypothesis gener-
ated for each unknown concept.

P roduction = ﬁ Z |H.| )]

While the first four metrics have to be as high as possi-
ble, production is more a descriptive metric. As the other
metrics approach 1, production will approach the mean
number of hypernyms that the human annotator chose for
each domain-specific conce% > 1G5

3.4. Distance-based evaluation metrics

When |H;| = |G| = 1, it is possible to calculate
how large is the distance, in the ontology, between the pro-
posed hypernym and the correct one, using the metric called
Learning Accuracy (Hahn and Schnattinger, 1998). Let us
suppose that the target answer for classifying the unknown
conceptu; is s;, and the system returns the concéptLet
us callc; the lowest concept that is a hypernym of beth
andf;. If we call CP;, SP; andFP; the lengths of the



entity Content for several possible outcomes of the classifier is

0 shown in Table 3.
location being, organism body of water 4. Testcorpora
1,83 0,45 1,61

As said before, the test corpora has been built from two
/\ /\ resources: a portion athe Wall Street JourngWSJ) sec-

person animal sea river tion in the Penn Treebank, afithe lliad These documents

1,‘14 1,61 3,22 2,53 have been pre-processed with the following tools:
womaniser ¢ A tokeniser and a sentence-splitter written with regu-
2,12 lar expressions, in flex.
Don‘Juan e The TnT part-of-speech tagger (Brants, 2000).
2,53

o A stemmer written in flex.

. ) , _ e Two chunkers written in Java, one for detecting base
Figure 3: Example of taxonomy in which each node is la-

s : Noun Phrases, and the other to detect complex verbs.
belled with its Information Content. Both use transformation lists (Ramshaw and Marcus,
Concept Freq. Acc. Freq. I.C. 1995).
entity 0 25 0 e A subject-verb and verb-object detector, written in
Ioc_at|on 4 4 1.83 Javaad hoc
being 3 16 0.45
water 2 5 1.61 Next, we automatically extracted all the common nouns
person 5 8 1.14 that were not in WordNet, together with all the sequences of
animal 5 5 1.61 proper nouns. We annotated all of them in the WSJ corpus
womaniser 1 3 2.12 with the expected hypernyms from WordNet; whileTihe
DonJuan 2 2 2.53 lliad we only marked the ones with a frequency higher or
sea 1 1 3.22 equal to 50.
river 2 2 2.53 These concepts were examined by hand, and classified

in some of the following classes:

Table 2: The concepts in the taxonomy, a hypothetical fre- o A known word with a spelling mistake.
quency for each concept, the results of adding up the fre-

quencies of a concept's children, and the Information Con- ® A previously unknown word. In this case, we identi-
tent for every concept.. fied the WordNet concepts that can be considered its
maximally specific generalisations of this word.

The aim is to maximis¢ CC; and to minimise botHCS; * A proper name already in WordNet. In this case, the
and ICF;. Therefore, an algorithm has to maximise the new concept was annotated with the WordNet synset
following function: id.

ICC, — ICS, — ICF; @) Figure 4 shows an sample sentence from the corpus, the

annotation that it was given and the proposed classification
of the unknown concepts and all the proper nouns in the

g; ICC; ICS; ICF; sentence.

animal 1.61 0 0 _

*womaniser 0.45 116 1.67 5. Conclusions and future work

*DonJuan 045 116  2.08 We have observed that there is strong disagreement
*location 0 1.61 1.83

about what is included in an Ontology Refinement task, and
how to evaluate it. Existing work use different training and
Table 3: Possible generalisations suggested by a classifiéEStb?ata’ ontﬁlogle; ?nd e(;/?lualtlog m(_agncs(.j Tr? afdtljlres_s this
and the values of the three metrics that take into account thf%ro em, \Q{e ave built and freely distributed the following
Information Content of each node in the ontology. ramework:

1. Aformal definition of theGeneral Named Entity Iden-
tificationtask consisting in extending an ontology with
new concepts learnt from domain-specific texts. This

task can be considered an important subproblem inside
OR.

For example, if we have the ontology in figure 3, and
the concepts appear in the ontology with the frequencies
shown in table 2, then the Information Content for each
concept is the one shown in the figure. Therefore, if we are
classifying the new concepite, which should be classified
underanimal the value of the metrics based on Information 2. Several standard metrics to evaluate it.



<sid="396">
<np det="none” person="3" number="singular” id="397” synsetld="n.wsj.00000033"
<w c="w" abbreviation="yes” pos="NNP” stem="Dr" id="398%Dr. </w>
<w c="w" pos="NNP” stem="Talcott” head="yes" id="399% Talcott</w>
<Inp>
<vbar time="past” tense="finite” id="400" subject="397" head="yes" args="+19947"
<w c="w" pos="VBD" stem="lead” lexhead="yes” head="yes" id="40¥led</w>
<Ivbar>
<np id="19947" conjunction="yes%
<np id="19945" conjunction="yes" head="yes”"
<np det="indefinite” person="3" number="singular” id="402" head="yes"
<w c="w" pos="DT" id="403" >a</w>
<w c="w" pos="NN" stem="team” head="yes" id="404%team</w>
<Inp>
<pp id="19939">
<w c="w" pos="IN" id="405" head="yes">of</w>
<np det="none” person="3" number="plural” id="406>
<w c="w" pos="NNS” stem="researcher” head="yes” id="40%tesearchers</w>
<Inp>
</pp>
<pp id="19941">
<w c="w" pos="IN" id="408" head="yes"”>from </w>
<np det="definite” person="3" number="singular” id="408"
<w c="w" pos="DT" id="410" >the</w>
<np id="22124" synsetld="n.wsj.00000124"
<w c="w" pos="NNP” stem="National” id="411">National </w>
<w c="w" pos="NNP"” stem="Cancer” id="412%Cancer</w>
<w c="w" pos="NNP” stem="Institute” head="yes” id="413% Institute </w>
<Inp>
<Inp>
<Ipp>
<w c="W" pos="CC” id="414">and</w>
<np det="definite” person="3" number="plural” id="415" head="yes"
<w c="W" pos="DT" id="416" >the</w>
<w c="w" pos="JJ" id="417">medical</w>
<w c="w" pos="NNS" stem="school” head="yes" id="418%schools</w>
<Inp>
<pp id="19943">
<w c="w" pos="IN"id="419" head="yes">of</w>
<np det="none” person="3" number="singular” id="420" synsetld="n.wsj.00000359"
<w c="w” pos="NNP” stem="Harvard” id="421*>Harvard </w>
<w c="w" pos="NNP” stem="University” head="yes" id="422% University </w>
<Inp>
</pp>
<Inp>
<w c="w" pos="CC” id="423">and</w>
<w c="w" pos="NNP” stem="Boston” id="425"-Boston</w>
<w c="w" pos="NNP” stem="University” head="yes” id="426%University </w>
<Inp>
<Inp>
<Is>

Synset id Words Hypernyms

n.wsj.00000033 James A. Talcott, Dr. Talcott man, researcher, oncologist
n.wsj.00000124 National Cancer Institute institute, hospital
n.wsj.00000369 Harvard University already in WordNet
n.wsj.00000382 Boston University university

Figure 4: Example of sentence annotated. All the processing was done automatically, and we only revised the co-reference
of the unknown concepts and annotated the proposed generalisations from WordNet. As can be seen, our automatic parser
sometimes fails when parsing conjunctions and when deciding PP-attachment. There are four concepts marked in this
sentence, and their annotation is provided in the table.
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