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Introduction 1/2

Keyword extraction (KE)

automatically identify a set of terms that best describe the
document

identify and rank the most representative features of the source
applications in text:
e summarization, indexing, labeling, categorization, clustering

KE methods can be roughly divided into 3 categories:
« supervised,

« semi-supervised and

e unsupervised
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Introduction 2/2

automatic KE still remains open question

« especially for content writtenin under-resourced languages
- there are no reliable tools which can be used for KE task and text preprocessing
= POS, MSD taggers, stemmers, lemmatisers, stop-word lists

- lexical resources: Wordnet, controlled vocabularies, benchmark or monitoring
datasets

aim of this work

« discuss the problems of keyword extraction in under-resourced
languages
« recommend possible solution: network or graph-enabled KE methods

- these methods use knowledge incorporated in the structure of network or graph to
extract keywords

= way to circumvent unavailable linguistic tools required in a certain KE method
development

 provide a list of available benchmark datasets for KE development and
evaluation in order to illustrate the problem of the lack of resources

2nd International KEYSTONE Conference IKC 2016 — Cluj-Napoca, Romania 3
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Under-Resourced Languages 1/5 '\%
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There are more than 7000 languages today in the world (ethnologue, 2016)

« small fraction of them is supported with the resources required for
implementation of NLP technologies (Besacier et al., 2014)

Main stream NLP is mostly concerned with languages
« for which large resources are available or

« which have suddenly become of concern because of the economic interest or
political influence

The term “under-resourced languages” was introduced by
Krauwer (2003) and complemented by Berment (2004)

- Different terminology:
- low-density;
- less-resourced;
- under-resourced
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Under-Resourced Languages 2/5 '\%'

langnet

Under-resourcenest criteria
1. Krauwer (2003) and Berment (2004)

-define criteria to consider a particular language as u-r:

- lack of a unique writing system or stable orthography, limited presence on the web, lack of
linguistic expertise, lack of electronic resources for speech and language processing, such as
monolingual corpora, etc.

2. BLARK (Basic Language Resource Kit) concept

-defined as the minimal set of language resources that is necessary to do
any precompetitive research and education at all

=it must be under10/20 in order to confirm affiliation to u-r languages

= comprises criteria, such as:

- written language corpora, mono and bilingual dictionaries, terminology collections,
grammars, annotation standards and tools, corpus exploration and exploitation tools,
different modules (e.g. taggers, morphological analyzers, parsers, speech recognizers, TTS)
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langnet
Berment define Human languages categorization:

« based on their digital “readiness” or presence in cyberspace
and software tools:
- “tau”-languages: totally-resourced languages,
- “mu”-languages: medium-resourced languages, and
- “pi"-languages: under-resourced languages.

individual researchers

»
»

META classifies language technology into the following areas:
= Machine Translation, _—
- Speech Processing,
- Text Analysis, and
- Speech and Text Resources.

s

Within these areas languages are classified into the following categories:
excellent, good, moderate, fragmentary and weak/no support.

group of researchers, and

commercial technology providers,

private and corporate language technology users,
., language professionals
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Text Analysis is the most important area for KE

» languages marked with ‘4’ have the lowest support in weak support category
» presented data are related exclusively to European languages

Speech
and Text
Resources

Machine Speech

Language Translation Processing

+

Bulgarian
Croatian
Czech
Dianish
Estonian
Finish
Greek
Icelandic
Irish
Latvian
Lithuanian
Maltese
Portuguese
Serbian
Slovak
Slovene
Swedish
Welsh

+ |+ |+ [+ |+

[ [ |||
+
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e Besides to weak support category, there are other languages
that are classified into fragmentary and few of them in
mOderate Category' %:g]:ll%ge Gﬂud+ Moderate Fragmentary

e English is theonly language [tua
. . French
with good support in all German
areas e
. Basque
e EXpressed in gmgm
. atalan
the proportions: Crech
Danizh
- weak supported - 30%, Finnish

(zalician
- fragmentary supported - 16.66%, Groek

- moderate supported: 16.66% and Hungarian
Norwegian
= good supported - 3.33%. Polish
Portuguese
Romanian
Slovak
Slovene

Under-Resourced Languages 5/5
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Problems in KE and Motivation 1/2

There are numerous KE methods for richer-
resourced languages with remarkable performance

» these methods are most often developed for the English
language

 in the absence of language tools it is difficult to adopt them
for other languages, especially for u-r languages

o limited language scalability (portability)

In order to support multilingualism we propose unsupervised
methods, network-enabled methods for KE.

- Network structure enables representation of the input text as graph or
network, regardless of language.
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Problems in KE and Motivation 2/2

Our solution

einstead of developing new tools for language of
Interest, use graph-based method

-Selectivity-Based Keyword Extraction (SBKE)

eapplication of this method requires only tuning of
various parameters which are inherent for particular
language:
- fine tuning of parameters for candidate extraction,
-setting the filtering thresholds for keyword expansion, ...
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How KE works?

docs

candidate roperties candidate
extaction prop ranking

» frequency statistics
occurence positions
keyphraseness
semantic relatedness
other features
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network-based approach
= or graph, since the number of words in isolated documents is limited

» the source (document, text) is modelled in a network
= words are nodes and their co-occurrence is represented with links

« reason to use co-occurrence, and not any semantic or syntactic relation
is the lack of language tools which could extract these relations

« enables the exploration of the relationships and structural information
incorporated in text very efficiently

» the keyword extraction can exploit: network, subnetwork or node level
measures:

- selectivity - the average strength of the node:

in/out
in/out Si
i — jin/out
K™

l
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Co-occurrence network
ConStrUCtion langnet

TEXT: “KEYSTONE - semantic keyword-based search on structured data sources"is a COST
Action aiming to make it straightforward to search through structured data sources like
databases using the keyword-based search familiar to many internet users. The scientific
objective of KEYSTONE is to analyse, design, develop and evaluate techniques to enable
keyword-based search over large amounts of structured data.

Qenable

directed and weighted co-occurrence it Qe
n e two r ks : s ADsemantic
mbjectivc ’ oover
Qit
node: each word _ Otirough
- . . bof bsua%furward \
links: two words are linked if they are i searh
1 1 tmcmrcdqmakeo’“
adjacent in the sentence i
° ° . ‘Oevaluale btechniques olo Omany pusers
weights: proportional to the overall co- e
occurrence frequencies of the o, —_—

i i is A6 6imemet
corresponding word pairs Quatabases OF - Quining

sources

implemetation: Python + NetworkX . o O
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SBKE method
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SBKE Method Portability for
Under-Resourced Languages

SBKE method ooy

Information Systems

e does not require linguistic knowledge
e purely from statistical and structural information

e main advantages:

- networks are constructed from pure co-occurrence of words in the input texts
- suitable for many European under-resourced languages

- the method achieves results which are above the TFxIDF baseline for
English and under-resourced Croatian language

- Preprocessing is not necessary because SBKE works without stemming
or lemmatization

S. Beliga, A. Mestrovic, S. Martincic-1psic. "Selectivity-Based Keyword Extraction

Method". InternationalJournalon Semantic Web and Information Systems (IJSWIS),
vol.12, no.3, pages 1-26, 20716.
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2

Textual Resources for KE in Ty‘f
Under-Resourced Languages 1/2 ..

benchmark datasets which contain keywords annotated by
human experts

« most of the available datasets are in the
-English language (12 datasets)

» other available datasets cover the
- French (DEFT - scientific articles published in social science journals);
=French and Spanish (FAO 780 - FAO publications with Agrovoc terms);
- Polish (abstracts of academic papers for PKE method),
- Portuguese (tweet dataset and news transcriptions) (2 datasets)
- Croatian (HINA - news articles).

« other u-r languages which are in our focus do not have
developed datasets for keyword extraction task
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Textual Resources for KE in Ty‘f
Under-Resourced Languages 2/2

benchmark datasets - characteristics

edatasets with controlled vocabulary

-consist of manually annotated keywords by humans using only words
from original text,

- titles of Wikipedia articles or
- some predefined list of allowed words which can be used as keywords
=important for different supervised / unsupervised approaches

- such datasets are particularly suitable for methods which are not able to
generate new words

enumber of human annotators

- subjective task and gold standard

- the quality of the dataset is higher if the number of human (individuals or
teams) annotators is higher
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Conclusion

This work briefly

 describes graph or network-enabled keyword extraction
methods

« explains why these methods are suitable for under-resourced
languages

« provides the detailed list of datasets for keyword extraction for
European languages

« shows that there is not enough datasets for KE task

« emphasizes the importance of KE develompment for under-
resourced languages

= open the possibilities for the development of other applications which in
its initial phase require keywords (automatic summarization, high level
semantic description, indexing, ...)
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SBKE - Serbian language

WWW.NOVOStIi.rs
e preliminary results
e short news articles on Serbian language

TITLE KEYWORDS (translated to English)

POLITICS Migrants refugees, political life, Angela Merkel,
elections, united, more, Austria, options,
Germany, population, year

ECONOMICS | Credit without a customers, credit, capable, banks, ability, loan,
permanent job institutions, interest rates, reserve, categories,
evaluation, mandatory contract, criteria, agent

SPORTS Serbian athlete, Rio, support, champion, medal, pride,
paralympic Minister, preparation, effort, table tennis,
athletes traveled | team, London, Uros Zekovié
to the Rio
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Future work

Try SBKE method for other under-resourced

languages to show that

-knowledge incorporated in the network should replace non-existing
linguistic tools necessary for keyword extraction from semi-
structured web sources

ewe Will focus on:

- KE dataset development for u-r languages
= Croatian, Serbian, Estonian, Latvian, Lithuanian and Maltese
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