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Abstract

We present a method for building a named-entity list and nm&etearned named-entity classifier from a corpus of Dutshspaper text,

a rule-based named entity recognizer, and labeled seed lissi@aken from the internet. The seed names, labeledrathPERSON,
LOCATION, ORGANIZATION, or ADJECTIVAL name, are looked umia 83-million word corpus, and their immediate contexts are
stored as instances of their label. The latter 8-grams aé Ing a decision-tree learning algorithm that, after tragni(i) can produce
high-precision labeling of instances to be added to the Bstsdand (ii) more generally labels new, unseen namesaléhéd named-
entity types are labeled with a precision of 61% and a re¢&béo; aiming at optimizing precision, an overall precisiiB83% can be
obtained (a top precision of 88% on PERSON). On free textarhantity token labeling accuracy is 71%.

1. Introduction Finally, we state our conclusion and issues for further re-

The task of named entity (NE) classification consists ofS€ar¢h in Section 5.

mapping proper names to their semantic class. Commonly
used classes are PERSON, LOCATION and ORGANIZA- 2. Method

TION. NE classification is crucial for information extrac- As the class of a type can be inferred from the class(es)

tion,.but might also hbe ugeful "’}? a preprocessing ster? B its tokens, the basic module in our approach is a token

plarsmgf, orin ;earc englnehs (i users can sdpfaCIfy w Icr&Iassiﬁer. Itis realized by IGTree (Daelemans et al., 1997)

class of an ambiguous t'ype they are interested in). . a decision-tree learning algorithm that can handle syraboli
Conceptually, mapping can take place at two dn"ferentdata (cf. Section 2.5.).

Ier\(/)elz:r r:glr(r?g?nigdt tﬁ)sez cﬁ t.(t)i.(segl |saa2 :(fggr::egﬁ.eegfba Training material is created mostly automatically by us-
P [t) t and It h X .Id | u r'] IS alway | P Alt ¥ng seed lists gathered from the internet. Each token in the
context, and It snould always have a unique class. A ype orpus of the types on the seed lists normally provides one

on the other hand, is an abstract entity, €. the name,|FseI raining example (train instance). If a type has more than
independent of any context. Most types still have a UNIque e class (i.e. it is ambiguous) several instances are pro-

or at least dominant class. Even if itis true that e.g. a f”mduced.

might lledAmster it is still ful to know that
ght be calledAmsterdamit is still useful to kno a The features used are the context words to the left and
Amsterdammormally refers to a LOCATION. . .
the right of the name token. Thus in contrast to (Cucerzan
Types and tokens of the same name are of course ngt : .
. and Yarowsky, 1999), we do not use name internal infor-
independent. To know the class of a type, we have to IOOanation (e.g. substrings lik¥r. or Inc) yet. Also onl
at many of its tokens. To classify tokens, many NE classifi- 9 g ! ) Yt y

. . ; local information is used. Thus if e.g. a text read4r.”
cation systems make use of gazetteers which contain largfohn Smith won the contest. Smith said the two tokens
lists of classified types. : |

In this paper, we present a machine learning metho nd types jIr. John Smithand Smith are classified inde-
. ' - endently. These restrictions make the method simple and
to classify tokens and types of Dutch named entities. W y It 'mp

evaluate both parts of the method through comparison with .
: Once all tokens of a type have been classified, the class
hand-annotated test sets. Train and test sets are extracte, . L . :
. . Of the type is the majority class of its tokens. In this step,
from a tokenized Dutch newspaper corpus. Classification

accuracy of tokens is 71%, and of types 66.6%. I:,recisiort]hresholds can be used to make the classifier abstain from

and recall of types is 60.9% and 56% respectively classification if the majority is not “convincing” enough.

A prerequisite to NE classification is NE seémenta- In the next sections, we briefly introduce the corpus, the
tion/recognition, i.e. finding those strings in a text thane tonk(je:]rllzejéf_ll_(r? seeld Ilsﬁi’ trhevl\j]e\t,ciﬁ(j'[r?f ﬁxéraCt;?bg Inh W tC
stitute a proper name. We implemented a rather straight- € ce classiner. Ve en describe how to
forward NE recognizer and evaluated this, t0o. en and type classification proceeds, how the test sets were

We first describe the prerequisites of our method, viz.made' and how we evaluated the two parts of the method.

the Dutch corpus, the basic named-entity extractor and thE 1. The corpus
seed name lists, in Section 2. Section 3. describes the-exper ™
iments we performed in producing high-precision additions ~ The Dutch corpus used in our experiment is a subset
to our seed lists, as well as the experiments on named-entif the ILK corpus, a collection of Dutch newspaper text
classification. We review related research in Section 4archives. The subset consists of 160,626 articles (4,892,9
sentences, 83,383,018 words) from three regional news-
In Proceedings of LREC-200@thens, Greece. The current papers Gelderlandey 1996;Brabants Dagbladaind Eind-
version contains some corrections on the proceedingsoversi hovens Dagbladboth 1998) and one central news agency



archive spanning 1985-1991. All texts were collated and PERSON 717,512
article boundaries removed. LOCATION 494,683

. ADJECTIVAL 210,581
2.2. The tokenizer ORGANIZATION | 91,163

Tokenization serves two purposes. First, it separates
punctuation from words, to be able to recognize poten-Table 2: Class distribution (occurrence counts) over all in
tial named entities in sentences liBefore we met Tom stances
Jones, we went out to dinnexhere the comma should be
separated frondJones Second, tokenization also decides
\I;VSE(TE&E]??:O'I‘:';?V?::%ﬁgi#r}ﬁ:{@g ?;:ﬁg;ezgﬁ]gnj’letrieving classifi_cation informatior_l from these_ treesrDu

L . . o ing the construction of IGTree decision trees, instances ar
hand-edited semi-automatically generated abbreviaion |

for Dutch. The tokenizer does a aood iob in the above tw stored as paths of connected nodes. All nodes contain a
' . 9 J Yest (based on one of the features) and a class label (repre-
goals, and can use its output also to segment sentences

senting the default class at that node). Nodes are connected
2.3. The seed lists via arcs denoting the outcomes for the test (feature values)

The seed lists for the commonly used classes PERSO,\!Information gain is used to determine the order in which
LOCATION and ORGANIZATION were found by man- instance features are used as tests in the tree. This order

ually searching the internet. Table 1 gives an overview.is fixed in advance, so the maximal depth of the tree is al-

Of the total of 53.065 names. 214 have two classes. an¥ays equal to the number of features, and at the same level
3 (Dale, Horn Zur’iclj have all three classes " 7 of the tree, all nodes have the same test. The reasoning

The guidelines we adopted for annotating the test Setthind this reorganization.(which isin fa_ct a co.mpre.ssion)
were the following: PERSON includes entities li&iva is that when the computation of information gain points to

but not bands likeThe Who LOCATION includes con- ©N€ feature clearly being the most important in classifica-
tinents, regions, countries, districts, cities, villages. tion, search can be restricted to matching a test instance

but not streets, buildings and rivers. ORGANIZATION to those stored instances that haye the same feature value
at that feature. Instead of restricting search to those mem-
tions etc. Note that the internet lists do not contain exam®"Y instances that match only on this feature, the instance
ples for all subclasses of a class. In a given application, if"€Mory can then be optimized further by examining the
second most important feature, followed by the third most

might be useful to chose the precise limits of classes differ; i )
ently. important feature, etc. A considerable compression of the

During annotation of the test set, we noted anothePriginal instance data base is obtained as similar ins&ance
frequently occurring class of capitalized words: adjec-SNare partial paths. - _ o
tives derived from names, likEnglisi?. Although these Instead of converting the instance base to a tree in which
words do not directly denote named entities in a strict?ll instances are fully represented as paths, storing ail fe
sense, they are nevertheless important for information extre values, we compress the tree further by restricting the
traction: a text that talks about “American politics” talks Paths to those input feature values that disambiguate the
about “America” in a way. The seed list for the adjecti- classification from all other instances in the training mate
val class was taken from the electronic Dutch dictionary/i@l- The idea is that it is not necessary to fully store an
CELEX (Baayen et al., 1993) from which we extracted all instance as a path when only a few feature values of the in-

includes companies, political parties, non-profit organiz

adjectives starting with a capital letter. stance make the instance classification unique. This isiplie
that feature values that do not contribute to the disambigua
2.4. Training instances tion of the instance classification (i.e., the values of tee f

For each type that appears on any of the seed lists, wilres with lower information gain values than the the lowest
extracted all tokens together with a context of four wordsinformation gain value of the disambiguating features) are
to the left and four words to the right from the corpus. notstored in the tree. Although one could opt for storing
This yields 1,513,939 instances. The distribution of @ass these features, not storing them does not affect the agcurac
over all instances is shown in Table 2. Table 3 shows somef IGTree’s generalization performance.
example instances. Leaf nodes contain the unigque class label corresponding

to a path in the tree. Non-terminal nodes contain informa-
2.5. IGTree tion about themost probabler defaultclassification given

IGTree (Daelemans et al., 1997) combines two algo+the path thus far, according to the bookkeeping information
rithms: one for constructing decision trees, and one folon class occurrences maintained by the tree construction
algorithm. This extra information is essential when using
the tree for classification. Finding the classification of a

article-introductory constructions likéVashington (Reuter) In new instance involves trayersmg the .tree (I'ef’ matchihg a
Washington feature-values of the test instance with arcs in the order of

2In Dutch, separate forms exist fite English= de Engelsen the ovgrgll feature informatipn gain), and either retmgyi
andEnglishas inan English villageor a book in Engliske Engels. @ classification when a leaf is reached, or using the default

3f a type has more than one class, copies of the same instanc&4assification on the |§St matching non-terminal node if a
are generated labeled with all occurring classes sepgaratel feature-value match fails.

!Difficulties in sentence segmentation arise because o
informally-marked (sub)section headings without perjoead



| Class | Content | Number of nameg
PERSON international male first names 1,219
PERSON international female first namegs 4,275
PERSON Dutch first names 5,177
PERSON international last names 31,821
PERSON Dutch last names 806
| PERSON | total 40,618|
LOCATION Dutch cities/villages 4,819
LOCATION English country names 163
LOCATION Dutch country names 231
| LOCATION | total 5,135|
ORGANIZATION | Dutch non-profit organizations 570
ORGANIZATION | USA companies 1,292
ORGANIZATION | Dutch companies 4,845
ORGANIZATION | Dutch media 783
| ORGANIZATION | total | 7,312|
| ALL | total | 53,065|
Table 1: Seed lists contents and sizes
left-4 left-3 left-2 left-1f FOCUS |right+1 right+2 right+3 right+4 class
betrokken " , aldus Hermans . _ _ _ PERSON
_ _ De jonge Spaanse |socialist is er nu ADJECTIVAL
zoveel  wapens in de] NAVO als de Europese partnefORGANISATION
_ _ _ Ook Reagan staat nu onder maximale PERSON
als opvolger van de| Amerikaanse F 16 . _ ADJECTIVAL
ministers van Groot-Brittannie ,| Frankrijk , West-Duitsland , Spanjegg LOCATION

Table 3: Some training instances

A final compression is obtained by pruning the derived Feature| GainRatio]

tree. All leaf-node daughters of a mother node that have left-4 0.029
the same class as that node are removed from the tree, as left-3 0.038
their class information does not contradict the defauksla left-2 0.058
information already present at the mother node. Again, this left-1 0.132
compression does not affect the accuracy of IGTree’s gen- focus 0.246
eralization performance. right+1 0.095

The weights of the nine features of our named-entity right42 0.049
train set, which determines the order of feature tests in right+3 0.032
IGTree’s decision tree, are shown in Table 4. As could be right+4 0.027

expected, the name itself (the word in focus) is the most

important feature. This would mean that during classifica-

tion of new tokens, the algorithm would first try to match

on this feature. If the feature does not match, the default

class would be assigned without any further feature matchmgjority class.

ing. This is not what we want, as it amounts to list look-Up  The most general patterns (supported by most training

only, and does not really classify the most interesting€asejnstances) indicate that persons and places are normally no

(those that were not on the lists). We therefore chose to lg4receded by an article, whereas this is not unusual for orga-

the algorithm ignore this feature during classification. nizations, e.gthe Association for Computational Linguis-
As can be seen from Table 4, the nearer the context wortics. At the moment, it is impossible to use n-grams-{)

is to the name token, the more important it is for classifi-that span only one side of the context. However, strictly lef

cation. At equal distance, words in front of the name areor right-spanning n-grams would clearly be useful.

more important than those after it. The effect of this is

that IGTree classifies a name token by using n-gram pat- 3. Results

terns centered around the name. By inspecting the IGTree In this section we present the results on both named en-

built during classification, we can find interesting n-gramtity token labeling and type labeling. In addition, we will

patterns. Table 5 shows a selection of patterns and themeport on our experiences with the simple NE recognizer

Table 4: Feature weights



een [FOCUS] vrachtwagen | a [FOCUS] truck ADJECTIVAL
burgemeester van [FOCUS] ,mayor of [FOCUS], LOCATION
PvdA en [FOCUS] . Socialist party and [FOCUS]| ORGANISATION
staatssecretaris [FOCUS] | state secretary [FOCUS] PERSON

Table 5: Some n-gram patterns represented in IGTree’sidadiee, with English translation, and the class they potedi

PERSON 348 PERSON 319
ORGANIZATION | 268 ORGANIZATION | 193
LOCATION 260 LOCATION 65
ADJECTIVAL 182 ADJECTIVAL 29

Table 6: Class distribution for the token test set Table 7: Class distrbution for type test set.

and the use of seed lists from internet versus hand-buiget we let a simple NE recognizer (see Subsection 3.3.)

lists. extractall NE’s from the corpus, producing a list of 662,034
3.1. Classifying tokens names. Then all names that are on the seed lists are deleted.
eFrom this remaining subset, we randomly chose 910; 606

To make a test set for the token classifier, we took th
, : of them turned out to be types of our four classes. Table 7
first 49 articles of the ANDA corpus, a central news agency, hows the class distribution. The baseline accuracy fer thi
archive spanning 1985-1991 (54,835 articles, 32,538,703 ' Y

sentences, 1,460,940 words), and manually segmented aé téss%a&nicjh:)c);]3;T§gy5|gg6(;:)/eryth|ng as the default class

classified all named entities of our four classes. This gield )
o . To let our system classify these types, we have to make
1058 tokens. The class distribution is shown in Table 6. e ;
. . . a detour through token classification. As for the train set,
To classify a token, we have to distinguish two cases; :
we extract all tokens from the corpus that contain one of the

E:reszél;rt:: gig}ﬁ IScloar;g?ﬁ;:ggﬁ_f&;ﬁilﬁi’i;’\ﬁgﬁggdwnames on the type list. This yields 21,754 instanes. After
P 9 *_classifying all instances with IGTree, we set the class ef th

403 of the 1058 instances can be classified, with a Preciy ' io be the maiority class of all its tokens. This approach
sion of 90.8% and a recall of 4.6%Following (Cucerzan yp jority ' bp

and Yarowsky, 1999), we take the baseline (forced CIaSSiyields a (forced classification) accuracy of 66.6% (cf. the

o ; . 52.6% baseline).
fication) accuracy for this task to be the accuracy achieve . L

. . ; . In the above evaluations, we over-simplified the task of
by classifying everything on the seed lists by list look-up, E classification. Even if we had a perfect NE recognizer
and everything else as PERSON (the default, most freque I\{ : P 9 '

2 . i Y would still recognize named entities that do not fall iryan
class): this baseline (forced classification) accurac# 6 . X
. i R o of our four classes. Indeed, our simple NE recognizer (see
Second, if a name is not on any seed list, it is classified b

IGTree (cf. Subsection 2.5.), trained on the train instance)éectlon 3.3.) extracted 186 of those types, too. Examples

described in Subsection 2.4. As all instances are assigneadre names of bands, streets, rivers, buildings, books, films

. hewspapers, reports, laws etc. We would want our NE clas-
one of the four classes by IGTree, it no longer makes sense hap P

- ! - [ sifier to abstain from classifying these instances, i.ei-ind
to report precision and recall (as they would be 'dentlcal)*rectly marking them as a OTHERNAME class

instead we use accuracy. Accuracy of the 655 instances . . . .
" . o To achieve this goal, we introduced two thresholds into
classified by IGTree is 58.8%. Overall (forced classifica- o . . .
our type classifier. As we explained in Section 2.5., each

It(ljoonk)_js(::rzzcgy(t%(.ﬁ geJet;) ?Set;] f&::‘;’:ﬁ:ﬁ 9;: \fvl:ﬁsg&c\j/?;hlfnode in_thg IGTree Carries.a (default/_ma}jority) class aed th
baseline of 62%. class dlstrlbuu_on from \{vh!ch the majority cIa;s was com-
puted. Now, if the majority class has a majority of less
3.2. Classifying types thanz% (according to the distribution), we change the node
When evaluating token classification, it makes sense tglass to O_THERNAME' Let us calt the token thresh.old.
also classify tokens whose type is on one of the seed lists."eN: during the step from tokens to types, we again have
majority class and a distribution (of the classes of the to-

When classifying types, on the other hand, we are mainl : h h |
interested in new types, in order to be able to add ther€NS)- Again, we change the (type) class to OTHERNAME
% (y: type threshold).

to the lists once they are classified. To create a type tedt Majority is belowy 'C _
To evaluate the types now classified as either PER-

“If a name is on several lists, just one class is assigned. ThiSON, LOCATION, ADJECTIVAL, ORGANIZATION or
happens withsrael, India, andCanada which, according to the OTHERNAME, we again use precision and retallhus
lists, are persons as well as locations. Maybe the algostionld
better abstain. SPrecision means the percentage of instances classified as

SPrecision means the percentage of classified instancemréhat PERSON, LOCATION, ADJECTIVAL, or ORGANIZATION
classified correctly, recall means the percentage of alhimes that are classified correctly, recall means the percentbajétoue
that are classified correctly. PERSON, LOCATION, ADJECTIVAL, or ORGANIZATION in-
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more often than with a upper case. Along the same reason-

o * ing we can determine that in the sentence beginnigdr
R I \ Jan ..” (But John .) only Janand neitheMaar nor Maar
geo. ~=- Janis a name. If we use a list of closed class words (e.g.
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from CELEX, (Baayen et al., 1993)), we can even filter out
similar cases in which the beginning of the sentence is not
clearly markeé.

A special problem is formed by last name prefixes (e.g.
van den cf. the second author's name) that are very com-
mon in Dutch and have to be written with a lower case let-
ter if a first name precedes the last name, and with an upper
case letter otherwise. We gathered a list of 40 such prefixes
(including e.g. Germanon and Italiandi). However not
every sequence of capitalized words with a possible infix in

. o between is a name. The common prefan (as inVincent
Figure 2: Precision—recall curves for the four classes PERy4, Gogh also appears in constructions likargemeester
SON (per), LOCATION (geo), ORGANISATION (0rg), patjjn van Amsterdartmayor Patijn of Amsterdaywhere
and ADJECTIVAL (adj), as well as total, for the class e whole is not a name. Using the internet lists, we there-
threshold ranging from 0.1 to 1.0, with theclass thresh- {6 restricted the extraction of these constructions tesa
oldat0.5. in which the first part is known to be a first name, and the

latter to be a last name. This leaves names Rie de
Janeirounextracted.

We let a NE recognition program implementing these
an OTHERNAME type classified as PERSON counts as dieuristics extract names from the corpus. In the process of
precision error, a PERSON type classified as an OTHERbuilding a type test set, we manually annotated 910 of the
NAME counts as a recall error, and e.g. a LOCATION typeextracted strings. Of these, 118 are not names, but either
classified as a PERSON type counts as a precision and reormal (open class) nouns that are capitalized because they
call error. Overall precision and recall crucially dependsstart a sentence, while the sentence start is not recognized
on the settings of the token and type thresholds. In genbecause the previous sentence does not end in punctuation,
eral, the higher the threshold, the higher precision, bait thor else parts of names likéeven Years (. in Tibet)or As-
lower recall. Figure 1 provides an overview of performancesociation (. . for Computational Linguistics40 extracted
with different threshold settings. The left part of the figur strings contained in fact two names, either in construstion
shows the overall precision surface for valuescaindy, like het Noord-Brabantse AlphemhereNoord-Brabantse
both varying betwee.1 and1.0. The surface peaks at is an ADJECTIVAL, butAlphenis a LOCATION, or like
(0.8,0.6) at a precision of 83.2% (with a recall of 14.5%). London/Parisvhere the tokenizer failed to separate the two
The recall surface (right) peaks unsurprisingly at the mostames, or else likemdat Lubbers Kok .where one name
noise-tolerant values af andy below0.4, at 65.0% (with  directly follows another as adjacent subject and objeat. Fo
a precision of 50.0%). the evaluation, we treated these double constructions as in

In addition to overall precision and recall, we can now stances of the class of the second name.
also compute precision and recall per class. We notice large
differences between the classes in this respect, as wittiess3-4.  Internet seed lists vs. hand-built lists
in Figure 2. The figure shows the precision—recall curves (Cucerzan and Yarowsky, 1999) show that small hand-
with fixed y = 0.5 and varyingz from 0.1 to 1.0. The  crafted seed lists (e.g. 100 names per class) can already be
PERSON and LOCATION classes display generally highuseful for NE classification. They claim that making these
precision, and sharply decreasing recall for higher valuesmall lists is not much of an effort. Typically the quality
of z. The ORGANISATION and ADJECTIVAL classes of these lists is very high. Alternatively, finding some seed
display more irregular behaviour, and generally lower predists on the internet is not much work either. This approach
cision and recall. typically yields large, but somewhat noisy lists. We are

therefore also interested in finding out what the effects of
3.3. Named entity recognition these different lists are.

The most simple NE recognizer just extracts each se- We manually assembled lists of 100 names per class
guence of one or more capitalized words as a name (thiand repeated all of the experiments described above with
works for English and Dutch but not all language even havéhese lists. As there are a lot less names on the seed lists
capitalization). If the text is tokenized, the recognizenc now, the number of training instances is also less: 961,407
treat capitalized words at the beginning of sentencesrdiffe (vs.1,513,939 when using the internet lists). When clas-
ently. If we compute word form frequencies for the whole sifying the token test set, less instances can be classified
corpus, we can avoid extracting capitalized words at thelirectly by list look-up: 310 (vs. 403). However, preci-
beginning of sentences that occur with a lower case letter

“In our corpus, sentence after (sub)titles frequently shuosr t

stances that are classified correctly. problem.



precision — recall —

0.
tokens tokens

Figure 1: Precision (left) and recall (right) depending tass thresholds on tokens, ang on types.

sion is much higher: 99.7% recall is 29.2%. Baseline (Collins and Singer, 1999)'s approach to named-entity
accuracy (list look-up, everything else default class PER<¢lassification is applied to English only. Instead of using
SON) is comparable: 60.2% vs. 62% with the internet seedeed lists, they have 7 hand-written seed rules (e.g. tiyat an
lists. Overall system accuracy however is lower: 64.4% vsname that contains Mr. belongs to class person). Several
71%. The same holds for type classification: accuracy islgorithms are tested, using name internal and (restjicted
45.6% vs. 66.6%, precision and recall are 47.8%/34.4%ontextual clues. Three classes are distinguished: person
vs. 60.9%/56%. Thus in our case, large noisy internet listdocation and organization. Unfortunately, the method is no
proved more succesful than small high-quality hand-builttested on all tokens in a free text, but only on those tokens
lists. that fulfill some requirements (they must appear with an
A possible explanation comes from the distribution of apposition or as complement to a preposition). In addition,
classes in both train sets. In the train set generated wdth ththe method requires parsed text. Therefore, results are not
internet lists, PERSON is the most frequent class, then LOeomparable to our approach. The best algortihm achieves
CATION, ADJECTIVAL and last ORGANIZATION. This an accuracy of 83.3% (or 91.3% if tokens that do not be-
is the same order as in the token test set. In the type test séongs to any of the three classes are not considered.)
the order is PERSON, ORGANIZATION, LOCATION, (Vilain and Day, 1996) compare had-crafted and
ADJECTIVAL, but PERSON still is the most frequent type. machine-learned rules on the MUC-6 named entities blind
In the train set generated from the hand-built lists howevertest (for English, containing 5 classes). They make use of a
the order is LOCATION, ADJECTIVAL, PERSON, OR- part-of-speech tagger and large seed lists. Precisi@ilrec
GANIZATION. This means that whenever there is little or is 92%/91% for the hand-crafted rules and 83%/88% for the
conflicting evidence about how to classify an instance, thdearned ones.
algorithm will take LOCATION as default which is a worse
choice than PERSON in most cases. Indeed, LOCATION 5. Conclusion
has the highest recall but the lowest precision when looking

at individual classes. We have demonstrated the development of a named-

entity classifier on the basis of a large unannotated text
4. Related R h corpus, a simple NE extractor, seed lists of labeled names
) elate esearc taken from the internet, and a machine-learning algorithm.
(Cucerzan and Yarowsky, 1999) present a languageNone of the language data sets employed in this study in-
independent approach to named-entity classification andolve annotation, and the development procedure could be
test it for Romanian, English, Greek, Turkish and Hindi. replicated for any language for which the same data is avail-
Their system starts with small hand-built seed lists (150 taable.
300 seed words, depending on the language) and classifies We analysed the performance of our method in two as-
tokens through EM-style bootstrapping, using word inter-pects. First, we estimated the ability to label tokens cd<la
nal and contextual clues. Three classes are distinguisheBERSON, LOCATION, ORGANISATION, or ADJECTI-
first name, last name, and place. The baseline for this tasiAL, in free text; labeling accuracy was found to be 71%.
for Romanian is 98.67% precision and 34.01% recall, yield-Second, we measured the ability to label types that, when
ing an F-measure of 50.58. Final system performance iglone with high precision, could be added to the seed list for
76.95% precision and 64.99% recall (F-measure 70.47). use in other systems that employ memorized lists of names.
Unlabeled named-entity types are labeled with a precision
8The only precision error is cAwedernwhich can either mean 0f 61% and a recall of 56%; aiming at optimizing preci-
Sweden or Swedes. sion, an overall precision of 83% can be obtained (a top



precision of 88% on PERSON). On free text, named-entity
token labeling accuracy is 71%.

As a side note, we found that basing the method on
small, hand-picked seed lists yields worse results overall
Although hand-picked seedlists are more precise and noise-
free than the internet lists, the latter provide a biggeramas
of examples that can be used for better overall extrapola-
tion.

As viable goals for future research, we identify (i)
expanding the evaluation method incorporating the OTH-
ERNAME class label; (ii) finding better class labels that
diminish the presence of OTHERNAME; (iii) measuring
the effect of adding high-precision types produced by our
method in a cycle-wise (EM-style) run of our method. In
general, we aim at measuring the effect of nhamed-entity
classification on other tasks (e.g., information extragtio
in which named-entity labels may be useful information.
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