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Concept Hierarchy Creation Using Hypemym Relationship
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Abstract

A concept hierarchy represents the knowledge with multi-level form, which is very useful to
categorize, store and retrieve the data. Traditionally, a concept hierarchy has been built
manually by domain experts. However, the manual construction of a concept hierarchy has
caused many problems such as enormous development and maintenance costs and human  errors
such as inconsistency. This paper proposes the automatic creation of concept hierarchies using
the predefined hypernym relation. To create the hierarchy automatically, we first eliminate the
ambiguity of the senses of data values, and construct the hierarchy by grouping and leveling of
the remaining senses. We use the WardNet explanations for multi-meaning word to eliminate
the ambiguity and wuse the WordNet hypemym relations to create multi-level hierarchy
structure.
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| . Introduction

A concept is the symbolic representation of data
or objects that occur in the business activities. By
virtue  of spread  database
can be more effectively manageable through various
datahase—driven  applications. current
database systems, managing restricted
to only raw data values and management itself is

wide systems,  concepts
However, in
concepts  is
querying, and joining. If a
intelligent interface can be developed to the
database systems, and thus

knowledge

also limited to storing,
more
current
understandable
data  values extracted from the
systems, the systems
more useful and valuable to the users [1, 2 3 4
5. In this regard a concept hierarchy becomes a good
candidate  interface, tree-structured
frameworks in  which concepts  represent
specific  data concepts
their leading to  the
semantic  relationships between raw data values of
the database and higher—level

more
together with the raw
database

become

can  be

current  application

represented by

lower-level
while

generalizations,

values higher—level

represent

concepts as a whole

[1, 2, 5l. Traditionally, a concept hierarchy has
been built manually by knowledge engineers or
domain experts. However, the manual construction

of a concept hierarchy has caused many problems

such as enormous  development and — maintenance
costs incurred by the involvement of large number
database  engineers and human emrars  such  as
inconsistency  and  subjectivity in the  concept
classifications [67].

For text data from the relational databases, there

exist at least two major difficulties in the automatic
disambiguation
concept hierarchy generation. As

generation of a concept hierarchy:
of concepts and
far disambiguation of concepts, unlike a numerical

value, a word, used as the nominal data in a relational

database, has several senses (ie,  meanings)
according to the context, which causes a word-
sense ambiguity problem. For example, a table has

two senses: a piece of fumittre and a tabular
array. Also, concept hierarchy generation requires
some  external  information  sources  because a

database does not contain abstraction and generation

concepts as well as the relations among concepts.

Therefore,  without  such  external  sources, the
automatic  generation of a concept hierarchy s
almost impossible.

There have been studies focusing on  the

automatic generation of a concept hierarchy for the
numerical  data  from the database [1, 8 9]
However, about  the
automatic generation of a concept hierarchy for the
nominal data from the database because of the
aforementioned There are three kinds of
automatic  generation of a
nominal data  including
conceptual  abstraction  hierarchy,  attribute-oriented
induction (AOD, and neural network (NN).

The  conceptual
L, 2 5 9
database,
relations,

relatively  little is  known

Teasons.
approaches on  the

concept  hierarchy  for

abstraction  hierarchy  approach
attribute

values,

represents values of a
attribute

m a tree fom and it uses the tree to

including tuples, and
ardinary
query deoes not produce exact answers from the
underlying database. Huh and Lee [5] suggest the
a knowledge
on a relational data model, and
query  answering
generalization — and

retrieve  approximate  answers  when  an

construction  of abstraction  hierarchy
(KAH)

cooperative

explore
query
process i the

using  the
specialization
KAH. However, there have been no attempts at
the automatic generation of the KAH.

The AQI a data
method which can extract hidden pattens from a
relational  database  using

represents  them as  generalized

approach  [3, 4lis reduction

concept  hierarchies, and

concise rules or

patterns. ‘The limitation of the AOI approaches lie
in their focus only on the numeric value of
attributes;  they  rarely  mention the  automatic

generation of the concept Thierarchy for nominal

data, let alone the word-sense ambiguity problem.

The neural network approach, particularly the



(SOM) [10, 11, 121 is wused
similarities between  documents,
two-dimensional
is analogous to a map. But the
to analyze the
the map form

self-organizing map
far determining the
and presents its relation as a
topography  that
focus of the SOM  approach is
documents and visualize them as
Therefore, the SOM approach can not be directly
applied in generating a
database in which only individual data words exist.

WardNet 13, 14]
reference
maintained by the
Princeton  University

concept hierarchy of a

is an on-line English lexical
been developed and
Cognitive  Science Laboratory — at
in the 1990s. As an ordinary
‘WordNet lists alphabetically
concepts or names important to a particular subject
along with their
Additionally, as thesaurus
network, it has a
showing semantic
Specifically,  WordNet
called hypermym.  For
fumiture is the hypemym of table, which becomes
a superordinate and  subordinate This
feature can mitigate the effort to draw higher level
concepts i a hierarchy,

system  that has

online dictionary,

meanings.
with

rich array of

discussion of

a machine-readable
a semarntic
structures

words.

relations among

heavily  utilizes an
is-a  relation example,
relation.

and it presents a potential
basis to build a concept hierarchy.

This  paper focuses on  automatic  hierarchy
construction  for nominal data in  an underlying
database using Wordnet. The existing approaches

faor the automatic generation of a concept hierarchy
for nominal data just shows the clustering results

as a tree fom and does not contain the semantic

relation  among  groups. Unlike  the  existing
approaches, we extend the automatic generation of
concept  hierarchies to nominal data using two

prominent  features of  WordNet, definitions  and
hypermyms, by disambiguating senses of a word
and combining a oneline Thierarchy of carrect

senses. We specifically propose this framework to
in  automatic
disambiguation

of concepts and concept hierarchy generation with

solve the two problems that occur

generation of a concept hierarchy,

WordNet. This  study has  important
the database designers who need to buld and

implications ~ for

maintain  concept  hierarchies because it allows the
database designers to build and maintain
hierarchies at a low cost in the situation of

continuous  inflows of information, and to minimize

human intervention for adjustment.

Il. The formalism of the concept
hierarchy and WordNet

This section first provides the formal definition
and properties
delineates  the
building a hierarchy.

of a concept hierarchy. Second it

major features of WordNet for

21 The formal definition and properties of the
concept hierarchy

A concept hierarchy, H, can be defined by a set

of concepts (e, words or data values in records),

S, constitutng  a

precedence relation K on the set S. The precedence

concept  hierarchy and a
relation between any two concepts implies that the
two can be compared in terms of generalization or
and thus he
abstract  value and

classified into an
On the other
hand, not all pairs of concepts can be ordered as
abstract and only vpartial sets of
paired concepts can be ordered In such capacity, a
natural scheme to define A with S and Ruses a
partially ordered set.

specialization

specific  value.

specific  values;

An alternative scheme uses a quasi ordered set
that removes the equality relation as a special
partially —ordered set. More precisely, a concept

hierarchy H with S and B can be defined by a
quasi ordered set that satisfies the following three
properties: (1) we have aZ a for any a€ A (ir—reflexive),
@) if a<b, and b=<c, then a=<c and (fransitive), and
(3 if a=b and a=<c, then b<cV ¢ <b (disjoint).

Here we sound

notice two features of a
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non——circularity and  comparability.  First,
to be avoided when
making a hierarchy. Second, every concept in the
set has to be comparable to a certain different

concept so that all the concepts are to be partially

hierarchy:

closed loop relations are

ordered. More precisely, if two distinct concepts in

a partially ordered set, A and B, can be compared
from the viewpoint of generalization as either A<DB or B

<A, they are said to be comparable. That is to say that
if two are comparable, one is to precede the other, and
thus, one is to be an abstract value of the other.
However, in the presence of multi-level abstraction,
comparison of concepts by a human expert may not
guarantee identical comparison.

since it
readable,
set-theary base, and

advantageous
machine

The concept hierarchy is
understand,
self-constructive  due to its

is simple  to

thus is automatically constructible.

2.2 The features of WordNet

WordNet was developed to provide
dictionaries not merely in an alphabetical order but

conceptual ~ way

an on-line

n a more showing  semantic

such as
part—of
features of both a

thesaurus

relationships  among  words  and  concepts

meanings,  subsumption  relations,
relations.  WordNet
traditional  dictionary and a

semantic network concept.

similar
combines

with a

Overview of noun hazard
The noun hazard has 3 senses (first 2 from tagged texts)

Hazard noun, verb

* noun (to sb/sth) a thing that can be
dangerous or cause damage: a firc/safety

Pt 1. (3) hazard, jeopardy, peri, risk -- (a source of danger; a

possibility of incurring loss or misfortune; "drinking
alcohol is a health hazard")

2. (1) luck, fortune, chance, hazard -- (an unknown and
unpredictable phenomenon that causes an event to result
one way rather than another; "bad luck caused his
downfall"; "we ran into cach other by pure chance")

3. hazard - (an obstacle on a golf coursc)

* verb 1. to make a suggestion or guess
which you know may be wrong 2. to risk
sth or put it in danger

(a) dictionary
Hazard n 1. syn see chance 2
2. syn see danger

(b) thesaurus (c) WordNet

Fig. 1. Comparison ¢f the definition of hazard.
2! 1. hazard®| He| H|w

Fig. 1 shows comparison of the definition of hazard
definition in a dictionary, thesaurus, and WordNet. A word
in WordNet is separated into senses that have the

synonym sets with similar meanings and explanations. In

this respect, WordNet is more similar to a thesaurus than
a dictionary.

However, unlike WordNet  provides
additional semantic network structure with four prominent
Hyponym/Hypernym  and ~ Meronym/
Holynym. Specifically, the Hyponym/ Hypernym relation is

a thesaurus,

word  relations:
also called subordination/ superordination, subset/superset,
or is—a relation. For example, table is the hyponym of
furniture, while furniture is the hypemym of table, which
becomes a totally ordered relation.

Fig. 2 provides a partial output of the synonyms and
hypemyms of the noun, Java in WordNet, which shows
three different senses, island, coffee, and programming
language. In each sense, Java has the definition (ie., word
form) and explanation for the corresponding synonym set,
and its hypernym.

Sense 1

th, ground, solid ground, terra firma
cal object

Sense 2
coffee, j;

ava -- a beverage consisting of an infusion of ground coffee beans
everage, drink, drinkable, potable
> food, nutrient
=> substance, matter
=> entity
=> liquid
=>fluid
=> substance, matter
=> entity

Sense 3
Java - simple platform-independent object-oriented programming language
=> object-oriented programming language, object-oriented programing language
=> programming language, programing language
=> artificial language
=> language, linguistic communication
=> communication
=>social relation
=> relation
=> abstraction

Fig. 2. An exanple o the java hypermym
22 2 javad] Chist Af2jof o

A hypernym relationship provided in WordNet presents
a potential basis to build a concept hierarchy by making
the hypemym a component concept hierarchy, and it can
take the part of a larger concept hierarchy. If we collect
the hypernyms of all the data values (ie., concepts) of a
subject field and remove the ambiguity among senses, we
can construct a concept hierarchy subsuming all the
concepts in the subject field by unfolding the individual
hypemmyms. In the subsequent section, we provide the
details of the automatic generation of a concept hierarchy
out of the component concept hierarchies in Fig. 2.



lll. Automatic generation framework

In this section, we propose a framework that
leads to the automatic generation of a concept
hierarchy. The framework involves four steps as

shown in Fig. 3 As a first step, collecting the full
set of the word concepts requires the extraction of

words, used for the nominal data in a relational
database, from the database attributes. This step
identifies all the bottom-level nodes in  the
hierarchy. Such a task starts with users’ selection of
a table or a view from the target database, and
extraction of distinct data values from the subject
attributes.
Input:
(i) Table T,
(i) Attribute 4

v

Scan all the attribute values
and collect the full set of
word concept

v v

Remove the sense
ambiguity of word concepts

Construct a hierarchy using
hypemym relation

Adjusting the hierarchy to
the preference of users

Output:

Concept Hierarchy C

Fig. 3 Skeleton of the autorretic creation of a hierarchy.
023 74 ABC| XS A4 Jie

The second step is to remove sense ambiguity of
word concepts. If a word concept has only one sense
in the context, the concept hierarchy can hbe made
‘WordNet hypernyms.
a word has several

simply by overlapping

However, in general, senses
according to the domain context causing the sense
ambiguity problem.

For example, consider the computer skill attribute of a
personnel database that would have such word data
values as JAVA, PASCAL, BASIC, DBMS, etc. In terms
of WordNet, these words individually have multiple senses
that are not related to the computer at all as shown in

Table. 1. We propose a more widely—applicable approach.

Details of the approach will be explored further with a

vector space model in the subsequent section.

Table 1. A set of senses and their associated domain

contexts.
Eolg 1. OE 2n| &g 3 2 ojnje} odzi=l =HRl

Concepts Domain Contexts Senses
an islnd java 0

Java e beverage java_l
a programming language java 2
unit of measure pascal_0

Pascal a mathematician pascal_1
a programming language pascal_2

Bosic a programming language basic 0
2 necessary commodity basic_1

DBMS e software syster dems 0

In the third step, once the sense ambiguity of a ward
concept is removed by excluding the unrelated WordNet
senses and thus a set of related senses having an
identical context are elicited, a concept hierarchy can be
constructed from the hypernyms of those individual
senses. Assuming only the computer related senses are
elicited, the JAVA, PASCAL and BASIC concepts will
have identical abstract concepts from the programming
language domain while the JAVA, PASCAL, BASIC and
DBMS concepts share identical abstract concepts from the
communication domain. Thus, if all the hypemyms are
collected under a valid set of senses, a concept hierarchy
of the attribute can be constructed by overlapping those

hypermyms.

Lastly, the resultant hierarchy  obtained by
overlapping the hypemyms is still premature for use
as a complete sound concept hierarchy.  The
hierarchy could contain non-value adding
intermediate nodes like a simple chain type of

hierarchy. Or, the result may not be a hierarchy but
if  hypernyms
used for overdapping do not contain any common

a collection of separated hierarchies
part because they do not share any superordinate
concept. This may happen partly as a natural output
where no common component exists among  senses
and partly due to the emors caused by the human

inconsistency in  the process of creating and
maintainng  the  hypemyms  based on  human
subjective  judgement. In either case, the resultant



120 ®E AFHERES RIGEQ006. 1L)

needs to be adjusted by
non-value adding nodes or by manually connecting

hierarchy removing

superordinate concepts.

IV. Automatic generation of a concept
hierarchy
In this section, steps ranging from the second to

the fourth in the
detail.

framework are discussed in more

4.1 Excluding the unrelated senses with a similarity
measurement

In the presence of WardNet, because of the sense

ambiguity problem as seen in JAVA, PASCAL, and

BASIC of Tablel, it is necessary to discriminate the

meaning or sense of a concept to fit the domain

context  [13].  For

according to domain context,

effective  discrimination of  sense
a text categorization
method is utilized using a similarity measurement in
indexing for texts [15]. Among the text
categorization including  Latent
Indexing, the Baysian Probablistic model,
Vector Space Model (VSM),
VSM s adopted

representative  methodology  in

automatic
Semantic
and the
a method similar to

methods

specifically since it is the
text  categorization
and can be extended to a more complicated methods
like the Baysian model.

A concept usually has multiple senses that have
different meanings with one another.
these
heterogeneity among senses of a concept results in
VSM  analysis.

Meanwhile, if similar concepts share more words in

Consequently,
senses would share fewer words and such
lower similarity values in the
their definitions, we can use the number of shared
words as a basis to group similar concepts. This is
also to say that if a concept has few shared words
with a certain group of concepts, this concept can be
excluded from the group. When data values are
collected from a specific attribute of a database,

those values individually form the concepts and a

certain set of concepts would make a homogeneous

group by sharing similar words since the concepts

are from some domain context. For instance, the
concepts of programming skill, such as JAVA,
PASCAL, BASIC, and DBMS, might have high

probability  of
like language,
they have homogeneous
perspective  of attributes
if the senses of each concept should have mutually

containing programming related words
and so on. Namely,
from  the
in a database. Accordingly,

object, websites,

characteristics

exclusive words for its explanation, and similarity
values among all senses are measured based on the
VSV, these values
among senses of a concept for the
features.

among

cosine  coefficient  of are  zero
heterogeneous
However, they differ from zero value
concepts according to the
first, the

used for defining the senses of

senses of other

degree of similarity. Therefore, shared

words a concept
should be removed and thus each sense of a concept
contains mutually exclusive words for the definition.
After excluding shared words used for explaining
pared to get the
VSM model. This

similarity value matrix would show the degree of

a concept, all concepts are

similarity value by applying the

similarity between the senses. We include all senses
at least above zero similarity value because incorrect
senses of a concept are later adjusted by human
control.

The vector-space model is a standard way of
representing  texts through the words they comprise.
If we consider documents as concepts, and terms for
documents as words used for explaining a concept,
applied  to

the vector-space model can also be

disambiguate senses of a concept. Because words
which occur very frequently over concepts are
unlikely to discriminate sense  wards  sufficiently,

words that are used only for a few concepts should
Let the word frequency #i be
defined as the number of occurrence for explaining of

have more weights.

a concept. If the concept frequency dff is defined as
the number of concepts in a collection of N concepts

in which the ward occurs, the typical inverse concept
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(idh factor is
combined  word

log N/df. A
is the product
or weight, Wij of a

given by
importance  indicator
(tfidf) where the importance,
word 7j in the concept Di is defined as the word

frequency

frequency  multiplied by  the inverse  concept
frequency. That is,
N
W,=tf,  log —
v A} s W
Through the # * idf wvalues, the word-concept
matrix, which is the basis for the similarity

measirement of a pairs of concepts, can be made
The pairwise produces
N(N-1)/2 different pairs of similarity coefficients for
the concepts. The similarity between

comparison of a  matrix

concepts  is

have value zero should be removed because this
sense of the concept has no comnection with other
senses of concepts. For illustration, an example is
given in Table 2 that assumes the distinct records
of curriculum attribute have Pascal, Basic, Java,
and DBMS values.

In Table 3, we can exclude the senses, pascal 0,
basic 1, and java 0, java l because they do not
share with  other
zero CSV  valuee We can also exclude
pasaal I, because a mathematician pasaal I has no
hypernym dbms 0 should mnot he
excluded doms 0 have a single

dbms. Now that we have elicited the correct senses

any words concepts, and have

the sense

relation.  But

since sense  for

of the concepts, the next step is to build a concept

hierarchy  through WordNet  hypemyms  of  these
measured by the following cosine  coefficient concepts.
measure. That is,
Table 2. A word-oonoept matrix of a curriculum attribute.
ZN Xy, EOIE 2. 72123 S49| toiold zhl=
. = 1 1
sim(X,Y) = —=&L—___
ZN 2. N2 Senses/ 1
R i1 Vi s 2) 1623 | meter | Barneo Fermat Writing
Word
pascal 0 0 23 0 0 0
where x and y are vectors and N is the pascal 1 23 0 23 0
dimension  of the  vector space. The cosine — 0 0 0 0 0
coefficient has a value between 0 and 1. The more java 0 0 0 23 0 0
the concepts have overlapping words, the higher java 2 0 0 0 0 23
the cosine coefficient will be. If there are no
overlapping words between the concepts, the cosine dbms_0 0 0 0 0 0
coefficient is zero. After the pair wise concepts for
each sense are listed by descending order based on
the cosine coefficient value, the definitions which
Table 3 The ocsine value matrix of ooefficients between the senses of all conoepts.
EOIE 3 =E JHdel oo| AR|e| ZAKRI gt &
pascal_0 pascal_1 pascal_2 basic_0 basic_1 java_0 java_1 java 2. dbms_0
pascal_0 - 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
pascal_1 - 0.0000 0.0000 0.0000 0.0000 0.0000 0.0369 0.0000
pascal_2 - 0.0629 0.0000 0.0000 0.0000 0.05670 0.0000
basic_0 - 0.0000 0.0000 0.0000 0.0430 0.0000
basic_1 - 0.0000 0.0000 0.0000 0.0000
java_0 - 0.0000 0.0000 0.0000
java_1 - 0.0000 0.0000
java_2 - 0.0000
dbms_0 _
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42 Buiding the concept hierarchy through I
Language ) [ Wrmen
WordNet hypernm | commumcauon
Through the disambiguating process of senses of

a concept dealt with in the preceding section, some

incorrect  senses  of concepts can be excluded from

the set of concepts. Like in the previous section,
database records have no higher domain names so
it is necessary to get them from other sources.

Fortunately,
which have superordinate names having generalization

WordNet has the feature of hypermnyms

relationships  for concepts as well as subodinate names

having specialization relationships  for  concepts. In
addition, the semantic networks of WordNet are
constructed by linguistic experts manually, so the
semantic networks are  not  just mechanical
interpretations but  meaningful  explanations  of  concepts.
These features guarantee that the concepts used for
making a concept hierarchy are reliable  sources.

Through these features of WordNet, we can collect
the hypernyms of the remaining senses of concepts
elicited by the  disambiguating  process  from
WardNet.  After that, we overlap each hypamym o senses
shared

nares and generate a hierarchical semantic structure.

of concepts on the basis of superordinate

Fig. 4 shows the automatic generation of 4
concepts.  After excluding incorrect senses, 4  senses
remain  correct  senses  for  each  comcept.  Fach

remaining  sense has its own hypemym in  WordNet,
and we can generate the hierarchy shown in  Fig. 4

But as shown in Fig. 4 sense dbms 0 has no
connection with other senses in the lower level of the
hierarchy. This may happen partly due to natural output
where there are no common words, partly due to the
errors caused by human inconsistency involved in the
process of creating and maintaining hypemyms based on
human subjective judgment, and partly due to incorrect
mput data. In any case, adjustment is required of the
resultant hierarchy by
weaknesses. In the following section, we will discuss

humans to complement these

human control.

( Code

N Y T

Artificial language ) C Coding System)

Programming langu age)

Object oriented
programming language

‘ java_0 ‘ ‘ pascal 2 ‘ ‘ basic_0 ‘ ‘ dbms_0 ‘
l:| :Sense @ : Hypernym of the WordNet

Fig. 4. A concept higrarchy using  hypermyms.
21 4 AR olzst il HS

43 The adjustment of the

higrarchy

resultant  concept

in the generation
different

Perfection cannot be expected
of the concept
purposes of inappropriate hypernyms,
inherent erroneous  structure in WordNet, and the
shartage of domain knowledge. In spite of these
weaknesses in  the resultant concept Thierarchy, it
is  still  helpful for knowledge
because the hierarchy  will  still
and effort in the
concept hierarchy by

hierarchy  because  of

USErs,

domain experts

defective save time
complete  generation of the

small adjustments by humans.

The adjustment can be divided into two parts;
automatic  and  non-automatic  adjustable  regions.
The  automatic  adjustable  regions include  the

one-line path over two levels. This region can be

reduced into one commection. But if oneline
comection is useful to comprehend the structure of
an underlying database, it should not be removed
from the resultant hierarchy.

There are several parts that need to be adjusted
manually. First, the failed to disambiguate

correct sense, such as DBMS in Fig. 4, required to

SENses

human control that puts DBMS in the proper
location of the resultant hierarchy.  Otherwise,
domain knowledge experts can force the



A0l BAE o4 AdE A= AA 13

DBMS to he
generation  process of  the  concept
can make the hypemyms of these

In addition, the highest parts of
hierarchy may usually have

appropriate  sense  of included in the
automatic
hierarchy, or
senses  manually.
the  resultant

names that are too wide range such as abstraction,
entity, phenomenon, location because WordNet has
fixed the highest node names

Therefore, it is necessary for hierarchy designers to

node

at these hranches.

replace these names with the proper concepts or to
them. Lastly, the duplicated
and erroneous senses should be removed from the
resultant hierarchy.

prune node names

V. Experiment

We test the automatic generation of a concept
hierarchy using an academic background table of
the faculty of KAIST. The table contains the user
identification number,
employment,

attributes.  We
target  for

hierarchy.  For
friendly
generation of  the

starting and ending years of
nationality, specialty, and other
choose the specialty attribute as a
automatic

generation of a  concept

convenience of access and user
automatic

with C
programming language in the Interet environment.

As for the
specialty  attribute has 79 concepts from accounting
to zootechny which deals with the breeding and
taming of animals. since  WordNet  does
not define specific concepts like zootechny,
included in the

a concept hierarchy.

interface, we carry out the

concept  hierarchy

disambiguation  of  senses, the

However,
these
concepts  cannot  be automatic
Therefore, we
10 undefined
and elicit 142 senses for these concepts
Table 4). Among these
35 concepts have more than two senses
causing ambiguity problems, and the
senses is 108 senses. When we set the threshold at

zero  to

generation  of
obtain 69
concepts,
from  WordNet  (See

concepts,

concepts  after  excluding

number  of

elicit correct senses, a situation where

concepts are mnot comnected to the others, we are

able to

SENses.

discriminate  correctly 21 senses from 108
But, setting the threshold at zero is
extreme, and it does not consider the comection
numbers to other
has 24 connections,

concepts. For instance, hiology 0
biclogy 1 to 6, and hiology 2

to 1. Like this, one or two senses of a concept are

highly comnected to other senses, and generally
those senses are correct. When we set  the
threshold at the maximum connection  number,
about 70% of  the senses are correctly
discriminated. Thus, there is  the  trade—off
relationship between the threshold and the number

of correct senses.

Table 4. Summary on the specialty atiibute
E0IE 4 ME20} SMol| chst 29F

o
Tyoe conpepts # of senses
Concepts 0 B
undefined in WordNet
Concepts
defined in the WordNet » e
Ore sense conoepts 34 34
More than two senses concepts b 108

After eliciting the comrect senses, we get hypemyms
of these senses from WardNet. By overlapping each
hypemym we are able to make 6 hierarchies including
abstraction, act, entity,  group,
psychological feature because of topmost concepts  of
WordNet. Then, we combine 6 hierarchies into one
hierarchy. The results are shown in Fig. 5 But this
hierarchy is  incamplete  because 10
excluded, the higher
specialty domain, and it is necessary to adjust some
parts  Therefore, we manually add 10 concepts  into

phenomenon,  and

concepts  are
levels are meaningless far the

the resultant concept hierarchy, remove the higher
levels, and alter the positions of the concepts to the
proper places. Fortunately, these manual

adjustments  are compared to a
castction of cowept hierarchies as a whoe In addiion
the resultant hierarchy gives us an opportunity to
uderstand new aspects of the specialty dorein, and helps
us save tire in the generation of the concept hierarchy.

relatively  easy
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Fig. 5. The resutant hierarchy of the spedialty attribute at
a university.
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VI. Conclusions

propose  the  automatic
through  WordNet
for nominal data. For this, we first choose a target
database,
hierarchy is to be built, and get a set of concepts.

In this paper, we
generation of a concept hierarchy

select an attribute from which a concept

Second, we discriminate  senses of a  concept

considering  other concepts with  similarity — values

measured by VSM. Third, we generate the concept

hierarchy ~ through  hypemyms  of  concepts in
WordNet, an existing rich lexical resource, by
welding each hypernym to construct the concept
hierarchy. Lastly, we automatically adjust some
parts of the resultant concept hierarchy and other
parts of it with human control.

Initially, among the contributions, the following
two pomnts are worthy of attention. First, we
overcome the manual generation of a  concept

hierarchy which is an enormous and expensive cost
work. Second, we apply the vector space model to
discern senses of a concept and elicit the correct

senses of a concept by similarity values. We use
‘WordNet explanation of concepts, measure
similarity ~ values between the pairs of concepts,

and exclude the senses having zero similarity

value.
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