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Abstract: This paper describes a method based on data from Wikipedia for the au-
tomatic semantic tagging of common and proper nouns in context. We first predict
the semantic category of each Wikipedia entry using a rule-based method that de-
tects definition patterns, and then we generalize from there using a statistical model
that associates semantic categories with elements of the entry. The evaluation of
proper and common nouns in Spanish reveals a general precision of .82 and a recall
of .77. One feature of the method is its conceptual simplicity and computational
efficiency. The implementation is offered as open-source code and the data used in
the study is in the public domain.

Keywords: ontology population, lexical taxonomy induction, word sense disam-
biguation, semantic tagging.

Resumen: El presente trabajo describe un método basado en los datos de
Wikipedia para predecir la categoria semantica de nombres comunes o propios en
contexto. Primero se intenta predecir la categoria de cada entrada de la Wikipedia
mediante un sistema de reglas que detecta patrones definitorios, y luego se general-
iza desde alli por medio de un modelo estadistico que asocia categorias seménticas
con elementos de la entrada enciclopédica. La evaluacion del etiquetado de nombres
propios y comunes en castellano revela una precision general de 82% y una cobertura
de 77%. Una caracteristica destacable del método es su simplicidad conceptual y
eficiencia computacional. La implementacién se ofrece como cédigo abierto y los
datos utilizados son de acceso publico.

Palabras clave: poblamiento de ontologias, induccién de taxonomias 1éxicas, de-
sambiguacién automatica, etiquetado semantico.

1 Introduction Our particular interest in semantic tag-

ging derives from a lexicographic project

Semantic tagging is the task of assigning a
semantic category from a given inventory to
an expression, typically a single or multi-
word, proper or common noun, in a given
text (Wilks and Stevenson, 1997; Asher and
Pustejovsky, 2013; Bjerva, Plank, and Bos,
2016; Huang et al., 2022). The problem has
a long standing tradition in natural language
processing and is an essential part of named
entity recognition and information extrac-
tion, with implications to other fields such
as information retrieval and document ca-
tegorization (Grishman and Sundheim, 1996;
Tjong Kim Sang and De Meulder, 2003;
Nadeau and Sekine, 2007; Kutbi, 2023).
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(Renau et al., 2019; Renau, Nazar, and
Melanchthon, 2024) that follows the method
of Corpus Pattern Analysis or CPA (Hanks,
2004; Hanks, 2013), which uses semantic
types to organize the different patterns of use
of a lexical unit. For instance, the fact that
the subject or the object of a verb is a per-
son or other type of entity can disambiguate
between two patterns of such verb:

(1) Mi madre bordd el panuelo de mi
boda. (‘My mother embroidered my
wedding scarf’)

(2) La actriz bordd la interpretacion.
(‘The actress nailed the role’)

©2026 Sociedad Espaiiola para el Procesamiento del Lenguaje Natural
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Examples 1 and 2 are instances of the fol-
lowing patterns, respectively:

[[Human]|| bordar [[Artifact]]|

[[Human]] bordar [[Performance]]]

The elements in double square brackets
are semantic types from the CPA Ontology, a
bottom-up top-ontology, manually crafted by
Hanks (2004), that contains ca. 250 very gen-
eral concepts, such as [[Entity]], [[Property]],
[[Event]], [[Food]], [[Drink]], etc., that can be
used to semantically categorize most nouns in
English, Spanish, and other languages. The
two patterns just shown have the same transi-
tive structure, and are different only by virtue
of the semantic type in direct object position.

The technique is effective but the man-
ual annotation of 250 — 1 000 concordances
needed to analyze each lexical unit requires
time, effort and specialized skills. Our moti-
vation is therefore to automate at least parts
of the process, and a critical step for speeding
up the creation of CPA-based dictionaries is
the semantic annotation of proper and com-
mon nouns of the corpus used for the analy-
sis.

In previous research (Nazar, forthcom-
ing), we described a different method for se-
mantic tagging based on Wiktionary!, which
combined named entity recognition, ontol-
ogy population and also word sense disam-
biguation, since the same word (e.g., ratdn
‘mouse’) may require different semantic types
according to the context of occurrence ([[Ani-
mal]] or [[Artifact]]). Results of that attempt
left room for improvement because the dic-
tionary covers mainly common nouns of the
general vocabulary, with only limited treat-
ment of proper nouns and specialized termi-
nology.

In this context, the objective of the
present paper is to improve semantic typing
of words in corpus by expanding the variety
of entities that can be recognized. This is
achieved in this proposal with the use of a
larger data resource (Wikipedia? instead of
Wiktionary) and proposing a new method
that turns this resource into a semantic tag-
ger.

The proposal is divided in two parts.
The first part consists in associating each
Wikipedia entry with a semantic type in the
CPA ontology. E.g., the entry for Bertolt
Brecht corresponds to the category of [[Hu-

"https://www.wiktionary.org
*https://www.wikipedia.org
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man|] and Sitio de Sofia (‘Siege of Sofia’) to
[[Event]] (and not, say, [[Location]]). The
second part consists of producing a statis-
tical model to generalize the association of
features in the Wikipedia entries with the se-
mantic types such that it can also classify ex-
pressions that do not yet have an entry page.

Our main contribution is thus a new, fairly
simple method, to produce semantic tag-
ging in Spanish compatible with CPA meth-
ods. The simplicity of the proposed algo-
rithm translates directly into computational
efficiency and thus to its applicability to large
corpora. It will also facilitate the replication
of the method in other languages or its use
with top-ontologies other than CPA’s. Code,
data and detailed documentation are publicly
available at the project’s website®.

2 Related work

2.1 Semantic tagging in the
context of NLP

As already stated, semantic tagging is one of
the oldest open problems in natural language
processing, and it is also a fundamental task
in many other operations. It is essential in
any information extraction project, necessary
for named entity recognition and categoriza-
tion, and it implies word sense disambigua-
tion tasks. But it is also related to other
subfields such as hypernymy extraction, ei-
ther from dictionaries (Chodorow, Byrd, and
Heidorn, 1985; Guthrie et al., 1990) or from
corpora (Hearst, 1992; Pearson, 1998; Meyer,
2001; Panchenko et al., 2016; Shwartz, San-
tus, and Schlechtweg, 2017; Sarkar, McCrae,
and Buitelaar, 2018), as well as to other
resource-building activities such as thesaurus
generation (Grefenstette, 1994; Lin, 1998;
Weeds and Weir, 2003; Bullinaria, 2008).
Semantic tagging is however more chal-
lenging than building resources because it not
only implies the creation of some sort of lex-
icon and inventory of semantic tags, but also
their application to a specific context. L.e., it
is one thing to create a database associating
words with semantic tags, but another very
different one is to decide, for the specific oc-

3The materials are currently hosted
on the website of Project Text-a-Gram,
which offers different tools for text analysis
(<http://www.tecling.com/textagram>). The
prototype described in this paper, which, for the
time being, is called Wicacho, also has its own

web-demo: <http://www.tecling.com/wicacho>
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currence of a word, what is the appropriate
tag for the occasion. This is of course an in-
stance of the general problem of word sense
disambiguation, another of the traditional
problems in computational linguistics (Lesk,
1986; Yarowsky, 1992; Gale, Church, and
Yarowsky, 1992; Navigli, 2009; Camacho-
Collados and Pilehvar, 2018; Wiedemann et
al., 2019).

Historically, semantic tagging consoli-
dated by the 1990s in venues such as the
Message Understanding Conferences (MUC),
Computational Natural Language Learning
(CoNLL) and Automatic Content Extraction
(ACE) (Grishman and Sundheim, 1996; Li et
al., 2023). Competitions were organized in
which participants had to propose methods
to process input text and 1) identify single
or multiword expressions; 2) assign them a
semantic tag from some inventory.

In the first versions, the extracted entities
were limited to proper nouns and the inven-
tories were rather simple, with limited possi-
bilities such as persons, locations and organi-
zations. However, the task gradually became
more and more complex, and the inventories
grew to classify all types of expressions in
a wide range of specific semantic categories,
such as dates, numbers, quantities, proper-
ties, and so on (Sekine and Nobata, 2004;
Nadeau and Sekine, 2007; Nadeau, 2007;
Ling and Weld, 2012; Abzianidze and Bos,
2017; Li et al., 2023). In most recent propos-
als, coarse-grained categories such as [[Hu-
man]] have been replaced with fine or ultra-
fine types, such as [[Banker|], [[Politician]],
[[Lawyer]], etc. (Choi et al., 2018; Xiong
et al., 2019). This fine-grained semantic de-
tail would be unnecessary for our purposes in
CPA because it would not help disambiguate
patterns.

2.2 Semantic typing in the context
of CPA

As earlier mentioned, the CPA ontology has
ca. 250 semantic types which are used to dif-
ferentiate the patterns of use and nuances of
meaning of lexical units. According to Hanks
(2013), these patterns are conventional lin-
guistic norms established by language use.
Norms are different from the most creative or
innovative linguistic expressions, called ‘ex-
ploitations’ in Hanks’ theory. Examples 1
and 2, in the introduction, are normal uses
of the verb bordar in Spanish. In contrast,
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example 3 would be a metaphorical exploita-
tion.

(3) La primavera borda el campo con
espdrragos. (‘Spring embroiders the
countryside with asparagus’)

CPA is the application of this theory of
norms and exploitations to practical lexico-
graphic work, and semantic types are an es-
sential component of this technique. Typing
the arguments of predicates in a sufficiently
large corpus makes different pattern begin to
emerge.

Despite being a promising lexicographic
framework, many CPA practitioners working
in different languages have however acknowl-
edged that the manual annotation of corpus
required for the analysis is an obstacle for
the efficient development of dictionaries, and
this has been a motivation to automate at
least part of the process (Pustejovsky, Hanks,
and Rumshisky, 2004; Jezek et al., 2014; Col-
man and Tiberius, 2018; Marini and Jezek,
2019; Giacomini and DiMuccio-Failla, 2019;
Renau, Nazar, and Melanchthon, 2024).

2.3 Available solutions for
semantic tagging

There are currently many available solutions
for semantic tagging in Spanish, each offer-
ing different advantages and disadvantages.
Some commercial applications, such as Ba-
belfy? (Moro, Cecconi, and Navigli, 2014);
Dandelion®; displaCy% or TextRazor’ seem
effective, but non-viable for their application
to large corpora. The open-source commu-
nity has also offered some alternatives. Inter-
esting proposals are DBpedia® (Daiber et al.,
2013); the NER tagger from the FlairNLP?
framework (Akbik, Bergmann, and Vollgraf,
2019); the NLTK! library (Bird, Loper,
and Klein, 2009); Polyglot!! (Al-Rfou et al.,
2014); PyMusas'? (Rayson et al., 2004; Piao
et al., 2016) and StanfordCoreNLP'3 (Finkel,
Grenager, and Manning, 2005).

An extensive and detailed evaluation of
each of these alternatives is beyond the scope

“http://babelfy.org
®https://dandelion.eu/semantic-text
Shttps://explosion.ai/demos/displacy-ent
"http://www.textrazor.com
Shttp://spotlight.dbpedia.org
“https://flairnlp.github.io
Ohttps://www.nltk.org

Hhttps:/ /polyglot.readthedocs.io

2https:/ /ucrel.lancs.ac.uk/usas

Y3https:/ /stanfordnlp.github.io/CoreNLP
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of this paper. However, a general examina-
tion reveals some limitations. FlairNLP, for
instance, shows robust performance but, as a
NER tagger, it has a reduced tagset (mainly
person, place and organization). Others, like
Babelfy and PyMusas, have a larger tagset
but suffer from WSD problems, as well as
low recall given that they cannot deal with
elements not already listed in their knowl-
edge base. DBpedia is interesting because of
its use of Wikipedia, but to a certain degree
it has the same problems as the others plus
some complexity for integration and mainte-
nance, with many different modules, libraries
and large disk space requirements.

Another problem with the currently avail-
able methods for semantic tagging in Spanish
is the lack of interoperability, as each system
provides a different data format. We leave for
future work the possibility of trying to adapt
or standardize their output. Given the avail-
able options, we judged that the development
of a new method, specific for the CPA On-
tology tagset, was justified if simple enough
for the application to different languages and
with minimal computational cost.

The most recent tendencies are far from
the idea of simple solutions. There are
reports of successful application of deep
learning methods to semantic tagging (Li
et al., 2023; Hu, Hou, and Liu, 2024),
but these systems are characterized by their
lack of explainability, the great complexity,
and their energy consumption, particularly
the transformer-based large language models
(LLMs). Our own attempts with them, in ad-
dition, have so far been unsuccessful. Results
were inconsistent or incorrect as these sys-
tems tend to create their own semantic tags
instead of using the ones mentioned in the
prompt. Even if successful, and leaving aside
questions of scientific explainability or inter-
pretability as well as their non-deterministic
nature, the cost of scalability to annotate
large corpora would still remain insurmount-
able.

3 Methodology

As already stated in the introduction, we
propose a methodology for semantic tagging
based on data from Wikipedia, which im-
proves upon an earlier attempt based on Wik-
tionary. In the earlier attempt, we were able
to manage the tagging of common nouns rel-
atively well, but the coverage of proper nouns
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and specialized terminology was insufficient,
mainly due to the fact that a lexical database
derived from a conventional dictionary is not
large enough to include the great diversity of
entities that may appear in a text. The need
to reduce the ratio of out-of-vocabulary units
lead us to try a new method this time using
Wikipedia instead of Wiktionary.

In this section we explain thus the adap-
tation of the encyclopedic material (3.1), the
alignment of each entry to our tagset (3.2),
the generalization of this alignment via sta-
tistical modeling (3.3) and the application of
these resources to the tagging of a particular
text (3.4).

3.1 Preparation of materials

In order to use this encyclopedia effectively
for our purposes, we downloaded a recent
version of the resource from the Spanish
Wikipedia Dumps site'?. For efficiency, we
used only the index file, a reduced version of
the resource which includes only the title and
the first paragraph of each page, which is the
one usually containing the basic information
about the entity.

The first part of the process is to con-
vert the original XML code into a CSV ta-
ble. Each entry of the Wikipedia index file
has three fields: the title, the URL, and the
abstract plus, in some cases, additional links.
Figure 1 shows an example of an entry, in this
case relating to the Covarona cave, located in
Northern Spain.

<doc>

<title>Wikipedia: La Covarona</title>
<url>https://es.wikipedia.org/wiki/La_Covarona</url>
<abstract>La Covarona es una cueva prehistérica situa
barrio de Llueva, en San Miguelde Aras, del municipio
en Cantabria (Espafia). Su nombre procede del euskera
"Coba" (cueva) y "ona" (buena).

</abstract>

<links><sublink linktype="nav">

<anchor>Véase también</anchor>
<link>https://es.wikipedia.org/wiki/La_Covarona#Véase
</link></sublink>

</links>

</doc>

Figure 1: Example of an entry in the
Wikipedia XML Dump file.

We extracted only the content of the XML
tags ‘title’ and ‘abstract’, which results in a
matrix M, , with 1,919,985 rows, with an in-
dex x for the title and y for the available text,
which not always looks as polished as in this
example!®.

Y“https://dumps.wikimedia.org/eswiki/
1510 24% of the entries there is only incomplete text
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3.2 Alignment of Wikipedia to the
CPA Ontology

At this point of the process we assigned each
Wikipedia entry a unique semantic type from
the CPA Ontology. This tag set was origi-
nally developed in English, but we manually
translated it to Spanish for the purpose of
this study'6. Arguably, this would be a form
of ontology population, and it consists in the
classification of the almost two million en-
tities in matrix M in the different available
categories of the CPA Ontology. The idea is
that the process results in a tree-like struc-
ture C, i.e. a directed acyclic graph where
each leaf node has a unique ascending path
to the vertex.

For a core set of basic ontological cat-
egories ([[Humanl]||, [[Location]], [[Eventual-
ity]], [[Property]], etc.), our strategy was to
set up a battery of tests. If all tests fail, then
we apply a set of pattern identification tech-
niques to identify definitions, similar to those
used by Hearst (1992) to obtain hypernymy
links from corpora.

In the case of the test for [[Human]], there
are rules to detect features that are typical
of human subjects. These rules apply to
the name of the subject as well as to the
available paragraph in the Wikipedia entry.
In the case of the name, bearing a common
first name and/or surname is a strong indi-
cation of human nature. For this we com-
piled a list of both types of names from
the same resource. This is done iteratively
from a few common seed names. Say, for
instance, for the first name Lorena, we ob-
tain a ranked list L of elements appearing
immediately after this name, sorted in order
of decreasing frequency: L = {ly,la,13...1,}.
From this set, we would define a subset S of
the k& most frequent elements (1), such that
{Sanchez, Méndez, Pérez...} C S.

S={lgp1<i<k} (1)

For each element of S (e.g., Sdnchez), the
same process is repeated this time to obtain
first names from matrix M (i.e, now elements
appearing before the searched element), iter-

ating the process'”.

(just a few characters) or simply no text at all.
16The translation is also available at the website of

Project Kind: http://www.tecling.com/kind
"Manual revision of the lists between iterations

would be impractical due to their large size, so a cer-
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Other indications that the name desig-
nates a person can be found in the accom-
panying paragraph y. For simplicity, rules
that require deep syntactic analysis are left
for future research. Instead, we apply pattern
matching of sequences such as those shown in
table 1, which try to capture the typical con-
text where a person name is used.

A similar strategy was followed for other
basic category, like [[Location]]. The same
procedure was followed to obtain a list of
place indicators from the same matrix M.
From a seed list of location names, we ob-
tained elements that frequently co-occur with
those names, composing in this way a list of
location triggers (e.g. Bahia, Ciudad, Torre,
Peninsula —Bay, City, Tower, Peninsula). In
this way, if y contains for instance “la ciudad
de x...” (‘the city of’), z would be tagged as
[[Location]]. Similarly, for the semantic type
[[Event]], the same strategy is followed, with
a different list of manually created patterns.

When these tests failed, a battery of pat-
terns was applied to y to extract a hypernym
h for entity x. For illustration, Table 2 offers
some examples of these rules, typed as reg-
ular expressions. The dollar sign indicates
keywords, like cardinal and ordinal numbers
and forms of the verb ser (‘to be’) in Span-
ish. The ‘various’ keyword refers to a set
of words that designate groups (clase, con-
junto, especie, familia, forma, género, grupo,
orden, pieza, serie, subclase, subespecie, tipo,
variedad — ‘class, set, species, family, form,
genus, group, order, piece, series, subclass,
subspecies, type, variety’.)

If h € C, then a tag for « has been found.
Otherwise, a new hypernym for h is obtained,
recursively, to test if the new, more general
element, is now contained in tagset C. This
recursion is limited to three cycles in order to
save time.

In the case of multiword expressions, a last
resource when a tag cannot be found is to
retry using the head of the phrase. Without
parsing, in Spanish one can expect the first
element of the sequence to be the head. If
yet no tag is found, the element receives the
temporary tag of UNKNOW N, and it may
be tagged at a later stage in the process, as
explained in the following subsection.

tain degree of error must be assumed. We obtained
ca. 220 000 first names, 180 000 surnames, 13 000
locations and 20 000 names of organizations.
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Category Triggers

Human abogad, académic, activista, actor, actriz, ajedrecista, alfarer, almirante, angel,
animador, antipapa, antropdlog, drbitro, arquedlog, arquitect, artista, etc.

Location Superficie, Provincia, Comunidad, Municipio, Republica, Puerto, Castillo,
Palacio, Basilica, Parque, Bahia, etc.

Organization academia, agencia, agrupacion, alianza, asociacion, cadena, canal, comité, co-

operativa, corporacion, emisora, escuela, etc.

Cultural product

novela, pelicula, cancidn, relato, (corto, largo)metrage, etc.

Table 1: Examples of patterns used to test general categories.

nombre (dadolcon el que (se hace
referencialse conoce|se suele cono-
cer|denominaldesignaldesignaban))

al? (l[ac]s?|una?)? ((an-
tigu|ampli|extens)[ao]s|$ord|$card)? ?

*(se conoce comol|se define|se denom-
inalse entiende por|se le llama|se llama)
47 al? (una?|lfao]s)?

“($be) +(el|las?|una?)
(pequeii[ao]|$ord) (["$word]+)

“unloal de l[ao]s
(poc[as]s|primer[ao]s|principales|tipos
de|($card)) (["$word]+)

es cualquier tipo deles
(de|quelen)? ?(["$word]+)
nombre (comun )?de ($various )?

aquella)

Table 2: Examples of patterns used to extract
information from Wikipedia abstracts.

3.3 Development of a statistical
model for semantic tagging

The rules described in the previous section
are precise in general, but they also tend to
present relatively low recall, that is, many
of the elements end up with the category
UNKNOWN. This occurs either because
no pattern was found or because there was no
match between the hypernym obtained from
the abstract and tagset C.

This is why we need a subsequent part
of the process, where we derive a statistical
model from the results obtained in the previ-
ous part. Using the result of the previous pro-
cess as input, we created a two column matrix
L to associate semantic categories with three
types of data: 1) words (single word types
of character length > 3) frequently found in
the entry names; 2) words frequently found
in the abstracts and 3) derivational suffixes
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(sequences of 3 — 6 characters at the end of
the word) frequently found in the head of the
entry names, since these segments are asso-
ciated with semantic categories (Light, 1996;
Namer, 2002). For instance, in Spanish the
suffix -miento denotes processes or events,
while -dad is associated with properties, etc.

An input entity z will thus receive the se-
mantic tag that offers the greatest score in
equation 2, where T'(x) represents x with its
features.

|L;|

Clal = dhiax | [[1+1T@ N Lisl | @)

Even when the statistical method is used
to extend and generalize over the one based
on rules, both can also be used in parallel to
reinforce confidence when they produce the
same result. Having both running in par-
allel may also be useful to obtain more in-
formation. For instance, in the case of the
input name such as La Covarona, the seman-
tic type resulting from one method is [[Loca-
tion]], while the other produces [[Cave]], i.e.,
a landscape feature that is a more specific
type of place.

3.4 Semantic tagging of a text

Once all the necessary materials have been
created during the preparation steps de-
scribed in the previous subsections, it is now
possible to produce the semantic tagging of
the texts of a corpus. For any arbitrary input
text, the two main tasks to undertake are first
to identify the entities in the text and then
to assign the entities a semantic type.

3.4.1 Identification of the entities

In the current state of our project, the phase
of entity spotting (i.e., the detection and
proper delimitation of the entities mentioned
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in the texts) is the first step before seman-
tic tagging. Thus, any given input text is
scanned from top to bottom to detect enti-
ties, and the identification is carried out with
procedures informed by grammatical data.
The main difficulty is the treatment of multi-
word expressions, because one needs to detect
the beginning and the end of each sequence.

In an effort to keep the methodological
proposal as simple as possible, no attempt
was made to use full syntactic parsing of the
sentences in the analyzed corpus. Instead, we
applied only a POS-tagger that for each to-
ken produces a lemma and a POS-tag. For
this we used UDPipe!® (Straka and Strakov,
2018).

Without full syntactic parsing, one can
only work with the sequences of POS-tags,
performing a form of shallow parsing or
chunking aimed at the detection of sequences
that conform a particular type of noun
phrase. The system admits as valid units
only nouns, proper nouns, adjectives, definite
articles and the preposition de (‘of’).

A sequence begins when a noun is found,
and it ends when a non valid element is found,
like a punctuation sign or a conjunction, etc.
Eventual prepositions or articles remaining
in the last position of the sequence are dis-
carded. Once an entity is closed and saved,
the process resumes from the same point on-
wards until the end of the text is reached.

The above method will produce valid
sequences such as Republica Federal de
Alemania (‘German Federal Republic’) or
dioxido de carbono (‘carbon dioxide’). Of
course, without grammatical information,
the method is error prone as it is blind to
the boundaries between arguments and pred-
icates and between different arguments of a
predicate.

3.4.2 Semantic typing of the
detected entities

Once with a list of entities extracted from the
text, the semantic typing procedure starts
analyzing one unit a time. Entities are sub-
ject to a battery of tests very similar to those
explained earlier (section 3.2). The final de-
cision for a semantic type is the result of a

18This software also offers full parsing, but it takes
longer, produces more data, and the required post-
processing of the resulting syntactic data has its in-
tricacies. Full parsing also further complicates future
possibilities of replicating experiments in other lan-
guages, especially those with less resources.
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combination of factors, computed by a vot-
ing scheme.

Factor 1 consists of the selection from the
available pages. As described earlier, the
data from Wikipedia is here organized in the
form of a table C' in which every unit x € E
is assigned a semantic tag Cf[z]. This is
straightforward when there is only one page
in Wikipedia for such name ( |[M,| =1). E.g.,
Jz = Covarona : Clx| = Location. This, of
course, is often not the case, and in those oc-
casions, a WSD routine is invoked.

Drawing inspiration from early methods
in the field (Lesk, 1986), the disambiguation
of a unit x proceeds by calculating the vo-
cabulary match between the text T'(z) where
it appears and the paragraphs corresponding
to the different pages or ‘senses’ of entity =
in Wikipedia. For simplicity, the vocabulary
intersection is computed considering only sin-
gle content words. According to equation 3,
a first factor F(z) will select from a set of
available types (D(z)) the one that shows the
greatest vocabulary overlap.

Fi(x) = arg max |T'(z) N My,
si€D(x)

3)

Factor 2 operates in the same manner as
described in subsection 3.2. Here, a seman-
tic type gains points if triggers, described be-
fore as a keyword associated with a semantic
type, are found in the name of the entity or
in the immediate vicinity of the contexts of
occurrence of the entity, using a symmetric
context window of three tokens. The proce-
dure is the same as defined in equation 3, only
that now the comparison is between the tar-
get text T'(x) and each of the set of triggers
associated with each semantic type.

Factors 3, 4 and 5 are based on the statis-
tical model described in subsection 3.3, i.e.,
the model L that associates semantic types
with vocabulary items found in the differ-
ent Wikipedia entries corresponding to those
types. Factor 3 measures the match at the
entry level, i.e., words in the name of the en-
tity that may reveal the category. Factor 4 is
similar but the match is in words occurring
in the immediate vicinity of the entity’s men-
tions. Factor 5 measures the match between
the suffixes of the noun (or the head of the
noun phrase referring to a given entity) and
the suffixes associated with a semantic type.

They are applied as expressed in equation
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3, the difference being that this time vocabu-
lary match is not computed comparing T'(z)
and the definitions in Wikipedia (M) but,
instead, the vocabulary in T'(z) is compared
with the vocabulary associated with each se-
mantic type in model L.

The final decision is made by simple voting
(equation 4), in which a rank R(z) for entity
x presents the most frequently selected se-
mantic type s within the factors earlier men-
tioned.

R(z) = argmax f(s)
seC

(4)

If there is no semantic type selected or if
the best one has the same points as the sec-
ond best, then no type is selected and the
result is the tag UNKNOWN. Optionally, a
‘conservative’ setting can be configured, and
in this case there will only be a response if a
given semantic type is selected by at least k
factors.

4 Results

For the evaluation of the method, we con-
ducted a study tagging a random sample of
200 Wikipedia pages in Spanish. The sample
was constrained to be about historical figures
(military personnel from the 19" Century),
with frequent cases of ambiguity, e.g., places
that receive their name from a military fig-
ure. The corpus has a total size of 395,284
tokens.

From the tagging result, we draw a ran-
dom sample of 1000 entities and evaluated
precision, recall and F1 in the classification.
Two annotators carried out the evaluation
separately, leaving 500 trials for the calcu-
lation of intercoder agreement. There were a
total of 54 disparities between the two, mak-
ing 89% agreement. Cohen’s Kappa resulted
in a value of 0.72, which falls in the category
of substantial agreement (0.61-0.80).

The evaluation is divided in two steps.
The first one is to analyze the result of
the chunking process explained in subsection
3.4.1. A total of 57 out of 1000 units were
found to be incorrectly segmented. In most
cases, the reasons that explain these failures
are those already discussed in the method-
ology, i.e., the lack of full syntactic parsing.
Example 4 shows the case of the incorrect se-
quence empresa la prision del cuadro (Lit.,
‘company the prison of the frame’), with
the typical confusion between arguments of
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the predicate, empresa (‘actions’) and prision
(‘imprisonment’).

(4) ...ha sido igualmente fruto de nues-
tra empresa la prision del
cuadro de oficiales que formaban la
escolta... (‘...the imprisonment of
the officers who formed the escort
has also been the result of our ac-
tions...”).

Cases like these are excluded from the re-
minder of the evaluation, which consist of rat-
ing the performance of the semantic typing
process. Table 3 presents a summary of the
evaluation figures. There we show the results
of two configurations with more or less confi-
dence in the results, according to the param-
eter explained in subsection 3.4.2.

Measure | Normal | Conservative
TP 630 442

FP 141 18

FN 189 481
Precision .82 .96
Recall N 48

F1 .79 .64

Table 3: Evaluation figures in a random sam-
ple of 1000 trials.

In this table, a true positive (TP) means
a case where an entity receives a correct tag;
a false positive (FP) is a case where an entity
receives an incorrect tag and a false negative
(FN) is a case where an entity receives no
tag. Precision (5) is the proportion of cases
in which the algorithm returned a correct cat-
egory over the times in which it produced a
result. Recall (6) is in turn defined as the
proportion of correct results over the sum of
true positives and false negatives. F1 (7) is
the harmonic mean between precision and re-
call.

TP

Pre=Tp L rp (5)
TP
rec = TPLFN (6)
Pre x Rec
F1=2x ——— 7
x Pre + Rec (7)

We consider that, at these early stages
of the project, these performance figures are
promising, and a considerable improvement
over our previous attempt. The ‘conserva-
tive’ configuration suffers considerable loss of
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recall but the increment in precision is inter-
esting, as this result could be used to collect
training examples for other statistical algo-
rithms.

A more detailed analysis of results reveals
systematic causes in many cases and suggests
ideas for future versions. Table 4 shows a few
cases of entities, with their classification by
the algorithm and our evaluation.

Regarding false negatives, the most fre-
quent case was those of single word lexical
units of the general vocabulary, which tend
to be less represented in Wikipedia (e.g. ado-
lescente, bulto, franqueza, etc. (‘adolescent,
package, frankness’). It is worth noting how-
ever that this is precisely the type of nouns
we could process relatively well with the pre-
vious method.

Regarding false positives, a frequent cause
of errors was problems with the POS-tagger,
which tends to confuse common nouns with
proper nouns when they appear with initial
upper case letter, as they normally do at the
beginning of the sentence. When this occurs,
the lemma assigned is incorrect. This affects
especially the case of common nouns when
they appear in plural (e.g. Diccionarios, Fal-
lecidos, Generales, etc. (‘Dictionaries, De-
ceased, Generals’).

Another frequent cause of errors was fail-
ure to disambiguate. It would be the case of
explorador (‘explorer’), incorrectly tagged as
[[Vehiculo]] (‘vehicle’) instead of [[Personal]
(‘person’). This circumstance has been fur-
ther aggravated in this case because of the
particular characteristics of the evaluation
corpus, in which the persons named in these
texts, being historical figures, often end up
giving their names to places, a common tran-
sit from anthroponym to toponym. This ex-
plains the incorrect assignment of the cat-
egory of ‘Place’ to Amdn Rawson in table
4, possibly confused with the city of Raw-
son, in Chubut, Argentina. This ambiguity
is systemic with surnames such as Dorrego,
Balcarce or San Martin, which now are the
names of cities, districts, parks and avenues.
In the same vein, the corpus presents many
direct quotations of text from those times,
and presents instances of military jargon and
also archaic formulations. This would be the
case of asiento, in table 4, incorrectly classi-
fied as [[Mueble]] (‘furniture’).

The statistical modeling described in sec-
tion 3.3 was effective in general but also con-
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tributed with some errors. For instance, it
correctly generalizes over cases like Departa-
mento de Potosi or Departamento de la Paz,
which designate places, and classifies success-
fully Departamento de Rivadavia, but it also
over-generalizes, to incorrectly treat departa-
mento de medicina (‘medicine department’)
as a place.

In other cases, this module leads to inad-
equacies, such as circulo de amigos (‘circle of
friends) tagged as [[Organizacién]] (‘organi-
zation’) when it should be [[Human Group]].
A similar case is Corona de Espatia tagged as
[[Lugar]] (‘place’) instead of [[Organizacién]],
in a segment like habia ya obtenido su inde-
pendencia de la Corona de Espana (‘had al-
ready gained independence from the Spanish
crown’).

Cases of phraseology were also among the
most frequent error typologies. This is the
case of al aire libre (‘in the open’) and many
other locutions or fixed expressions in Span-
ish such as a pesar de (‘despite’), or poner
freno a (‘to clamp down on’), which explains
the incorrect assignment of the semantic type
[[Device]] to freno in a fragment like tenia
como objetivo poner un freno a la expansion
del unitarismo (‘aimed to put the brakes on
the expansion of Unitarianism’). This is a re-
minder of the importance of having linguistic
resources available, such as a list of this type
of constructions.

5 Conclusions

We presented a method for semantic tagging
of Spanish corpora especially tailored for the
needs of CPA lexicographic projects. By us-
ing Wikipedia, we expanded a previous at-
tempt with Wiktionary, and we are now able
to deal better with the large number of out-
of-vocabulary units found in corpus. Inte-
grating both approaches will probably result
in better overall performance.

The general result is promising, especially
considering the lightweight nature of the pro-
posal. The method is at least robust enough
for our particular purpose, and has greatly
relieved the effort needed to annotate large
numbers of corpus concordances, a job that
otherwise would have had to be undertaken
manually. We observed also that the ‘con-
servative’ variant produces high precision re-
sults, which can be useful in those scenarios
where recall is not vital. This could be the
case of the production of training examples



Rogelio Nazar, Irene Renau

Context

Case Category | Ok
Bormio Lugar 1
enlace roto Software 1
General Artigas Lugar 1
Amén Rawson Lugar 0
asiento Mueble 0
clave Artefacto 0

Sus padres fueron Maria Zanelli y Gaetano Cerri,
ambos domiciliados en el barrio Mercado Bobino y
casados en Bormio en el ano 1834

...consultado el 17 de julio de 2011. ( enlace Toto
disponible en Internet Archive; véase el historial, la
primera version y la dltima)

En gran parte de las principales ciudades argenti-
nas existen monumentos a Artigas o calles e incluso
barrios (como “General Artigas”, en Cdrdoba v,
distante de tal barrio, el monumento a j. g. Arti-
gas a la entrada del Parque Sarmiento)

Designo ministro de gobierno a Amdn Rawson,
quien habia militado en el partido unitario con an-
terioridad.

En 1861 ingresé como soldado al batallén n.? 3 de
infanteria de linea con asiento en el fortin, hoy
rio cuarto, enviado a luchar contra los caudillos
Angel Vicente Penaloza, Francisco Sad, Juan de
Dios Videla y Francisco Clavero.

Derqui mantuvo relaciones muy cordiales con el
gobernador portenio, e incluso incorpord dos de los
ministros de éste incluido el de hacienda, clave en
las circunstancias que atravesaba su gobierno a su
gabinete nacional

Table 4: Some examples of the evaluated results.

for machine learning algorithms that can as-
sociate the names of entities with elements
found in their contexts of occurrence.

The study has shown many possibilities
for the future. The most important is to
deepen the analysis of the contexts of oc-
currence of the entities. In particular, we
will integrate full syntactic analysis to asso-
ciate semantic types with their function as
argument of different verbs. Subtle cues, like
syntactic relations with certain verbs, could
improve the quality of the method. For in-
stance, names referring to people tend to oc-
cupy the subject position of verbs such as to
write, smoke, argue, etc., or in the case of
the word bombardeo (‘bombardment’), we see
fragments such as the following: el bombardeo
se ota desde el palacio (‘the bombing could
be heard from the palace’). The syntactic
relation with the verb oir (‘to hear’) could
be taken as a clear indication that the type
of entity is [[Event]], because something that
can be heard is an event.

Another perhaps more radical method-
ological change would be to go from the cur-

288

rent text-based design (i.e., analyzing one
text at a time) to a corpus-based one (an-
alyzing all the mentions of an entity in a cor-
pus). In this way, more information about
said entity could be gathered from the cor-
pus. Of course, with this change in per-
spective comes the risk of homonymy and
polysemy, depending on the heterogeneity of
the analyzed corpora. In a highly special-
ized technical corpus, however, one can ex-
pect less need for word sense induction and
disambiguation mechanisms.

We also mentioned the possibility of im-
proving the tagger, which tends to hallu-
cinate when proposing the lemmas of the
words. An idea worth exploring could be to
forbid the proposal of any lemma that does
not appear itself as word form in a large cor-
pus.

Finally, we are also now replicating the
method in languages such as English, French,
Dutch, German and Italian. We hope the
simplicity of the method will facilitate the
process, but each language may pose partic-
ular challenges.
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