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ABSTRACT

We discuss a method to extract information from text fragi:ien
found with a search engine. We populate an ontology using-han
crafted domain-specific relation patterns and a classraise rules
to recognize instances of the classes. The algorithm usemth
stances for one class found in the Google excerpts to findrinss
of other classes. The work is illustrated by two case studiés
first involves the population of an ontology in the movie dama
The second is a search for famous people and the collectitheiof
biographical entries such as nationality and profession.

Categories and Subject Descriptors
H.3.1 [Content Analysis and Indexing: Linguistic Processing;
H.3.3 [Information Search and Retrieval]: Query formulation

General Terms
Information extraction, Search engines, World Wide Web

1. INTRODUCTION

Suppose we are interestedthre countries where Burger King can
be found the Dutch cities with a technical university perhapghe

way to Amarilla For such diverse information needs, the World
Wide Web in general and a search engine in particular cariggov

a solution. However, current search engines retrieve wgbganot

the information itseff. We have to search within the search results
in order to acquire the information. Moreover, we make iwipli
use of our knowledge (e.g. of the language and the domain), to
interpret the web pages.

In this paper, we present an algorithm that — given a domain of
interest — extracts, structures and combines informattutaioed
from an internet search engine.

The question-answering services of
http://ww. googl e. com and
http://ww. askj eeves. com do not provide answers

to these (simple) questions.
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The extracted information can, e.g. be used by recommernder s
tems to acquire additional metadata. This metadata canduktas
make meaningful recommendations for music or TV prograros. F
example, suppose a user has expressed a preference for TV pro
grams relating to Italy. The recommender system will be able
recognize regions as Tuscany and Veneto and cities as Madado
Florence using extracted information. Occurrences of serchs in

a program guide will mark a program as relevant. Likewiséhef
user has expressed a preference for TV programs relatingao p
tography the system will be able to recognize the names abdam
photographers as Cartier-Bresson and Moholy-Nagy.

This paper is organized as follows. After defining the probknd
discussing related work in the next parts of this sectionpresent
an algorithm to populate a given ontology in Section 2. ®&c8
handles a case study on populating a movie ontology. In @edti
we present work on finding famous people and their biograbhic
data. Finally, Section 5 handles the conclusions and futworé.

1.1 Problem definition

The semantic web community [2] is providing standards for ma
chine readable information on the web. The languages RDF(S)
and OWL are developed for this purpose by the World Wide Web
Consortium. Dedicated reasoners are created for ontology-based
guestion-answering services. As such, these reasonesablaréo
provide answers to information demands like the above,ngave
sufficiently populated ontology.

For our purposes we define an ontology as follows:

Definitions. Reference ontolog® is a 4-tuple C, I, P, T'), where

C = (co,ci1,...,cn-1), @an ordered set oV classes,
I = (I()7 Il, ey INfl),Witth,0§j<N,
the set of instances of clags € C,
P = (po,p1,...,pMm—-1), @ sSetofM binary relations
on the classes, with; : ¢;,0 X ¢i,1,
0 <i< M,andc;,0,c1 € C,and
T = (To, Th, ..., Tu—1), is a set of instances of

the relations inP, with T; = {(s,0) | p;(s,0)}
foreachj, 0 <j < M

ands € I; (an instance of; o)

ando € I; 1 (instance ok;,1).

A partial ontologyof O is defined a®)’ = (C, I', P, T"), where

2http://wBc. org/
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forall j,0 < j < N,
forall j,0 < j < M and
for somei, j, k. a
Popular search engines currently only give access to afligp®
sibly interesting webpages. A user can get an idea of retevah
the pages presented by analyzing the title and an excegemes.

number of queries, where we dynamically construct querigs w
the instances found.

KnowltAll is a hybrid named-entity extraction system [1Hat
finds lists of instances of some class from the web using alsear
engine. The focus is rather on the identification of instanae
classes than on populating instance-pairs of relationsdsat the

When a user has send an accurate query to the search engine, thy|asses. It combines hyponym patterns [14] and learneérpatt

actual information required by the user can already be auedan
the excerpt.

We are interested whether the data in the excerpts presbptad
search engine is sufficient to extract information. With thedi-
nitions presented above, we formulate the informationaetion
problem as an ontology population problem:

Problem. Given a partial ontologyO’, extendO’ to someO”
that maximizes the precision and/or recall using Googlemts
only. d

We defineprecisionand recall as measures of a class € C:
. NI’ NI’ .
precision(c;) = ‘ 7‘?,,‘1 ‘ andrecall(c;) = % . Similar mea-

sures can be formulated for relations

1.2 Related work

Information extraction and ontologies are two closelyteddields.
For reliable information extraction, we need backgrourfdrima-
tion, e.g. an ontology. On the other hand, we need informatic
traction to generate broad and highly usable ontologiesovenview
on ontology construction and usage and ontology learniog fr
structured and unstructured sources can be found in [16, 6].

In the nineties, the Message Understanding Conferencesged

on the recognition of named entities (such as names of peesuh
organizations) in a text [7]. This work is mostly based oresul
on the syntax and context of such named entities. For example
two capitalized words preceded Inyr. will denote the name of a
male person. Research on named entity recognition is aedin
for example in [22]. Hearst [14] propagated another appticeof

the use of patterns, viz. to identify relations betweeranses.

The growth of the Web as well as the matureness of currenttsear
engines have given pattern-based research a new incarn&io
the one hand since the use of such simple techniques haspgmve
be successful a approach in information extraction fromdanor-
pora [10]. On the other hand since the use of patterns in egieri
to a search engine are a convenient method to access reti@ant
uments and identify phrases containing the required indion
[21].

In early work, Brin identifies the use of patterns in the disoy
of relations on the web [4]. He describes a website-depéerafen
proach to identify hypertext patterns that express sonatioel. For
each web site, such patterns are learned and explored tifydan
stances that are similarly related. In [1], the system desdrin
[4] is combined with a named-entity recognizer. This Sndwba
system also identifies instances with the use of the namtiy-en
recognizer.

In [19], a method is described to extract information frora teb.
Ravichandran identifies patterns that express some nelafitike
our approach, he uses patterns in queries to a search endind t
information. A difference is that Ravichandran performsastant

for instances of some class to identify and extract naméitie=n
Moreover, it uses adaptive wrapper algorithms [9] to extiafor-
mation from html markup such as tables.

Cimiano and Staab [8] use Google to identify relations betwe
concepts. Contrary to our method, they test a hypothedierat
than to extract new knowledge. For example, they test whétiee
phrasethe nile is a rivereturns enough Google hits to accept the
relationis a(Nile, river)

Automated part of speech tagging [3] is a useful techniquerim
extraction [12]. Here, terms are extracted with a predefiment-
of-speech structure, e.g. an adjective-noun combinatior{18],
methods are discussed to extract information from nataregjuage
texts with the use of both term identification and Hearsteguat.
The use of such techniques can be integrated in the infasmati
extraction algorithm proposed in this paper.

2. SOLUTION APPROACH

Information extraction from the web can be separated intodon-
cerns. On the one hand we need some method to index and/or re-
trieve relevant webpages. On the other hand we need te@miqu
process the retrieved web content.

We focus on the second concern and use a state-of-the-athsea
engine to retrieve relevant web data. We choose the cuyrpafl-
ular search engine Googlg] and base our work on the excerpts
returned by Google after submitting a query.

When using a search engine, we have to deal with the following
restrictions.

1. The current search engines return a maximum of 1,000 re-
sults per query.

2. We want to perform as few queries to a search engine as pos-
sible to limit the use of its services.

We therefore need accurate queries, for which we can expect t
search engine to return relevant excerpts.

For example, if we are interested in the fatherGiiristaan Huy-
gens we can simple queryChristiaan Huygeris However, the
excerpts to this query are less likely to contain the speifiar-
mation of interest Constantijn Huygens Moreover if these ex-
cerpts do contain this information, we need elaborate igcies to
identify both the instance and the relation.

We can also query the expressiowds the father of Christiaan
Huygen®. The excerpt results for this query are likely to con-
tain the information needed. Moreover, we only need teakesq

Shttp: // wwv. googl e. com



to identify the instance (i.eConstantijn Huygens The instance
pair of the relation we then get on a bargain.

We thus choose to use patterns expressing the relatiof8 as
part of the queries. When we combine a relation pattern with a
instance into a query, we expect the search engine to reglen r
vant excerpts. Moreover, using the relation pattern we caiaet
instance-pairs of the relation instantly from the excerpts

Our method assumes a partial ontola@y of an arbitrary knowl-
edge domain. Since we use an instance each time we querye;oog|
initially at least one of the set§ must be non-empty. We do not
consider this a disadvantage, since the creator of the agyas
expected to have some knowledge of the field.

In Section 2.1 we focus on the identification of relation gats.

Section 2.2 handles the identification of instances of asdiasnm

the excerpts. The process of combining instances and paitgo

queries is discussed in 2.3. We combine these strategieshat
ontology population algorithm as found in Section 2.4.

2.1 Identifying relation patterns

For relationpy,, defined on(cx,0, cx,1), in the partial ontology’,

we have to identify explicit natural language formulati@ighis
relation. We are thus interested in pattefnsof the form “[cx 0]

expression . 1]” 4, that express the relatiop, in natural lan-
guage. Such patterns have to meet two criteria:

(Precision.) Preferably, the phrase is unambiguous, i.e. the proba-
bility that the terms found do not belong to the intendedslasist

be small. For example, consider the relat@ace of birth(Person,
City). The pattern Persohwas born ir[ City] is not an unambigu-
ous representation of this relation, siné&efsoh was born incan
precede a date or the name of a country as well.

(Recall.) The pattern must frequently occur on the Web. Rare pat-
terns are not likely to give much search results when qugrsirch

a pattern in combination with an instance.

Suitable formulations can be found by observing how instaraf
the related classes are connected in natural language fextex-
ample, if we are interested in populatipgays for(player, team)
we can identify this set of pattern®,1ays_for = { “[tean}-
player[playet”, ‘[ playet ([team)”, ‘[ playet signed for{tean}”,
“[ tean) substitutedplayet for [playef” } .

In this work, we select the relation patterns manually. Qurent
work however involves the automatic identification of effee pat-
terns [13], which are patterns that are likely to give useésults
when using them as queries.

2.2 Instance identification

A separate problem is the identification of terms in the tekn

advantage is that we know the place in the text by constnugtie.

either preceding or following the queried expression). gadivan-
tage is that each class requires a different technique tdifgets

instances. Especially terms with a less determined forsoat as
movie titles, are hard to identify. We therefore design gettion

functionsf; for each class.

For these functiong’;, we can adopt various techniques from the
fields of (statistical) natural language processing, imition re-

*We use thed;] notation to denote a variable instance of class

trieval and information extraction. A regular expressibattde-
scribes the instances of classcan be a part of the functiof.

The user may also think of the use of part of speech tagging [3]
We note that the HTML-markup can be of use as well, since terms
tend to be emphasized, or made ‘clickable’.

After extracting a term, we can perforncheckto find out whether
the extracted term is really an instance of the concerniagsclWe
perform this check with the use of Google. We google phrasas t
express the term-class relation. Again, these phrasesecanrb
structed semi-automatically. Hyponym patterns are catdglas
well for this purpose. A term is to be accepted as instancenwh
the number of hits of the queried phrase is at least a cetigést-
old.

When we use such a check function, we can allow ourselves-+o fo
mulate less strict recognition functiorfs. That is, false instances
that are accepted by, are still rejected as an instance by the use
of the check function.

2.3 Formulation of Google-queries

When we have chosen the sets of relatign we can use these
to create Google queries. For eachy'])] expression §x,1]” pat-
tern, we can formulate two Google queries:;'[] expression” and
“expression §,1]". For example, with the relatiowas born irand
instancesAmsterdamand Spinoza we can formulate the queries
“Spinoza was born irand “was born in Amsterdaim

This technique thus allows us to formulate queries withanses
that have been found in results of prior queries.

2.4 Sketch of algorithm

Per relation, we maintain a list of instances that alreadse teeen
used in a query in combination with the patterns expresding t
relation. Initially, these lists are thus empty.

The following steps of the algorithm are performed untiheit
some stop criterion is reached, or until new instances astdrige-
pairs no longer can be found.

- Step 1: Select a relatioms on ¢; x ¢;, and an instance
from either; or I; we have not yet used in a query.

- Step 2: Combine the patterns expressiRg with v and send
these queries to Google.

- Step 3: Extract instances from the excerpts using the in-
stance identification rules for the classwof

- Step 4: Add the newly found instances to the corresponding
instance set and add the instance-pairs found (thusvith
!
Tti.j)-
- Step 5: If there exists an instance that we can use to formu-
late new queries, then repeat the procedure.

Note that instances of classlearned using the algorithm applied
on relationp, on¢; X ¢; can be used as input for the algorithm
applied to some relatiop; onc¢; x cp, to populate the setg, and
T/ ..

(i,h)



3. POPULATING A MOVIE ONTOLOGY
For our first case study, we have constructed a small parital-o
ogy on the movie domain. It is defined as
Orovie = (- ( Director, Actor, Movie)
({ Steven Spielberg ,
Francis Ford Coppolg, 0,0) ,
(acts in(Movie,Actor)
director of(Movie,Director) ,
(0,0) ).

We thus only identify three classes, of which only the clBgs

rectorhas instances. Using our method, we want to find movies

directed by these directors. The movies found are used tcsfard
ring actors, where those actors are the basis of the searothfer
movies in which they played, etc. The process continues noti
new instances can be found.

Relation patterns. This small ontology contains two relatiores;ts

in and director of For these relations, we have manually selected

the sets of patterns:

Pacts.in = {"[ Movie] starring[Acton,[ Actol and[Actor]” } and
Pirectoror = {"[ Directol’s [Movie] ", “[ Movie], director:[Di-
rectof” }.

Instance identification. We identify a term as a/ovie title, if

it is placed in a text between quotation marks. Although thés
seem a severe restriction, in practice we can permit to lodse
mation contained in other formulations since each Googkygu
result gives much redundant information. So, if a movieetif
placed between quotation marks just once in the Googletsgsul
we are able to recognize it.

A person’s name (instances of the clasBésector and Actor) is
to be recognized as either two or three words each startitigavi
capital.

Another feature of the recognition function is the use dtlisith
tabu words. If a tabu word is contained in an expression, werig

it. We use a list of about 90 tabu words for the person names (co
taining words like ‘DVD’ and ‘Biography’). For the movie tds
we use a much shorter list, since movie titles can be much diere
verse. We have constructed the tabu word lists based on thatou
of a first run of the algorithm.

We checkeach of the extracted candidate instances with the use of

one of the following Google-queries: “The moviklvig”, “[ Ac-
tor] plays”, or “[Director] directed”. A candidate is accepted, if the
number of Google-results to the query exceeds a threshdigr A
some tests we choose 5 as a threshold value, since thisahddish
tered out not only false instances but most of the commoriisgel
errors in true instances as well.

Formulation of Google-queries. The relation patterns lead to the
following set of Google-queries{“[ Directo’s”, “[ Movie] star-
ring’, “[ Movie] directof , “ starring[Actor” }. We have analyzed
the first 100 excerpts returned by Google after querying tepat
in combination with an instance.

3.1 Results

We first ran the algorithm with the names of two (well-knownr) d
rectors as inputFrancis Ford Coppoland Steven SpielbergAf-
terwards, we experimented with larger sets of directorssandll
sets of beginning directors as input.

An interesting observation is that the outputs are independf

the input sets. That is, when we take a subset of the output of a
experiment as the input of another experiment, the outpetshe
same, modulo some small differences due to the changes in the
Google query results over time.

We have found 7,000 instances of the class Actor, 3,300 @dior
and 12,000 of Movie. The number of retrieved instances ases,
about 7%, when 500 query results are used instead of 100.

Precision. When we analyze the precision of the results, we use
the data from the Internet Movie Database (IMPa3 a reference.
An entry in our ontology is accepted as a correct one, if itlsan
found in IMDb. We have manually checked three sequences®f 10
instances (at the beginning, middle and end of the genefi¢g¢d

of each class. We estimate a precision of 78 %. Most miséiledsi
instances were misspellings or different formulationshef same
entity (e.g. “Leo DiCaprio” and “Leonardo DiCaprio”). Inehfu-
ture, we plan to add postprocessing to recognize these fléves.
can analyze the context (e.g. when 2 actors act in the sanué set
movies) and use approximate string matching techniguesatohm
these cases.

Likewise, we have also analyzed the precision of the relatiove
estimate the precision of the relation between movie anetctiir
around 85 %, and between movie and actor around 90%.

Recall. The number of entries in IMDb exceeds our ontology
by far. Although our algorithm performs especially well ag r
cent productions, we are interested how well it performslassic
movies, actors and directors. First, we made lists of alldecay
Award winners (1927-2005) in a number of relevant categoeed
checked the recall (Table 1).

CATEGORY RECALL

Best Actor 96%
Best Actress 94%
Best Director  98%
Best Picture 87%

Table 1: Recall of Academy Award Winners

IMDb has a top 250 of best movies ever. The algorithm found
85% of them. We observe that results are strongly orientsdrtis
Hollywood productions. We also made a list of all winners'la# t
Cannes Film Festival, the ‘Palme d’Or’. Alas, our algoritiomy
found 26 of the 58 winning movies in this category.

4. EXTRACTING INFORMATION ON FA-
MOUS PEOPLE

The second case study aims at extracting a long list of fampers
sons and in addition extracting for each of them biograplndar-
mation such as nationality, period of life, and professidsing this
additional information, we can create sublists of e.g. L&htury
Dutch painters. The information extraction is carried outwo
phases. First a long list of famous persons is extracted saod
ondly, additional information on these persons is gathered

Shttp://ww. i mdb. com



4.1 Relation patterns and query formulation

It has been observed by e.g. [20] that a surface patterwa#fjang
Amadeus Mozarf'(is very successful to determine the year of birth
of in this case Mozart, as the open bracket will be often fedd

by the period of life of the person (in this case: 1756-179%k
decided to use this observation but in a different fashinstdad of
looking for the year of birth of a given person, we use yeagrint
vals that possibly relate to the lifetime of a person to fintdas
persons. More precisely, we issued all year intervajs “(y2)” as
queries to Google, witly; € [1000..1990], y2 — y1 € [15..110]
andy2 < 2005. In other words, we search for persons who were
born during the last millenium and who died at an age between
15 and 110. Note that, in this way, we will only find persong tha
already passed away.

4.2 Instance identification

For each of these issued queries, we scanned the at most 2000 e
cerpts that Google returned. In each of these excerpts, tee-de
mined the first occurence of the queried pair of numbers. &Sinc
Google ignores non-alphanumeric characters, the quea&dop
numbers may also occur @s, y» or asy:/y2. If the queried pair

of numbers is in the intended conteigy — y2), i.e. if they are
surrounded by brackets and seperated by a hyphen, then tHs wo
directly preceding this first occurrence are stored forrlatealy-
sis, to a maximum of six words. In this way, we obtain for each
queried pair of numbers up to 1000 short text fragments that p
tentially contain person names. In addition, for each ofsteeed
text fragments, we remove potential pre- and suffixes thahaty
cannot be part of a name. For example, we delete all words that
precede a full stop (except when preceded by a single cadgital
ter), a colon, or a semicolon. In addition, of words consgstdf
upper-case letters only we transform the upper-case interloase
letters, except for the first one (with some specific excegticon-
cerning ordinal numbers of kings, queens, etc., compositees
including hyphens or apostrophes, and Scottish and Iristesi
This results in a set of candidate names.

The checkphase consists of two filtering steps: one to filter out
non-person names and one to filter out multiple variants ofgles
person name. These steps are next discussed in more detail.

Not all text fragments we have found in the extraction phade w
be person names. Typically, historic periods, art stylesggaphic
names, etc. can also directly precede a time interval. Tables-
trates the difficulties in discriminating between persomasa and
other text fragments. We note thidfest Maeis an inversion of the
person nam&ae Westind thatNapoleon Hillrefers to a person as
well as to a geographic location in the state IdabsA).

PERSON NAME  NONPERSON NAMES

Art Blakey Art Deco
West Mae West Virginia
Amy Beach Miami Beach
HP Lovecraft HP Inkjet
Napoleon Hill ~ Napoleon Hill

Table 2: Some examples to illustrate the difficulties in disem-
inating between persons names and other text fragments.

To filter out non-person names, we first constructed fromadetdd

websites a long list of the most common first names (boy’s and
girl's names). If a text fragment starts with such a namen thés

is a strong indication that the text fragment is a person named-
dition, we constructed a long list of suspect words thatdsity do
not occur in person names, as follows. From the many excérgts
we gathered with the year interval queries we extracted ailtig;
counting how often they occur with a capital and without aitzgyp

If a word occurs most often without a capital, and it is not ecsal
word as ‘van’, ‘de’, or ‘la’, then it is added to the long list sus-
pect words. We next apply a rule-based approach using tietse |
of first names and suspect words to filter out text fragmerdas th
probably do not relate to person names.

In addition to filtering out non-person names, we also wafitter

out multiple occurrences of the same person name. These-occu
rences are caused by variations in spelling of names andsémo
the lifetimes. To this end, we carried out the following fiitey
steps.

1. Keeping only the last name/lifetime variants that occurimos
often For each last name/lifetime combination, we often find
different variants of first names preceding it. For example,
Bach (1685 - 1750)s preceded by, e.gJdohann Sebastian
JS andJohann SOf all these variants we only store the one
that is found most often, i.e., the variant that occurs most
often in the text fragments we found in the 1000 excerpts
that Google returned on quet§1685 - 1750)”

. Filtering out small variations in namelf two names have
exactly the same lifetime and the edit distance [17] between
these full names is less than a given threshold, then only the
variant that is found most often is kept. As threshold we use
an edit distance of two.

. Filtering out single errors in lifetimedf two names are com-
pletely identical but their lifetimes differ in only the yeaf
birth or the year of death, then only the variant that is found
most often is kept.

Experiments indicate that in this step we reduce the catelisist
of names by approximately 25%.

4.3 Ordering persons by fame

To order the persons by fame, we use Google page card) @s
our measure of fame. Now, the question is which query we shoul
issue to Google to determine tbecof a person. The query should
be neither too general nor too specific.

A single person is often identified in different ways, elghann Se-
bastian BachJS BachJOHANN SEBASTIAN BACHand Bach,
Johann Sebastiaadl refer to the same person. The last variant is
called aninversion The latter two variants can be transformed into
the first variant by substituting upper-case characterswgi-case
ones and by adjusting the order of first and last names. Coatpli
ing factors in the identification of inversions &g that a comma
between last name and first names is sometimes omitted:and
that many first names also occur as last names. An additional ¢
plication is that the first names sometimes vary per lang(ege
Charles vs. Karel). To achieve that we are less sensitivieetset
variants, we use the following query to determine drec

“[ last namg([ year of birtR - [ year of deat])”



For kings, queens, popes, etc., we use the Latin ordinal aua
last name. In this wayharles V (1500 - 1558)Carlos V (1500 -
1558) andKarel V (1500 - 1558are all covered by query (1500

- 1558)" Note that we assume the combination of last name and

lifetime to be specific enough to uniquely identify famoussopas.

4.4 Extracting additional information

The first phase, described above, resulted in a large listrobtis
persons that was ordered usipgcas measure of fame. For further
details on this list we refer to [15]. In the next phase, weanted
additional information, such as gender, nationality, ardgssions.
Also, we tried to retrieve related images and a few one-irteat
already give a brief impression of how the person gatheretefa
We extracted additional information for the top 10,000 @&f list of
famous persons that we obtained in the first phase. We neftybri
describe how we gathered this additional material.

To acquire additional information, we again issued quedésoogle
of the type ‘Albert Einstein wds i.e., we used the full name of a
person followed by the worevas where we restrict ourselves to
English language pages. From the excerpts that Googlensetue
extracted complete sentences that contain the query. Hiéoody

a fraction of a sentence was given in an excerpt, then thisidéra
was simply ignored. These sentences were next used tofidenti
specific words that indicate gender, nationality and pites.

Determining gender. We simply counted words that refer to the
male gender, namely the wortlg his, son of brother of father of
manandmen Likewise, we counted words that refer to the female
gender, namely the wordshe her, daughter aof sister of mother

of, woman andwomen We simply assigned the gender with the
highest count.

Determining nationality. We extracted for each country from the
CIA World Factbook website the country name (in conventiona
short form) and the corresponding adjective that indicatg®n-
ality, e.g. ‘Belgium’ and ‘Belgian’. In addition, for someoan-
tries we added a number of additional terms relating to prise
country, such as ‘Flemish’ for Belgium and ‘English’, ‘Stish’,
and ‘Welsh’ for the United Kingdom. To determine the natiitya
we count for each country the number of word occurrencesén th
set of sentences, and simply assign the nationality wittinitjeest
count. So far, we did not consider country names of counthias
do no longer exist, such as Prussia.

Determining professions. To determine in a similar fashion the
professions of a given person, we first have to constructt afis
potential professions. This list is generated as follows. Sférted
with a hand-made list of 40 professions, that we extendezhaeaii-
cally as follows. Using the nationalities and short list offessions
we constructed queries of the form

“[ nationality} [ professiohand”

such as e.g.Dutch astronomer ahdThese were issued to Google,
and the resulting excerpts were analysed for additiondkepsion
names. More precisely, if in a resulting excerpt the quersy siac-
ceeded by up to three words without a capital followed by adwor
with a capital, then these one to three words without a dapita
added to the list of potential professions. This resulted list of
approximately 2500 potential professions. This list ines qual-
ifications that are not professions in the strict sense kaituaed
to characterize persons, suchfiee thinker sex symbalandfemi-

nist Table 3 give the top-40 of the professions found, rankedby t
number of times that these professions were found in therptece

PROFESSIONS

philosopher 1275  designer 222
composer 804  scientist 215
mathematician 773  musician 213
poet 668  historian 210
physicist 501 inventor 208
writer 478  essayist 201
playwright 469  engineer 199
novelist 429  singer 198
sculptor 362  dramatist 186
author 352  theorist 175
critic 346 illustrator 171
astronomer 343  journalist 166
painter 329 statesman 138
politician 323 teacher 138
artist 286  mystic 133
architect 284  educator 132
director 270 theologian 127
conductor 267  physician 125
actor 261 printmaker 124
pianist 224  scholar 112

Table 3: The professions that were found most often.

As for gender and nationality, we now simply count how oftante
of these profession names occur in the sentences. Howestrai
of only selecting the one with the highest count, we here wahée
able to retain multiple professions. For that reason, wectehe
ones that have at least a countds - cinax, Wherecnax is the score
of the highest scoring profession, ordered by decreasingtco

4.5 Results

To give an impression of the results that we obtained in tagec
study, we present three tables. Table 4 gives the top of trepe
born in the period1880..1889], Table 5 gives the top of the persons
that has as their highest scoring profession either antipaimter,

and Table 6 gives the top of the persons that were identified as
Dutch.

Recall. To get an impression of the performance of our algorithm,
we estimate the recall by choosing a diverse set of six books ¢
taining short biographies of persons whom we would expefittb

in our list. For each of these books, we determined for theqres
that could potentially be found by our algorithm (i.e., thergons
who are born in the intended time period and have died). Gfethe
1049 persons, 1033 were present in our list, which is a fraatf
0.98. For further details on the chosen books we refer ta [Mg
observe that the recall is close to one, for each of the sik$fo00
even for a more specialized topic as 17th century Dutch peaint
Of the total 108 of these painters mentioned in one of the ®ook
106 were found. We note that of the 16 persons that did not ap-
pear in our list, there were 4 persons for which the booksctcoat
provide the lifetime.

For the recall of the additional information, we observe thathe
10,000 persons that we considered all were given a gend&s, 77
were given a nationality, and 95% were given one or more profe
sions.

Precision. All kinds of imperfections can still be observed in our
list of famous persons, such as remaining inversions, nggsarts



BORN IN [1880, 1889]

James Joyce (1882-1941) Ireland author

Bela Bartok (1881-1945) Hungary composer

Pablo Picasso (1881-1973) Spain artist

Anton Webern (1883-1945) Austria musician, composer
HL Mencken (1880-1956) United States author, journalist
Niels Bohr (1885-1962) Denmark scientist, physicist
Adolf Hitler (1889-1945) Germany leader

Amedeo Modigliani (1884-1920) Italy artist, painter
Agustin Barrios (1885-1944) Paraguay musician, composer
Le Corbusier (1887-1965) Switzerland architect

John Maynard Keynes (1883-1946)  United Kingdom  economist

Ludwig Wittgenstein (1889-1951) Austria philosopher

Igor Stravinsky (1882-1971) Russia composer

TS Eliot (1888-1965) United Kingdom  poet

Franz Kafka (1883-1924) Czech Republic author

Franklin D. Roosevelt (1882-1945)  United States president

Marc Chagall (1887-1985) Russia painter, artist
Martin Heidegger (1889-1976) Germany philosopher

Kahlil Gibran (1883-1931) Lebanon poet, philosopher,...
Heitor Villa-Lobos (1887-1959) Brazil composer

Table 4: The 20 persons born between 1880 and 1889 with the
highestcpc.

of a name, and errors in lifetimes, although each of thesarecc
relatively infrequently. We concentrate on estimating fitaetion
of names that do not relate to persons. The correspondicisfme
that is obtained by the algorithm has been estimated awell@/e
selected three decennia, namely 1220-1229, 1550-15598814 1
1889, and analyzed for each the candidate persons that a@re *
in this decennium. For the first two decennia we analyzeddhe c
plete list, for decennium 1880-1889 we analyzed only theX080
as well as the last 1000 names. This resulted in a precisiorddf
0.95, and 0.98, respectively. As the decennium of 1880-1889
sulted in considerably more names, we take a weighted av@fag
these results. This yields an estimated precision for tinepbete
list of 0.98 [15].

Regarding the precision of the additional information, wakethe
following observations. The algorithm will find at most ona-n
tionality. For persons that migrated during their livesthbses a
problem. Very often, sentences with the pattena$ born ifi oc-
cur so frequent that the country of birth determines theonatity
found, such as for Henri Michaux.

Regarding the professions found, we observe that the seardt
usually quite accurate, even if persons have performeds#ivaings
in life. For example, Leonardo da Vinci has been given thégsro
sions artist, scientist, and inventor, and Benjamin Friartkle pro-
fessions inventor, scientist, statesman, and author. ®6the pro-
fession are ambiguous words suchgaeral directorand judge
Such professions lead to less precise results. Aeg, queenand

ARTISTS/PAINTERS

Leonardo da Vinci (1452 - 1519) Italy artist, scientist,...
Pablo Picasso (1881 - 1973) Spain artist

Vincent van Gogh (1853 - 1890) Netherlands artist, painter
Claude Monet (1840 - 1926) France artist, painter,...
Pierre-Auguste Renoir (1841 - 1919) France painter

Paul Gauguin (1848 - 1903) France painter

Edgar Degas (1834 - 1917) France artist, painter,...
Paul Cezanne (1839 - 1906) France painter, artist
Salvador Dali (1904 - 1989) Spain artist

Henri Michaux (1899 - 1984) Belgium artist, poet
Gustav Klimt (1862 - 1918) Austria painter, artist
Peter Paul Rubens (1577 - 1640) Belgium artist, painter
Katsushika Hokusai (1760 - 1849) Japan painter
Amedeo Modigliani (1884 - 1920) Italy artist, painter

United Kingdom
United States

artist, painter
artist

JMW Turner (1775 - 1851)
James Mcneill Whistler (1834 - 1903)

Rene Magritte (1898 - 1967) Belgium artist, painter
Henri Matisse (1869 - 1954) France artist
Rembrandt van Rijn (1606 - 1669) Netherlands artist, painte
Edouard Manet (1832 - 1883) France artist, painter
Herm Albright (1876 - 1944) - artist, engraver,...
Marc Chagall (1887 - 1985) Russia painter, artist
Edvard Munch (1863 - 1944) Norway painter, artist
Wassily Kandinsky (1866 - 1944) Russia artist, painter
Francisco Goya (1746 - 1828) Spain artist, painter

Table 5: The 25 artists/painters with the highestcrc.

distributed in the top-2500. Of these 50 persons, we obdehat
gender, nationality and professions were all correct fop@&ons.
No errors in gender were detected in any of the 50 persons.
three persons the nationality was not found. All natioredifound
proved to be correct. For two persons, all given professioaie
wrong. For eight others, one or more given professions werar
rect, but usually the professions with the highest countevear-
rect. In the final paper, results of a more extensive analydii®e

provided

For

5. CONCLUSION AND FUTURE WORK

We have presented a framework algorithm for ontology pdmria
using Googled expressions. We combine patterns expressing
lations and an instance of a class into queries to genergleyhi
usable Google excerpts. From these excerpts we simultalyeou
extract instances of the classes and instance pairs ofldt®res.

The method is based on hand-crafted patterns which are-tailo
made for the classes and relations considered. Thesernsater
queried to Google, where the results are scanned for neanicess.
Instances found can be used within these patterns as weteso
algorithm can populate an ontology based on a few instamcas i
given partial ontology.

The results of the experiments are encouraging. We usedesimp

saintare often used in a metaphorical sense. Errors also occur duePatterns, recognition functions and checks that provecetsue-

to the mentioning of the parents’ professions. For exantpdigar
Degas was givemankeras his third profession, because he was
born to a banking family. Some persons remain difficult therab-
terize, however. Calamity Jane was given a long list of sifens:
actresshorsewomanprostitute musician entertainerdancerand
hunter As wife of Franklin Delano Roosevelt, Eleanor Roosevelt
is given the professiopresident

Biographical entries. To get a better impression of the quality of
the biographical entries, we manually checked 50 persaesie

cessful. When submitting accurate queries, the Googlerptece
provide enough data to populate an ontology with good recall
precision.

The current algorithms contain two hand-crafted elemehtscon-
struction of the patterns and the identification of the insés. In
current work, we are investigating methods to (semi-) aatem
these steps [13].
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