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Summary

Knowledge graphs can model information and support question answering use cases
better than traditional information retrieval systems. Having as motivation the goal of
helping users nd better answers to event related questions, this dissertation introduces
NewsTextAnalyzer, a system that automatically builds a knowledge graph from asser-
tions and events extracted from a large corpus of political news articles. The system
employs a lightweight NLP pipeline to uplift information from unstructured data and
provides structure to that information in order to create a knowledge graph. In addi-
tion, NewsTextAnalyzer recovers the sentiment that the public expressed on Twitter
as a reaction to speci c events reported in the news, and associates such sentiment to
speci ¢ assertions that exist in the graph. This ability of NewsTextAnalyzer to not
only report what happened but also how people reacted to it, di erentiates it from

similar systems.

NewsTextAnalyzer leverages open information extraction methods to recover knowl-
edge from the articles. Furthermore, NewsTextAnalyzer can recognize and resolve en-
tities, speci cally politicians mentioned in the articles' text and link their mentions to
their resource representation in DBpedia. This capability allows NewsTextAnalyzer to
support complex queries that require event information from its local graph and fac-
tual information that exists in DBpedia. In addition, the system can detect temporal

expressions, normalize them, and associate them to appropriate assertions. NewsText-



Analyzer also provides a user interface through which users can build queries to surface
event information, including the associated sentiment. For example, users can retrieve
all the events in which a politician was involved, or all the events concerning a type of

politician, such as Senators.

This dissertation provides information about background and related work in in-
formation extraction and knowledge graph construction approaches, details about the
design and implementation of the NewsTextAnalyzer system, a qualitative evaluation
of its capabilities compared to similar systems, directions for future work to improve

the performance of the system, and the conclusions and ndings of the project.
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Chapter 1
Introduction

Information retrieval (IR) is usually de ned as the task of nding text documents from
within collections to satisfy a user's information need . Search engines are applications
that implement IR technigques and apply them to a large corpus [1], the most famous
search engine being Google's. Typical use of a search engine involves the user typing a
guery to express his information need and the system returning a ranked list of relevant
documents. To be able to conduct the search in a reasonable amount of time, search
engines index the collection of documents in an o ine step. Indexing is the process of
calculating the importance of words within the documents and storing such information
in special data structures such as lookup tables and inverted indexes which are later
used during the querying process. A retrieval model is the method that governs how
word importance is computed. Most retrieval models utilize statistics derived from the
frequency a word occurs within a document and the frequency it occurs over the entire
corpus [2].

The prevalence and popularity of search engines on the Internet demonstrates that
IR systems work well when users are looking for documents about a topic. However,
in other situations, users are looking for answers to questions they have. In such cases,
the search engine puts considerable amount of work onto users, who have to go through
the search result list and inspect each document [3] to see if they can get an answer to
their question. This becomes even more di cult for users when there is information
overload, that is when there are many documents related to the question that do not
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clearly provide an answer.

Some users' questions could be complex, such as \Which Democratic Senators left
o ce during President Obama's term?". In such cases, it is possible the search terms
used in the query are not present in the documents that hold the answer [4]; hence, the
search results would not satisfy the user, who will need to spend time in thinking in an-
other way to express his information need. In addition, it is possible that a specialized
corpus does not even have documents with important pieces of the query. For example,
a corpus about U.S. nancial transactions, such as mergers and acquisitions, might not
have documents with information about the Federal Trade Commission (FTC), the
organization that reviews and approves such operations. Given the query \What were
the deals that were rejected when Joseph Simmons was Chairman of the FTC?", it
would be dicult for a search engine to surface useful documents just based on the
information of said corpus. These limitations arise from the fact that IR systems tend
to be isolated units that do not \read" or \understand" what is said in documents,
they do not extract meaning from the data, which in turn hampers their ability to
satisfy question and answering use cases [5].

On the other hand, Semantic Web technologies and tools have been designed with
the speci c purpose of modeling complex relations between entities through knowledge
graphs. Knowledge graphs de nitions vary but the Journal of Web Semantics de nes
them as \large networks of entities, their semantic types, properties, and relationships
between entities" [6]. One could think of a knowledge graph as a structured repre-
sentation of a set of facts or assertions, see Figure 1.1 for a graphical representation.
Thus, while IR systems leverage statistics derived from words and documents, knowl-
edge graphs go deeper and capture meaning.

Knowledge graphs can hold heterogeneous data because they model facts using
triples, simple constructs composed of a subject, a predicate and an object. That is,
a subject can have pieces of information associated to it via many di erent predicates.
On knowledge graphs, one can nd resources and literals. Resources are identi ed

Ihttps://www.w3.org/standards/semanticweb/data
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through the use of Uniform Resource Identi ers (URH. Literals can be of dierent
types such as strings or dates. Because resources have an identier, triples can be
created to describe relationships between resources [7].

By using triples, knowledge graphs can describe diverse facts such as \New York
City is part of the U.S." or \Donald Trump's birth date is June 14, 1946", without the
need of de ning a schema in advance as relational databases do. For example, the fact
that Donald Trump was born in New York City, graphically represented in Figure 1.1,
could be formally described with the triple depicted in Figure 1.2.

The triples that form a knowledge graph can be serialized through Semantic Web
technologies such as the Resource Description Framework (RDF) [8] and the Terse
RDF Triple Language (Turtle) [9]. Moreover, triplestores [7], purpose-built databases
that can handle RDF data, allow applications to write and read data from the graph
through the use of the SPARQL Protocol and RDF Query Language (SPARQL) [10], a
SQL-like query language. Triplestores have the ability to nd relation patterns within
the graph, enabling them to answer complex queries. Triplestores usually expose a
query service or endpoint to which applications can send SPARQL queries over the
HyperText Transfer Protocol (HTTP) 3. The triplestore parses the query and navigates
the graph of information to nd fragments of the graph that comply with a set of
conditions [11]. In addition, it is even possible for a system to reason over the infor-
mation contained in a knowledge graph, which would allow discovering facts that are
not explicitly stated in it [7].

Linking data across knowledge graphs allows triplestores to resolve queries that re-
quire information distributed among various knowledge bases that can be administered
by di erent institutions. In this fashion, di erent organizations can create specialized
knowledge graphs and interlink the overlapping resources. For example, a knowledge
graph about medications and the pharmaceutical companies that produce them, could
interlink to companies in another knowledge graph about enterprises listed in the New
York Stock Exchange and their market value. The interlinking could enable answering

2https://tools.ietf.org/ntml/rfc3986
Shttps://tools.ietf.org/html/rfc7231
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Figure 1.1: Representation of a small knowledge graph

Figure 1.2: Example of a formal triple

gueries by using information stored in the di erent graphs, e.g., \How the market value

of pharmaceutical companies changed when certain medication was introduced?". This
interlinking capability allows the enrichment and expansion of knowledge graphs as new
information surfaces or new requirements arise but reduces repetition when possible.

One of the milestones in the adoption of knowledge graphs by the technology in-
dustry occurred when in 2010 Google acquired Metaweb Technolodieat that time,
Metaweb had developed a knowledge graph called Freebase [12] that aimed to be a
massive database of the world's knowledge. Freebase contained data from sources such
as Wikipediz, but also information contributed and veri ed by a community of editors.
Freebase would become a core component of the Google Knowledge Graph, introduced
in 2012, and the Google Knowledge Graph in turn would become an important signal
that now Google Search uses to decide which information to surface to users as search

“https://googleblog.blogspot.com/2010/07/deeper-understanding-with-metaweb.htm
Shttps://www.wikipedia.org/
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results. Since then, many technology companies, such as Amazon, Microsoft, Apple,
and Facebook, have developed knowledge graphs to power software designed to satisfy
guestion and answering use cases, such as intelligent assistants. For example, to the
guestion \Who is the president of the U.S.?" an intelligent assistant could conclude
that the likely answer is \Donald Trump" by using the knowledge graph depicted in
Figure 1.1 to realize that:

President is a kind of title that people can have
Countries, such as the U.S., have cities, such as New York City
Donald Trump was born in the U.S. because he was born in New York City

Donald Trump is the likely answer to the query because he has the \President"
title and is American

Initially knowledge graphs were constructed manually or through the transforma-
tion of structured data sources, such as relational databases [13]. However, in the last
decade, researchers have built systems that construct knowledge graphs from struc-
tured and semi-structured data automatically, such as DBpedia [14]. Because many
of these systems use Wikipedia as source, the resulting knowledge graphs hold ency-
clopedic information. That is, the Wikipedia-based knowledge graphs mostly contain
general world knowledge and facts that hold true at a speci ¢ period of time but does
not capture the history of changes.

To extend the kind of information ingested into knowledge graphs, researchers have
been looking to capture events, where events are de ned as actions that happened
at a certain point in time. Popular semi-structured data sources to gather events
from include curated Wikipedia pages such as the Wikipedia Current Events Portal
(WCEP)’. However, because the event coverage of such sources is limited, researchers
developed systems that could detect and extract events from news articles, such as

6https://googleblog.blogspot.com/2012/05/introducing-knowledge-graph-things-not.
html
"https://en.wikipedia.org/wiki/Portal:Current_events
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XLike [15]. Every day, major publications produce high quality journalism pieces that
cover events of interests all around the world in almost real time. These events evolve
as journalists learn new details about them and update their initial stories. To be
able to extract knowledge from the articles' texts, most of the advanced automatic
knowledge graph construction systems utilize sophisticated Natural Language Process-
ing (NLP) pipelines that could take more than a minute to process a single news article.

1.1 Motivation

Event information captured by the aforementioned systems include participants, date,
location and provenance. An indirectly related but interesting component of an event
is how people reacted to it. Such sentiment could be captured from social media sites
and associated to events extracted from news. However, it appears that a system that
automatically builds a knowledge graph from news articles and enriches it with senti-
ment data has not been designed yet. Thus, the main motivation behind the project
is helping users get better answers to their event related questions than what a typical
IR system could o er by surfacing the event's sentiment.

1.2 Contribution

This project aims to address the gap described before by proposing NewsTextAnalyzer,
a system that integrates sentiment data and event information into a single representa-
tion. It uses an NLP pipeline to extract event information quickly from news articles,
and calculates and integrates sentiment from public reaction on Twittérto a granular
event reported by the news. In addition, NewsTextAnalyzer links data to DBpedia,
which allows it to answer questions that require event information from NewsTextAn-
alyzer and factual information that NewsTextAnalyzer has not observed but exists on
DBpedia.

8https://twitter.com



Draft of 3:49 pm, Thursday, August 8, 2019 7
1.3 Research Questions

The guestions that the project aims to answer include:

How can events be quickly uplifted from a large corpus of unstructured data such
as hundreds of thousands of news articles?

How can events be represented in a knowledge graph to support temporal-related
qgueries?

How can sentiment about specic events be captured from social media and
integrated into the knowledge graph at a per-event level basis?

1.4 Context

To ground the project in a speci ¢ use case, NewsTextAnalyzer focuses on event ques-
tion and answering within the political space. The project explores how a knowledge
graph could be used to better understand political events. A system such as NewsTex-
tAnalyzer could potentially help political science researchers that want to understand
how public opinion shifted as a result of policy or government administration changes.
One could imagine that a system with wide coverage over many news publications could
provide more up to date opinion sentiment about a politician than a poll. Granted,
such information might be noisy but could be gathered at a fraction of the cost. For
example, the campaign team of a presidential candidate could use a system such as
NewsTextAnalyzer to assess if the candidate's speeches and policy announcements are
making a di erence on how people feel. Moreover, political science historians could use
this system to analyze the events that changed perception the most about a politician
during his career or identify all the events in which a politician was involved. From a
more general perspective, a system such as NewsTextAnalyzer could support curiosity
guestions coming from regular Internet users, such as \Which were the major cabinet
resignations during Theresa May's premiership?".
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1.5 Document Structure

This document is organized in the following way: Chapter 2 presents background
information and related works about information extraction and knowledge base con-
struction approaches which are central to this project. Chapter 3 explains the most
important design decisions made with respect to the NewsTextAnalyzer system. Chap-
ter 4 goes into the implementation details of the di erent system components including
its NLP pipeline, its enrichment module and its simple querying interface. Chapter 5
provides a qualitative evaluation between NewsTextAnalyzer and similar systems de-
veloped by research teams in the last 5 years. Chapter 6 describes areas of opportunity
to improve the system with future work. Lastly, Chapter 7 presents the conclusions.



Chapter 2
Background and Related Work

This chapter covers di erent approaches for relation extraction, a subtask of informa-
tion extraction, as well as a new paradigm called open information extraction. Relation
extraction and open information extraction are critical methods that support uplifting
knowledge from text, e.g., detecting what happened or identifying who conducted the
action. In turn, the extraction of knowledge is an important step of the process of
automatically building a knowledge graph.

In addition, this chapter presents examples of systems that automatically build
knowledge bases from structured, semi-structured and unstructured data. The typical
knowledge graph construction process involves additional tasks to knowledge extrac-
tion such as entity disambiguation. These systems also describe dierent ways to
model events and their properties, which this project uses as inspiration to represent
the events it extracts, including the sentiment attached to them.

2.1 Relation Extraction

In [16], Jurafsky and Martin de ne information extraction as the task of converting un-
structured information, speci cally text, into structured data. The goal of information
extraction is to extract meaning from sentences, usually in a limited way. Through
years of research, speci c subtasks have been de ned as part of information extraction
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such as named entity recognition (NER), coreference resolution, entity linking and re-
lation extraction. The named entity recognition task consists in nding words within a
sentence that refer to a subset of classes or entities [16]. Some systems are built with the
goal of identifying very speci c entities, such as diseases, medications, and biological
reactions, but the vast majority of named entity recognizers detect much more general
entity classes such as \person”, \organization”, and \location". Coreference resolution
consists in identifying words or tokens that refer to the same entity in a document [16].
Entity linking or entity resolution is a complementary task to coreference resolution
and consists in resolving the identi ed entities to their representations in a database
[16]. Lastly, relation extraction is the task of determining if a relation exists between
two entity mentions in a sentence, and if one exists, categorizing the relation into a
class [16], such as \capital of" or \born in".

In the last couple of years, advances in the entity recognition subtask have made
vast contributions to solve the problem, with modern English entity recognizers achiev-
ing over 90% F-measure, according to Yadav and Bethard in [17]. Publicly available
NLP tools such as Stanford CoreNLPand Apache Open NLP usually incorporate the
latest ideas from published by the research community allowing their entity recogniz-
ers to perform well too. On the other hand, relation extraction is a more challenging
task than entity recognition and still requires more research to achieve accuracy and
recall levels comparable to entity recognition. For that reason, the next subsections of
this chapter survey the literature to provide examples of di erent relation extraction
approach and methods.

2.1.1 Supervised Approaches

In supervised relation extraction, there is a set of speci c relations of interest de ned

in advance that are provided to the system. Supervised approaches require training
data in which each pair of entity occurrences have been labeled with one of the speci c
relations of interest. For cases in which a relation between entity mentions does not

Ihttps://stanfordnlp.github.io/CoreNLP/
2https://opennlp.apache.org/
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exist in the training data, a special relation marker could be used to represent such
fact. Supervised approaches tackle the relation extraction task as a classi cation one.
They build multi-class classi ers in which each class represents one of the prede ned
possible relations of interest.

In [18], Kambhatla used the Automatic Content Extraction (ACE) data from [19]
as training set. The ACE data contains many manually annotated sentences in which
entity mentions and their relations have been labeled. Kambhatla trained maximum
entropy models that used lexical, syntactic and semantic features derived from the
training sentences to categorize pair of mentions into one of 49 classes. In terms of
syntactic features, the author relied on the mentions' tokens, i.e., words, and the words
between them. Other syntactic features included Part of Speech (POS) tags and chunk
labels. The system devised by the author also performed NER on the sentence and
used the mentions entity types as features. The most advanced features were derived
from dependency parse trees. A dependency parse tree is constructed by examining
a sentence and identifying relations between head words and modi er words within
phrases. A head word is a word within a phrase that determines to which syntactic
category the phrase belongs. For example, in the sentence \American Airlines canceled
the evening ights to Los Angeles”, the head word for the noun phrase \the evening
ights to Los Angeles" is \ ights" while \evening" and \to Los Angeles" are just noun
modi ers applied to \ ights". Furthermore, the action \canceled" has the noun phrases
\American Airlines" and \the evening ights to Los Angeles" as dependents, with the
former acting as subject and the latter as object. This kind of analysis allowed the
author to incorporate features that indicated whether the entity mentions where in the
same noun phrase or verb phrase, or even the path that connected the mentions.

In [20], GuoDong et al. built on top Kambhatla's research, incorporated new syn-
tactic features to train a support vector machine (SVM) classi er, and were able to
achieve over 55% F-measure in extracting 24 ACE relation subtypes, a three point in-
crease compared to Kambhatla's method. The new features that allowed the classi er
to make better predictions included incorporating those derived via phrase chunking.
GuoDong et al. identi ed the phrase head words between the mentions and classi ed
them in 3 types before including them as features; the types were rst word, last,
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and other. In addition, they introduced the phrase head words before and after the
mentions, and the headwords of the entity mentions themselves. The authors also
compiled lists of special entities, such as country names or relative relations, and intro-
duced features that indicated if one of the mentions were within such lists. Through the
use of these list-based features, GuoDong et al. were more successful in correctly iden-
tifying location-based relations, e.g., \citizen of", and social relations, e.g., \parent of".

Nguyen et al. employed a supervised approach to extract relations from Wikipedia
through SVM classi ers [21]. First, the authors identi ed entity mentions through anal-
ysis of the sentences' syntax and by inspecting their chunk tags. Then, they resolved
all references to the same entity via an ad-hoc coreference resolution method. With
this information, SVM entity classi ers can correctly assign an entity type, e.g., \or-
ganization”, to an entity mention. The features the SVM entity classi ers use include
the category and parent categories of the source Wikipedia article, the most frequent
pronouns, and the singular nouns that appear on the rst sentence of the article. The
entity types themselves then become features of a relation extraction classi er. Nguyen
et al. believed that there are keywords that are strong indicators of relations, e.g., the
presence of the word \cofounder" provides a signi cant signal that the founder relation
might be expressed in a sentence. To nd potential high signal keywords, they used a
semi-automatic method that extracts entity mentions that have a known relation from
the summary sections of Wikipedia articles, and used those entity mentions to search
for even more sentences within Wikipedia. Using dependency parsing, Nguyen et al.
processed the recovered sentences, evaluating the words in the path between the pair of
entity mentions and ranking those words using a Term Frequency - Inverse Document
Frequency (TF-IDF) based model. The TF-IDF model calculates the importance of
words based on how many times a term appears on a document but also on the term
speci city, that is how uncommon a term is in a corpus [1]. Nguyen et al. manually se-
lected the words with highest relevance score for each relation of interest and obtained
the nal high signal keyword lists. During training and classi cation, the authors ex-
panded the idea of dependency tree into a core tree. A core tree contains paths from
elements in the dependency tree to keywords that appeared in the sentence, which
allows identi cation of relations between entities even if they are stated in an indirect
way. For example, from the sentence \Steve Ballmer joined Microsoft and eventually



Draft of 3:49 pm, Thursday, August 8, 2019 13

became CEQ", their system can identify the relation \CEO" between \Steve Ballmer"
and \Microsoft", even if the word CEO does not appear between those two mentions.

In [22], Chan and Roth explored the fact that relations between entity mentions
in the ACE 2004 corpus are categorized in ve groups: premodi er, possessive, prepo-
sition, formulaic, and verbal. For example, in the expression \American President",
an adjective or proper noun modies the head word of the noun phrase; thus, it is
categorized as a premodi er relation. In contrast, in the expression \President of the
United States", there is a preposition that is attached to the head word, and thus it
is categorized as a preposition relation. The authors found that if they were able to
predict the possible relation category between entity mentions, e.g., premodi er, they
would be able to discard those that were unlikely to have a valid relation. In essence,
estimating the relation category, allowed Chan and Roth to build a subsequent clas-
si er that receives a validated list of entity mentions which have a high probability
to have a relation, reducing false positives, and increasing F-measure. To identify the
relation categories, the authors created a list of patterns for the four rst categories.
The patterns use complex regular expressions based on words and POS tags to create
pattern matchers that can be applied to sentence fragments.

All the previous supervised methods rely on a classi er that requires the right set
of features in order to make a good prediction. Hence, most of the challenges for re-
lation extraction within this family of methods involve getting the right amount and
quality of labeled data, which usually demands hiring experts to annotate sentences.
Moreover, the training data also needs to include negative examples, and provide a
balanced distribution of examples across all relation classes [23]. In addition, these
methods require careful and consistent analysis of the features added or removed from
the model and their e ects in the prediction accuracy, i.e., they demand considerable
feature engineering. One of the major disadvantages of supervised methods is the re-
quirement to explicitly de ne the relations of interest which in turn makes it hard to
adapt the classi ers to recognize additional relations in the future.
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2.1.2 Semi-Supervised Approaches

Semi-supervised approaches have the capability to extract relations without requiring

large amounts of labeled data. Most of them rely on a set of rules or small set of ex-
amples that allows them to explore a database to obtain additional training, possible

noisy, examples. Two of the most important approaches are DIPRE and Snowball,

which are described below.

Brin followed a bootstrapping technique in [24] to extract book-author relations
from the web just by providing a handful of valid book-author pairs. The author
explored the fact that patterns and relations are linked. A good set of patterns can
extract good examples of a target relation between entity mentions. Then, these good
examples of a target relation could be analyzed to discover new patterns, at which
point the entire process is repeated. In this way, the initial input to a system of this
nature is only a small number of very good examples that showcase a relation that
is stated in dierent ways in a vast corpus. In the case of [24] such corpus was a
subset of the Internet composed of 24 million web pages. Brin built a system called
DIPRE that took only ve seed pairs that expressed the book-author relation, e.g.,
(\William Shakespeare", \The Comedy of Errors"). Then, the system analyzed the
corpus and obtained occurrences of the seed pairs, including the web page URL and
the surrounding text of the sentence that contained the occurrence. The system used
a set of hand-crafted rules to extract patterns from these occurrences by exploring the
similarity between the URLs and the similarity of the text that lied between the en-
tity mentions. The patterns selected made a tradeo : they would result in fewer false
positives because of the patterns' speci city but would also result in lower coverage
or recall. The author reasons that such compromise is acceptable for a corpus that is
as vast and redundant as the web, in which the same relation is probably expressed
repeatedly across di erent web pages. DIPRE was able to identify over 15,000 distinct
book-author relations by using the method described above.

Agichtein and Gravano augmented Brin's approach in [25] by introducing a step
that performs NER on sentences, and by generating patterns that included named en-
tity types. Compared to DIPRE, the Snowball system developed by the authors, only
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evaluated relations between entity mentions clearly de ned. For example, the relation
\headquarters" would only be evaluated between entities of types \organization" and
\location". Like DIPRE, Snowball takes an initial set of seed tuples, e.g., (\Microsoft",
\Redmond"), and then searches for occurrences of the tuples in a large corpus. It ob-
tains the NER tags of the mentions and discards those that do not comply with the
expected type. For example, if \Redmond" was found in a sentence but used in the
context of a last name, it would be labeled as \person" instead of \location" and this
sentence would be Itered out. Snowball analyzes the sequence of words between the
entity mentions as well as the text left of the rst mention and right of the second
one. But in contrast to DIPRE, Snowball does not group occurrences just by selecting
sentences with the same literal text in between their entity mentions. Instead, Snow-
ball uses the Vector Space Model (VSM) to represent the text that provides context
to the occurrence. In VSM, a text fragment is represented by a vector of numbers,
usually calculated based on the frequency of the terms in the text fragment and in
the entire corpus [1]. Modeling text as vectors enables the calculation of statistical
similarity between two pieces of text using methods such as cosine similarity [1]. By
incorporating VSM, Snowball gains robustness and is able to group occurrences in
which their connecting text only has minor di erences, such as punctuation symbols,
but that hold the same valid relation, something that DIPRE is not capable of. Snow-
ball uses a clustering algorithm to group the occurrences of seed tuples found in the
corpus by matching the similarity of the vectors that describe the context or connecting
text between the mentions, if such similarity is over a preset threshold. At this point,
Snowball has e ectively identi ed a new pattern for each cluster, where a pattern is
de ned by ve elements: the two entity types that are common to all occurrences of
the cluster, and the three vectors that represent the text left and right to the entity
mentions and the text between them. The latter component of the pattern, the vectors,
are taken from the respective cluster centroid calculated by the clustering algorithm
as the average of the vectors of all items that form the cluster. Another contribution
of Agichtein and Gravano is that they Iter out patterns and tuples based on a set
of rules and con dence score. For example, they use the new generated patterns to
nd new occurrences and discard the patterns that could not retrieve more than a set
of minimum occurrences. In addition, they check if any of the new tuples extracted
by the new patterns actually contradict previous ndings. For example, if a pattern
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extracts the tuple (\Microsoft", \New York") it would receive lower con dence score,
given that from previous iterations, speci cally from the seed tuple, Snowball knows
that Microsoft headquarters are in Redmond. The use of a NER tagger, the abstraction
of the context via VSM, and the process of estimating tuple and pattern con dence
allows Snowball to achieve signi cantly higher recall and precision than DIPRE.

One problem with the previous two approaches is that both expect to nd entity
mentions that express the relation near each other. However, in natural language, it is
common to use pronouns and other noun phrases to refer to subjects mentioned earlier
in a piece of text. In those cases, the seed tokens and respective NER tags will be too
far apart and might even belong to di erent sentences, preventing the systems from
detecting and extracting the relation. In [26], Gabbard et al. leveraged coreference
resolution to address this de ciency. The authors introduce a coreference step that
replaces no-name references, like possessives, by names observed before, allowing the
identi cation of candidate tuples that would have been missed otherwise. As expected,
this approach allowed the authors to achieve higher recall that previous bootstrap-
based approaches.

2.1.3 Unsupervised Approaches

The initial set of seed examples selected greatly in uence the precision and recall
achieved by semi-supervised methods, such as DIPRE and Snowball. However, no
guidelines exist as to what the characteristics of good seed examples are or the opti-
mal number of seed examples. In comparison, unsupervised approaches can extract
relations without requiring an initial set of seed examples and without de ning a set

of relations of interest. Thus, unsupervised approaches are useful when the focus of
the extraction is broad, i.e., there is not just a handful of relations of interest but
thousands, and when it is not possible to know the most important relations expressed
in the corpus a priori.

In [27], Hasegawa et al. propose a completely unsupervised relation extraction sys-
tem. Their method rst uses an ad-hoc NER tagger that can recognize hundreds of
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entity types. The NER tagger process the sentences within a domain-speci ¢ corpus
and identi es entity types and their locations. For example, in a corpus of nan-
cial transactions, it could nd mentions such as \Google", \Nest", \Amazon" and
\Zappos", and tag these as entities of the \company" type. For each possible pair of
instances, it explores the corpus and tries to nd co-occurrences, that is, text frag-
ments in which both entities appear near each other, within a prede ned maximum
distance. As a result of this operation, the system obtains many sentences that relate
both entities. For example, some sentences that the system might have obtained could
be \Google announced the acquisition of Nest in an all-cash deal”, \Google buys Nest
for 3.4 billion dollars”, \Amazon buys Zappos for 900 million dollars" and \Amazon
closed the acquisition of Zappos". All of the words found between a pair of the same
mentions, e.g., \Google" and \Nest", are accumulated. Using VSM, speci cally TF-
IDF vectors, the authors model the accumulated list of words to represent the context
of a speci c pair. Once all pairs have gone through this process, Hasegawa et al. cluster
pairs that have the same entity types according to the cosine similarity between their
accumulated connecting words. Given that there is no way to know in advance the
number of clusters, a hierarchical clustering technique is used. For example, given the
four expressions mentioned before, the system would have accumulated them in two
di erent groups because of their entity mentions, and during the clustering process,
both groups would have been clustered together because of the high cosine similarity
between their aggregate connecting text. The resulting cluster would represent entities
of type \company" in which the rst one acquired the second one. The label for the
cluster, that is the name of the relation identi ed, would be calculated based on the
most common words among the connecting text of the sentences that belong to the
clusters. The disadvantages of this method include the fact that some relations are ex-
pressed with text that does not appear between entity mentions causing the extractor
to miss them, and that because many distinct relations can exist between the same pair
of entity types, the extractor might cluster them incorrectly. For example, a pair of
companies might have appeared in the context of an acquisition but later appeared in
the context of one being a subsidiary of the other. The clustering method used by the
authors could end up grouping both sentences believing they express the same relation.

Etzioni et al. described an unsupervised system, called KnowltAll, capable of ex-
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tracting information from the web instead of from a particular corpus [28]. Because of
the scale of the web, the authors reasoned that deep sentence syntactic analysis was not
the right approach to solve the task at the web scale. Instead, KnowltAll starts with
an ontology and a set of prede ned generic templates from which extraction patterns
are derived. KnowltAll is composed of three main modules: Extractor, Search Engine
Interface, and Assessor. The Extractor uses the ontology to generate class specic
extraction patterns from a set of templates. For example, a generic template could be
\NP, such as NPList", where NP represents a noun phrase, and NPList a list of noun
phrases. Hence, an extraction pattern to capture the hyponymy relation between the
elements of a list and a speci ¢ class from the ontology, like \Country", can be derived
as \countries, such as NPList". The Extractor will use these class-speci c extraction
patterns to nd matches within sentences of a document passed as input. In addition,
it processes the sentences to obtain their chunk and POS tags, and uses this informa-
tion to apply syntactic constraints and lIter out spurious extractions. For example, it
validates that the head word of each of the noun phrases in the list are proper nouns.
Lastly, the Extractor generates keyword queries for each particular extraction pattern,
by using the literals involved in it. In the case of the extraction pattern mentioned
before, the literals \countries" and \such as" become the keyword query \countries
such as".

The second KnowltAll component, Search Engine Interface, takes the keyword
gueries generated by the Extractor and sends them to many search engines, including
Google. In a parallel fashion, the Search Engine Interface, visits each of the web pages
listed in the results returned by the search engines. It downloads the web page content,
which is later presented to the Extractor component.

Finally, the Assessor computes a score about a candidate extraction obtained by
the Extractor, e.g., (\country”, \Italy"). The score is based on hit counts obtained
from the search engines to discriminant phrase queries. KnowltAll generates discrimi-
nant phrases from the extraction patterns and a particular instance of a class. In this
context, a discriminant phrase could be the keyword phrase and the instance appearing
contiguously, e.g., \countries such as Italy”". For other classes, such as \Scientist", a dis-
criminant phrase that includes the class and the instance contiguously, e.g., \scientist
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Albert Einstein", would be more appropriate. The abundance of particular discrim-
inant phrases in search results signal to KnowltAll that the candidate extraction is
valid. Discriminant queries related to valid extractions result in a higher search engine
hit count, which in turn result in higher con dence score.

KnowltAll utilizes bootstrapping to generalize the extraction patterns in following
iterations of the process. After it collects enough high-quality instances of classes using
the extraction patterns derived from the generic templates, KnowltAll trains discrim-
inators using the extractions with the highest con dence score. It then selects the
best discriminators for each class and use the Search Engine Interface to obtain new
instances of the classes, which are then Itered by con dence score, and the process
repeats.

In a subsequent work [29], Etzioni et al. conducted a detailed analysis of KnowltAll.
They proposed enhancements to allow the system to extend its coverage of the rela-
tions it can extract. One of those enhancements is the inclusion of a Pattern Learning
module. The authors explain that a crucial de ciency of KnowltAll is that the generic
templates need to be exible to work across classes but that in turn prevents the sys-
tem from learning domain-speci c patterns. For example, a good extraction pattern to
identify movies would be \the Im NP starring” but this template would not generalize
well to other classes, such as \album"; thus, it could not be incorporated in the initial
set of generic templates. In essence, the authors recognize that the relations KnowltAll
can extract are generic in nature, e.g., part of, hyponymy, etc. To solve this, the au-
thors propose extending the use of the search engines to obtain context about instances
of classes. The new version of KnowltAll takes instances of classes captured by the
Extractor and validated by the Assessor, and uses them as keywords within queries
sent to the search engines. The documents returned in response to these queries are
examined and the context, words around the occurrence of the instance within a result-
ing document, are gathered as patterns. In these new patterns, the occurrence of the
instance is replaced by a placeholder associated to the class name. Because of the way
these patterns are generated, they are domain-speci ¢ and can increase coverage. For
example, if \Point Break" is a validated instance of the class \Film", then a query for
\Point Break" might return documents including the phrase \parts of the Im Point
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Break were shot at", from which the pattern \parts of the Im <FILM >were shot at"
could be derived. Furthermore, the authors came up with a method to estimate the
expected precision and recall of the extractions these patterns could achieve, which
allows the new version of KnowltAll to Iter out most of the low-quality patterns.

A second enhancement presented by Etzioni et al. in [29] is the introduction of
a component called List Extractor, which results in a signi cant increase in coverage
over baseline KnowltAll. The researchers explain that on web pages it is common to
nd lists that have instances of a speci c class because many web pages auto-generate
content from databases, so they impose a structure to the information they expose
online. The List Extractor takes some validated instances of a class, queries the search
engines, and examines the documents returned by them. The component parses the
HyperText Markup Language (HTML)?® of the page looking for list structures. It then
learns which class is the list about and extracts the list items. The number of lists in
which a particular item appears is tracked too, and after validation, this information
is used to incorporate new instances. For example, the List Extractor might prepare a
query with the keywords \Point Break", \The Godfather", \Rocky" to get information
about the class \Film", nd many lists in which not only the previous Ims appear
but also the terms \Casablanca" and \Gone with the Wind", allowing the system to
discover new valid Ims. It is important to note that the authors also came up with a
way to learn patterns that indicate the presence of a list of instances on a web page.
They call these patterns wrappers. The wrappers can be assessed in terms of quality
and even new ones can be discovered over time. Through these enhancements, Etzioni
et al. improved recall by 4 times over the original version of KnowltAll when only
extractions with a con dence score over 0.8 were considered.

In [30], Yan et al. proposed a similar clustering approach to Hasegawa's but applied
it to a more structured corpus, speci cally Wikipedia, which enabled them to identify
stronger relations. The authors created a list of related concepts by exploring how
Wikipedia pages were linked to others. The main title of a Wikipedia entry is consid-
ered a main concept or entity, while pages linked to it are considered secondary ones.
Their method identi es sentences from Wikipedia in which pairs of concepts appear

3https://www.w3.0rg/TR/html401/
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together. Dependency parse patterns of such sentences are mined to represent intrinsic
context. To gather additional features, Yan et al.'s method also uses a Web Content
Collector component that issues queries that include the concept pair to a search en-
gine. Upon obtaining the search results, it analyzes the snipped text included in each
entry to extract additional context that might not have been stated in Wikipedia.
From this text, the system selects a keyword for each concept pair as a simpli ed rep-
resentation of the context. Then, the system applies a two-phase clustering process
to group concept pairs. First, the system clusters concept pairs by similarity of the
context provided by the dependency parse trees that link the concepts. Once stable
clusters are formed, they are considered as initial points for a second k-means clus-
tering algorithm that uses the context retrieved for each concept pair from the search
engine. As expected, the use of additional information not present in the corpus, i.e.,
Wikipedia, allows this method to improve recall, as certain relations are not directly
captured by dependency trees, but are paraphrased and expressed in more direct ways
on the web.

2.2 Open Information Extraction

Open information extraction has the same goal as information extraction but with
additional characteristics: the sole input is a corpus composed of articles in natural
language, the open information extraction system performs a single pass over the cor-
pus to discover relations stated on the text, and the system can work at the scale of
the web [31]. Thus, in open information extraction, the system does not receive a
list of relations of interests, it does not receive a list of the relation arguments, nor a
list of the relation arguments' types. Most open information extraction systems are
self-supervised, that is they use heuristics to generate labeled data to train extractors.
The goal of the relation extraction task was to identify the relation between entity
mentions marked in a sentence, in case such relation actually exists. In comparison,
the goal of the open information extraction task is to product a set of triples as a result
of analyzing a sentence. All the entries of the triple are text fragments. The triple
indicates that two entities in the triple, usually the rst and third entry of the triple,
have the relation speci ed in the remaining entry, usually the second one. One could
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consider that, in a way, open information extraction performs entity mention detection
and relation extraction at the same time. Open information extraction is an active
area of research that has gained interest over traditional relation extraction among the
research community in the last couple of years. This section describes four approaches
that are often cited in the literature: TextRunner, O-CRF, WOE and ReVerb.

2.2.1 TextRunner

In [31], Banko et al. reached a similar conclusion as Etzioni et al. in [28]; that is that
methods that rely on NER taggers to perform relation extraction will not work with the
vast, heterogeneous and multi-domain text that one nds on the web. Thus, to build a
system that can capture knowledge at that scale, one cannot depend on deep linguistic
features for the extractor. Furthermore, the authors recognize that even unsupervised
methods, e.g., KnowltAll, within the traditional information extraction space still rely

on entity or pattern seeds that allow them to bootstrap the extraction process. In
comparison, Banko et al. envision a system that is domain-independent and that does
not require prior information about relations. Banko et al. propose TextRunner, a
system made of three components: a self-supervised learner, a single-pass extractor,
and a redundancy-based assessor. The self-supervised learner takes the Penn Treebank
[32], a small corpus composed of approximately 2,500 articles from the Wall Street
Journal that have been manually annotated and generates a classi er that estimates if
a candidate extraction is likely to be correct or not. The learner processes the sentences
from the corpus and obtains its dependency parse tree. Using that tree, the learner
nds the base noun phrases within the sentence, which it considers possible entities.
Then, for each pair of base noun phrases, the learner nds the words that connect
such phrases by navigating the dependency tree. This set of connecting words become
the relation and along with the base noun phrases, form a candidate extraction. The
learner evaluates a list of conditions on the extractions; if all of them are met, the ex-
traction is considered valid; case contrary, the extraction is marked as invalid. Some of
the conditions evaluated include that the dependency path between candidate entities
is shorter than a prede ned length, that the dependency path from entity 1 to entity

2 does not cross a sentence boundary, and that the entities are not just pronouns.
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Once all extractions have been labeled as valid or invalid, the learner transforms the
extractions into features that are used later to train a Naive Bayes classi er, which is
the nal output of the learner. The set of features derived from the extraction include
the POS tags of the relation, POS tags to the left and right of the entities, the number
of tokens in the relation, whether the entities are proper nouns, among others.

The second component of TextRunner, the extractor, goes through a large web cor-
pus, and processes each sentence, obtaining its POS tags and its chunk tags to identify
noun phrases and possible entities. The extractor also examines the text between the
noun phrases and follows a set of heuristics to simplify the connecting text and obtain
the relation. Some of the heuristics used by the extractor include removing preposi-
tional phrases and single-token words such as adverbs. As a result of this process, the
extractor obtains candidate extractions that the classi er evaluates. Those that are
classi ed as positive are persisted by TextRunner.

The last component of the TextRunner system, the assessor, normalizes the rela-
tions by removing verb and noun modiers. Then, it groups all positive extractions
that have the same entities and the same normalized relations, and count the number
of sentences in which such base extraction was present. These counts are used to es-
timate the probability that the extractions contain a valid relation between the entities.

When TextRunner and KnowltAll were given a corpus of 9 million web pages, both
produced a similar number of extractions about relations of interest given to Know-
ItAll. However, the error rate of the extractions produced by TextRunner was 30%
less than the error rate of those produced by KnowltAll. From a software engineering
perspective, TextRunner is also more e cient than KnowltAll; the former can capture
almost the same number of extractions than the latter, but with a total runtime in the
range of tens of hours, instead of tens of days over the corpus described before. Factors
that enable TextRunner's e ciency include its capability to execute a distributed ex-
traction process, and its ability to extract relations in a single pass. Moreover, in the
same time that it took KnowltAll to capture extractions for given relations of interest,
TextRunner is able to capture orders of magnitude more extractions about broader
relations. Furthermore, TextRunner does not depend on search engines, which tend to
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impose querying rate limits that could hamper the performance of an open information
extraction system.

2.2.2 O-CRF

Building on the lessons learned from TextRunner, Banko and Etzioni introduced the
O-CRF system in [33]. O-CRF incorporates a couple of changes to TextRunner that
allows it to extract triples from binary relations at high precision, almost double the
recall of, and 63% F-measure gain versus TextRunner. The authors propose refram-
ing the relation extraction problem from a classi cation one to a sequence labeling
one by incorporating a conditional random eld model instead of a Naive Bayes clas-
si er. Conditional random elds could be thought of as a model that when given a
sequence of inputs, outputs the most likely sequence of labels for such input. Sim-
ilar to TextRunner, O-CRF also has a self-supervised learner. O-CRF uses a set of
relation-independent rules to extract triples from a small corpus. Some of the rules al-
low the extraction of valid triples, which act as positive training data, and other rules
purposely extract invalid triples that serve as negative training examples. Features
similar to those used in TextRunner, e.g., chunk and POS tags, etc., are extracted
from these training examples, and are used to train a conditional random elds model.
As a result, the model learns to identify words that explicitly state a relation between
entity mentions. Once the model is prepared, O-CRF can start processing a large web
corpus. First, it extracts sentences, chunks them, and identi es noun phrases. If there
is a text fragment with two noun phrases connected by a number of words smaller than
a prede ned length, the text fragment is considered a candidate extraction pending
evaluation. O-CRF then anchors the noun phrases as the beginning and end of the in-
put sequence, and the conditional random eld model trained before is used to generate
a sequence of labels. If the model believes there is a relation in the words connecting
both noun phrases, then the beginning and end of such relation will be marked with
special labels in the output sequence. A particular characteristic of O-CRF is that it
has a second mode of operation, similar to traditional relation extraction because it can
receive relations of interest and only focus on extracting those if necessary. To be able
to work in this mode e ectively, when the output sequence provided by the conditional
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random elds model has labels marking a potential relation, O-CRF passes the labeled
relation to a Synonym Resolution component based on [34]. The Synonym Resolu-
tion component, called Resolver, is able to nd similar text fragments that express the
same relation, which allows O-CRF to increase its recall in this second mode of op-
eration. This is a particular capability that O-CRF possesses but TextRunner does not.

2.2.3 WOE

Wu and Weld proposed WOE, an open information extraction system than uses Wikipedia
instead of the Penn Treebank to build a dataset that is used to train extractors in a
self-supervised fashion [35]. WOE is made of three components: preprocessor, matcher,
and learner. The preprocessor takes Wikipedia articles' HTML and obtains its POS
and chunk tags. The preprocessor also creates lists of synonyms for the main concepts
of the article, and if possible, for the values listed in the Wikipedia article's infobox.

A Wikipedia infobox is a kind of template, similar to an attribute-value table, that
certain type of Wikipedia pages include on the right side of their content; see Fig-
ure 2.1 for an example. To create the lists, the component employs two techniques:
redirect page inspection and backlink inspection. With the former, the preprocessor
examines redirection pages that take users to the article under examination, and ex-
tracts the title of the redirect pages, which become synonyms. With the latter, the
preprocessor explores Wikipedia pages that have links to the article under processing,
nds the links, and extracts the anchor text used by such pages. For example, using
the rst technique, the preprocessor nds that the Wikipedia page \Einstein" redirects

to \Albert Einstein". The second technique would have found the same synonym if
the preprocessor examines the page \University of Zurich".

The second WOE component, the matcher, takes the lists of synonyms and the
tuples of attributes and values captured from the article's infobox, and searches for
sentences that contain a reference to both: the article's main subject and a value from
one of the tuples. To extend coverage, the matcher uses the lists of synonyms to nd
additional sentences. The matcher also employs a set of heuristics to broaden the scope
of sentences it associates to a particular tuple. For example, if no sentence is retrieved
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Figure 2.1: Example of an infobox

for an exact match or a synonym match for the article's subject then the matcher tries
to nd sentences that match a pre x or su x of the subject. Additional heuristics,
such as assuming that the most common pronoun refers to the subject, are applied
in cascading fashion if necessary. The matcher also follows a set of rules to discard
sentences that might not be of good quality, e.qg., verifying that the subject and value
are headwords of noun phrases in the sentence.

The WOE system actually comes with two di erent learning extractors, WOEpos
and WOEparse. WOEpos trains a conditional random eld model with the sentences
annotated by the preprocessor and selected by the matcher, similar to O-CRF. In
contrast, WOEparse extracts the dependency parse tree of the candidate extraction,
and uses features based on the dependency path to construct a pattern learner. Such
pattern learner will eventually be able to examine the dependency path between two
noun phrases and decide if a relation is stated in it. It is worth noting that WOEparse
applies a series of transformations to the dependency parse trees before using their
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features to train the pattern learner. For example, WOEparse discards or adds tokens
to the shortest dependency path depending on their function in the sentence. It also
replaces the lexical tokens with their corresponding POS tags, and converges families
of POS tags into single label, such as mapping POS tags for proper noun, proper plural
noun, singular noun, and plural noun to just noun. The result of these transforma-
tions is called a generalized core path by the authors and becomes a pattern. After
all of this additional processing, WOEparse persists the patterns to a database and
calculates their frequency over the given set of labeled sentences. According to Wu
and Weld, from a set of more than 250,000 labeled sentences, WOEparse learned more
than 15,000 di erent patterns, with 185 of them appearing in 100 di erent sentences
each.

WOEpos achieves an improvement of more than 18% of F-measure over TextRun-
ner, while WOEparse's gain is greater than 72% over the same baseline. To achieve
such increase in F-measure, WOEparse sacri ces runtime: it takes WOEparse almost 30
times as much time to process a sentence when compared to TextRunner and WOEpos.
An interesting observation that Wu and Weld make is that even if WOE was trained
on a speci ¢ kind of corpus, Wikipedia, it performs well on other kind of sources too,
such as news articles. That is because the WOE system uses non-lexical features, such
as POS, chunk tags, and the generalized core paths, instead of explicit tokens, i.e.,
words, which is also true for TextRunner. An additional interesting nding of the au-
thors, is that as the length of a sentence increases beyond 10 tokens, the F-measure of
WOEparse decreases at a smaller rate than that of WOEpos, and it never goes below
0.5 even for sentences made of more than 40 words. Nevertheless, that comes at the
cost of runtime: WOEparse processing time grows quadratically with respect to sen-
tence length, while WOEpos runtime is linear.

2.2.4 ReVerb

Fader et al. introduced a rule-based approach to open information extraction in [36].
Previous methods used heuristics or distant supervision to gather a dataset of anno-
tated sentences that contain relations between entities, and used such sentences to learn
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an extractor. During the extraction phase, the extractor was utilized to evaluate the
context connecting two entities, usually noun phrases, and tag the tokens that formed
the relation, in case the extractor believed one existed there. One problem with the
previous approaches is that the resulting datasets are noisy, and they tend to provide
a large number of example sentences for a small set of relations. Furthermore, because
these methods frame the problem as a sequence-labeling one, their models rst anchor
candidate arguments of the relation, typically noun phrases, then try to extract a re-
lation. This could derive in the extractor considering a noun phrase that is part of the
relation as an argument, resulting in uninformative extractions. Lastly, because the
extractors make decisions on what tokens are part of the relation, word by word, when
early decisions are wrong, the identi ed relation tends to be incorrect.

To combat these problems, Fader et al. proposed ReVerb, a system that can iden-
tify most of the English verb binary relations. Instead of generating a training dataset
to learn an extractor, ReVerb uses simple manually crafted rules to extract triples.
Moreover, compared to previous open information extraction systems, ReVerb rst
identi es possible relations in a holistic manner, and only then attempts to nd the
correct arguments for those relations.

ReVerb identi es candidate relations and arguments by examining POS and chunk
tags. For ReVerb, a sequence of tokens that starts with a verb is a potential candi-
date relation. ReVerb applies syntactic rules to Iter out uninformative or incoherent
extractions that other systems such as TextRunner often surface. Uninformative ex-
tractions are those that are missing information, such as noun phrases that o er more
context to the relation or to the arguments. For example, from the sentence \Thriller
is an album by Michael Jackson", previous extractors would have captured (\Thriller",
\is", \an album") as a triple, while ReVerb would capture (\Thriller", \is an album
by", \Michael Jackson™). Incoherent extractions are those for which the extractor cap-
tured a relation that does not make sense, usually because the relation was created
from words distant from each other in the sentence. For example, from the sentence
\They recalled that Thriller was recorded in Los Angeles", previous extractors would
label the relation between \Thriller" and \Los Angeles" as \recalled recorded" instead
of \was recorded in". Additional syntactic rules that allow ReVerb to minimize this
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kind of errors include verifying that a multi-word relation ends with a preposition, or
that the tokens of the candidate relation are all contiguous.

Because of the syntactic rules, ReVerb could end up extracting over-specic re-
lations, with many modi ers such as adverbs, that might not drastically change the
meaning of the relation. To overcome this, ReVerb relies on a dictionary of relations
constructed before the extraction phase. The dictionary is populated by processing
hundreds of millions of sentences from the web using the syntactic rules described be-
fore. The arguments of those relations are identi ed, and an entry for each distinct
relation is added to the dictionary if the relation has been observed for a minimum
number of distinct arguments. Fader et al. report that the ReVerb dictionary holds
more than 1.7 million di erent lexical relations. During the extraction phase, once
a relation has passed the syntactic rule validation, ReVerb consults the dictionary to
check if the candidate relation has been signi cantly observed before on the web. If
that is not the case, the relation is discarded.

Once a relation has been identi ed correctly, ReVerb extracts its arguments by
nding the nearest noun phrases to the left and right of the relation and applying ad-
ditional syntactic constraints, such as that those noun phrases are not just pronouns.
At the end of this process, ReVerb returns a triple.

ReVerb also trains a logistic regression classi er to estimate the con dence score
of the triple extracted. The dataset required to train the classi er is relatively small,
in the order of 1,000 sentences in total for positive and negative examples. Features
used by the classi er include the length of the sentence, the type of the last preposi-
tion present in the relation, the argument's type of noun, among others. When taking
con dence score into consideration, ReVerb achieves 30% more area under the curve
than WOEparse and almost twice area than TextRunner and WOEpos. In terms of
runtime, ReVerb is 20% faster in processing sentences than TextRunner and WOEpos,
and almost 50 times faster than WOEparse.
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2.3 Knowledge Base Construction

The knowledge base construction task uses methods of pattern matching, information
extraction, open information extraction and data integration to automatically build
knowledge bases. A related task called knowledge base population has the objective
of extending and enhancing the coverage of an existing knowledge base. During the
last couple of years, researchers have proposed systems that perform knowledge base
construction from structured data such as database tables and semi-structured data
such as Wikipedia infoboxes. More recently, in an e ort to extract knowledge about
events, systems that can process unstructured data, specically news articles, have
been proposed. This section presents six systems that are some of the most cited by
papers on the knowledge graph construction literature. The systems described in detail
below are: Yago, DBpedia, EVIN, XLike, ECKG and EventKG.

2.3.1 Yago

Instead of using an open information extraction approach to automatically build an
encyclopedia-like knowledge base, in [37], Suchanek et al. present the idea of using
structured data from Wikipedia and WordNet [38], a lexical database. The authors
argue that for applications that require near-perfect knowledge, such as those that
reason over assertions, systems based on open information extraction techniques, e.g.,
KnowltAll, generate many inaccurate extractions, and when only high con dence ex-
tractions are considered, recall is low. In order to avoid this problem, they propose
Yago, a lightweight system that can identify a prede ned set of 14 relations, produc-
ing more than 1 million entities and 5 million facts. Yago uses a set of heuristics to
process Wikipedia pages and categories, and WordNet synsets and their hierarchical
structure to produce extractions. A synset is a group of words that could be consid-
ered semantically equivalent or refer to the same concept, in addition that they belong
to the same POS category, like the noun words \human" and \person". In particular
Yago leverages the hypernym/hyponym relation that exists between synsets. Their ap-
proach allows the Yago system to capture millions of assertions with over 95% accuracy.

Yago obtains information about entity instances, such as people, or cities, from
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Wikipedia pages, most of which have been categorized by editors. For example, the
Wikipedia page \The Godfather" has been tagged as part of the \1972 Ims" and
\Films directed by Francis Ford Coppola" categories, among others. On Wikipedia
there are pages explicitly created to list all articles that belong to a category. This
category information allows Yago to identify entities, concepts, and relations. The
Wikipedia category hierarchy and the link structure connecting di erent categories
and pages is extracted by Yago from a relational database provided by Wikipedia.
On the other hand, to create an ontology of concepts, Yago uses WordNet instead of
Wikipedia, because the former is cleaner in its organizational structure than the latter.
For example, on WordNet, a number of synsets are associated to the word \ Im", in-
cluding the synset \ Im.n.01" and \movie.n.01". When one obtains the hypernyms of
the synset \movie.n.01", the parent synsets include \product.n.02" and \show.n.03".
In contrast, the parent categories listed on the Wikipedia page \Film" include \Art"
and \French inventions", which are not useful for organizing concepts into a taxonomy.

The list of relations that Yago recognizes include the generic \type", \subClas-
sOf" and \means" relations among others. Assertions for each relation are extracted
using a particular set of rules. For example, for the \type" relation, Yago assumes
that each Wikipedia page is a possibly a unique entity that needs to be assigned a
class. Such assignment occurs through the \type" relation. To determine which is
the right class for a candidate entity, Yago examines the categories it has been tagged
with. Suchanek et al. observe that Wikipedia categories sometimes serve di erent pur-
poses: some categories represent concepts, such as the category \Film", while others
serve more like a way to group pages that have something in common, such as the
category \1972 Ims". The concept categories associated to a candidate entity are
identi ed by conducting shallow NLP analysis on the category name. For example,
categories that have a plural word as head word are considered concept categories by
Yago. By leveraging the database of categories and page links, Wikipedia can learn all
the concept categories, and the candidate entities that are instances of such categories.
Hence, at this point, Yago can explicitly establish the \type" relation with an assertion.

To establish the \subClassOf" relation, Yago rst turns WordNet synsets into
classes. Then, it reduces the set of Wikipedia categories by only considering those
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that are leaf categories, i.e., those that do not have subcategories listed in Wikipedia.
Subsequently, Yago attempts to establish a link between the leaf Wikipedia categories
and the WordNet high level synsets. For example, Yago would try to create an as-
sertion that indicates that the \1972 Ims" Wikipedia category is a subclass of the
class \Film" derived from the WordNet synset \ Im.n.01". To do this matching, Yago
stems the head word of the Wikipedia category and extracts its premodi er. Then
it performs a lookup for WordNet derived classes that have the concatenation of the
premodi er and the head word, and establishes a match if it nds one. If not, it per-
forms a second lookup for WordNet derived classes that only match the head word and
selects the top one in terms of its frequency as observed by WordNet. To extract other
kind of relations, Yago applies other set of heuristics and rules to additional pieces of
information such as redirect pages, links and backlinks, and category names starting
with special phrases.

The authors also introduce a data model to express binary relations between en-
tities, properties of relations, e.g., transitivity, and event relations between relations.
Furthermore, their model requires that entities be grouped in classes and that each
entity has to be an instance of a class. An assertion composed of two entities and a
relation is called a fact, and is given a fact identi er within the model. Other assertions
can provide additional information by introducing relations to such fact identi er, e.g.,
provenance information, extraction method used, or con dence level.

2.3.2 DBpedia

In [14], Auer et al. present DBpedia, a system that can create a knowledge graph by
processing structured data from Wikipedia. In comparison to Yago, their method is
not limited by the relations of interests one can think in advance, nor it requires the
time-consuming and error-prone task of manually designing pattern-matching rules to
extract such relations. Instead, DBpedia can relatively easily identify relations by in-
specting Wikipedia templates, particularly infoboxes. For example, Wikipedia pages
about cities in a speci ¢ country may use a city template that lists its attributes such
as population or geographic coordinates. Wikipedia pages, including infoboxes, are



Draft of 3:49 pm, Thursday, August 8, 2019 33

created by Wikipedia editors through MediaWikf, the software that allows them to
write Wikipedia articles and runs the Wikipedia system. Templates are delimited with
special characters and the MediaWiki software imposes a structure to them. It uses a
set of keywords to express meta information that is utilized by the MediaWiki system
when rendering them. According to the authors, between 25% and 33% of articles
contain information-rich templates.

Wikipedia periodically publishes data dump les with relational database tables
that contain articles and their texts. DBpedia uses this data as input and follows
two di erent methods to extract information and build a knowledge base. The rst
method is to simply map relations already stated via the relational databases to an
RDF triple form, possibly leveraging the column labels as predicates, table names as
potential classes, keys as identi ers or additional relations, and table rows as entities
or instances. The second method extracts information from templates, and hence it
is much more sophisticated that the former. Auer and Lehmann describe the second
method in detail in [39].

To extract information from templates, Auer and Lehmann proposed a ve-step
process. First, their algorithm issues a SQL query to the articles table to search for
Wikipedia pages that have templates, which can be identi ed within articles' texts by
the \ff " and \ gg" delimiters generated by MediaWiki. Second, it extracts all tem-
plates used within the articles identi ed in the step before. Templates have types,
names, attributes and values, with the last two sometimes linked to other Wikipedia
pages. For example, the Wikipedia page \Los Angeles" uses an infobox template of
type \settlement" and includes attributes such as \State" and \County". The author's
algorithm lters out templates that have few attributes, and templates that are from
a type that has been used rarely. Through these heuristics, the authors attempt to
minimize incorporating errors made by editors and ingesting potentially contradicting
information. Third, the algorithm parses each of the templates to create RDF triples.
A URL based on the title of the page in which the template was found is created and is
used as subject for all the triples derived from the template. The algorithm generates a
di erent triple for each template or infobox attribute-value pair, with the attribute act-

“https:/iwww.mediawiki.org/wiki/MediaWiki
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ing as predicate and the value as object. Fourth, attribute values are further examined:
if an attribute value links to a Wikipedia article, the triple object is replaced by the
appropriate URL reference. This is easy to detect because within the template, tokens
that represent entities described by Wikipedia articles are placed between the \[[" and
\]]" delimiters. If the attribute value is a string, the algorithm tries to determine its
type so that it can be appropriately represented by an RDF literal. Some attribute
values contain lists instead of a single value. The algorithm can process such attributes
and turn them into individual triples. The last step consists in assigning a class to
the subject of the RDF triple, based on the article's category, and the template's type.
DBpedia uses classes derived from ontologies de ned by other systems such as Yago.
The end result of this process is a knowledge graph in RDF representation contain-
ing over 100 million triples with over 2 million entities that have an article in Wikipedia.

Some of the limitations of DBpedia include that information not present in in-
foboxes is not uplifted at all, such as tables. Editors have guidelines on how to write
articles but not any on when to use an infobox instead of a table to present information.
Such decision is left at the discretion of contributors. Furthermore, editors are free to
create additional templates and template types that might be redundant. Finally, some
editors use infoboxes for administrative or formatting purposes instead of using them
for summarizing key information. Such templates might be erroneously captured by
DBpedia if its heuristics and extraction patterns are not revisited periodically.

2.3.3 EVIN

Previous general-purpose knowledge graphs like DBpedia or Yago hold limited informa-
tion about events because of the curated source they use as input, e.g., Wikipedia, and
because they focus on entities and facts. In [40] and further detailed in [41], Kuzey et
al. propose EVIN, a system that takes a stream of news articles, extracts named events
from it, and populates a knowledge base with such information, increasing coverage
of events compared to general purpose knowledge bases. The authors point out that
in order to build a high-quality knowledge base, the events need to be consolidated to
avoid having assertions that describe the same event. Similarly, the authors emphasize
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that named events need to be categorized with as much granularity as possible us-
ing a prede ned hierarchy. For example, the \2016 U.S. Presidential Elections" event
should be categorized as one of type \elections", while the \2018 World Cup Finals"
event should be categorized as one of type \sports tournament”. From the authors'
perspective, an event is \something that happened at a certain point in time or during
a certain time period”.

EVIN takes news articles through a standard NLP pipeline to derive features from
them, including the textual content, the article's publication date, named entities iden-
tied in the article, and the types of events mentioned in the article. Named entities
are identied by a NER module in the pipeline but identifying the type of events
mentioned in the article is more complicated. EVIN relies on Wikipedia categories
to generate event types. EVIN takes all Wikipedia pages that belong to a Wikipedia
category and constructs a language model based on the title, body content, and nor-
malized dates that appear in the pages. Similarly, EVIN builds a language model for
each news article. Then, it identi es the article's category by comparing its language
model to the categories' language models using the Kullback-Leibler divergence met-
ric. The Kullback-Leibler distance is a kind of measure that quanti es how similar two
documents are. The categories that are the most similar to the article are accepted.
EVIN further analyzes the accepted categories, by leveraging WordNet. EVIN searches
corresponding WordNet event types using the head word of the accepted Wikipedia
category as lookup term. From the WordNet event types recovered across all accepted
Wikipedia categories associated to a single article, EVIN selects the event type deep-
est in the WordNet hierarchy. This process allows EVIN to classify articles into event
categories of high granularity. For example, if EVIN ends up with the WordNet event
types \contest" and \match" as results of a search to categorize an article about the
\2018 FIFA World Cup Final Match", it would select \match" as the de nitive event
type, because \match" is a hyponym of \contest" in WordNet.

EVIN also calculates other measurements of similarity between news articles, such
as content distance, temporal distance, entity distance, and type distance. The content
distance is the cosine of the article's TF-IDF vectors based on a bag of words model.
The temporal distance is the di erence in the articles' creation date normalized over
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the time horizon of the corpus, that is the di erence between the oldest and newest
article. The entity distance uses the Jaccard coe cient to quantity the overlap that
exists between entities recognized in both articles taking the entities’ TF-IDF values
as input. The type distance also uses the Jaccard coe cient but quanti es the overlap
on the articles' accepted categories by taking the IDF values of the set of accepted
categories as input. All of these metrics allow EVIN to represent the corpus of articles
in a graph. In this graph, each vertex represents an article's set of features, such as
its creation date, the named entities recognized, and its accepted categories. If two
vertices share at least one named entity and accepted category, they are connected by
an undirected edge with a weight equivalent to the content distance. If two articles oc-
cur one after another according to their creation dates, the vertices that represents the
articles are connected by a directed edge with a weight equal to the temporal distance.
EVIN assumes that news articles will mostly describe a single event, given that the
system represents articles in the graph and not ne-grained event expressions obtained
via NLP from articles' sentences.

Once the graph is formed, EVIN goes through a process that reduces the graph
complexity while preserving its properties. Speci cally, EVIN follows an algorithm
that allows it to estimate how much information would be lost if two vertices are com-
bined into a single one. Through this process, EVIN is able to merge the representation
of articles that are mostly about the same events. In theory, such vertices should share
similar neighbors, have overlapping named entities, and categories. This process uses
the distance metrics calculated before and through multiple iterations produces new
versions of the graph with fewer vertices and with updated weights for the edges to
their neighbors based on the vertices merged on the previous iteration. Once the graph
becomes stable, and does not change anymore, EVIN applies a series of rules to each
vertex and selects those that are high quality enough to be ingested into a knowledge
base.

From observations of EVIN's Ul, it appears EVIN is able to create a timeline of
events, possibly leveraging the articles' creation-time based feature. However, it seems
that the dates stated at the sentence level where only used for the generation of lan-
guage models and did not play a role in the vertex representation of the article. Thus,
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date literals are not stated in the timeline generated by EVIN, only order of events.
This is one of the major de ciencies of the broad-event detection and article-level clus-
tering approach followed by EVIN.

2.3.4 XLike

With the same objective of building a knowledge base from information extracted from
news articles as Kuzey et al., but with an approach focused on extracting event infor-
mation at a high level of granularity, Padio et al. propose the XLike system in [15].
A particularity of XLike is that it can process articles in many languages, including
English and Chinese, and can consolidate event information into a semantic representa-
tion that is language independent. The obvious bene t of this approach is that events
are reported in the news at di erent levels of detail depending on their relevance to the
news publication and its country of origin. Thus, a system that can not only perform
information extraction in many languages but also aggregates such knowledge, would
signi cantly increase its coverage of events.

XLike implements an advanced NLP pipeline to process news articles. The NLP
modules perform tasks such as NER, dependency parsing, word sense disambigua-
tion (WSD), semantic role labeling (SRL) and frame extraction. The last three tasks
leverage multilingual lexicons such as WordNet and support XLike's capability of rep-
resenting knowledge in a language-agnostic fashion.

In natural language, words can have di erent meanings depending on the context
in which they are used. For example, consider the sentences: \He saved the money he
earned while working at the bank™ and \One of the best ways to sh bass is to pound
the bank". In both sentences the word \bank" is used but in the former, it refers to a
nancial institution, while in the latter, it refers to the terrain alongside the bed of a
river. WSD is the task of determining which of multiple possible meanings of a word,
i.e., sense, is being used in a particular sentence. WordNet and its extended versions
that cover other languages besides English, group words in sets of synonyms called
synsets. By using this and similar lexical resources such as the PredicateMatrix [42],
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the XLike WSD module can map words that mean similar things in di erent languages
and normalize them by referencing the same synset. For example, it can recognize
that the word \bank" in English and the word \orilla" in Spanish, are mapped in the
lexicons to the same synset and thus have the same meaning.

After a news article has been processed through the pipeline and syntactic infor-
mation has been extracted, XLike performs SRL and frame extraction. A frame is a
structure that de nes elements that play speci ¢ semantic roles in particular frames and
includes a list of predicates that use these roles. Lexical databases such as FrameNet
[43] organize common frames, i.e., actions and events, in families and specify the typical
roles involved in such frames, such as \actor" or \recipient". For example, when the
action of buying a good is stated in natural language it usually involves concepts such
as \buyer" and \seller", while the action of making or releasing a Im would involve
concepts such as \artist", \production company" or \studio". From the point of view of
Pado et al., a frame corresponds to a predicate, and the participants in the frame corre-
spond to the predicate arguments. For example, from the sentence \Google is based in
Mountain View, California", XLike would detect the frame \base", which states that
\someone or something is established somewhere". For this particular sentence and
frame, \Google" is a participant that plays the \theme" role while \Mountain View,
California” plays the \location" role. Through the use of WSD and frames, XLike
is able to construct a semantic representation of a sentence in a graph form. XLike
takes all graphs constructed from all sentences in an article and consolidates them into
a single one for the entire document. To do this, XLike follows a simple coreference
resolution approach by connecting individual graphs that have frame participants in
common, such as repeated nouns and named entities labeled by the NER module. The
semantic representation could go through an RDF transformation process that involves
entity resolution, entity linking, and lastly persistence to a knowledge base.

2.3.5 ECKG

In [44] and more thoroughly described in [45], Rospocher et al. propose a system
that can automatically construct an event centric knowledge graph, called ECKG, by
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extracting information from a corpus of news articles. The authors de ne events as
\things that happen" and that consist of four di erent pieces of information: an ac-
tion, a time at which the action occurred, a location in which the action occurred, and
the participants involved in the action. Within the research community [46], ECKG is
currently considered the state-of-the-art in terms of systems that automatically build
knowledge graphs from news articles.

The system Rospocher et al. propose has two main parts: one that processes
documents and annotates their content with syntactic and semantic information, and
another one that performs coreference resolution across documents. The rst part is
governed by a long and complex pipeline of modules that implement deep NLP tech-
niques. The pipeline is capable of identifying events, even those that do not have a
particular name, actors involved in the event, as well as the possible event location
and time. The output of the pipeline is a representation of all the event mentions.
It is important to point out that the system actually has four di erent pipelines, one
for each of the language it supports, and that the NLP modules of each pipeline are
language-speci c. For example, the English pipeline consists of 15 modules while the
Spanish one only has 11. The information that ows from module to module is repre-
sented using the NLP Annotation Framework (NAF) [47], which is a format to describe
the results of di erent levels of linguistic analysis conducted over a text. The output of
each module results in annotations added to the NAF representation of the news article.

Standard NLP operations are applied to the text by the rst few modules of the
pipeline. For example, the POS tags and lemmas are obtained, named entities identi-
ed, and constituency and dependency parse trees generated. This vital information
is used by the pipeline’s Nominal Coreference module to nd out mentions of the same
entities within an article. The WSD module takes lemmas and POS tags, and maps
tokens to WordNet synsets. These synsets are eventually used to identify sentences
that basically have the same predicate but in di erent languages.

In order to create a knowledge graph in which resources are linked to other knowl-
edge bases, the Named Entity Disambiguation (NED) module takes named entities,
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and queries a local service based on DBpedia SpotligfREST server. DBpedia Spot-
light is a service that provides an HTTP Application Programming Interface (API)
through which clients can send the text of an entity and its NER type, and receive in
response the full name of a resource with a similar name and type in DBpedia.

A critical module of this pipeline is the SRL one. The module takes tokens, lemmas,
tags and the sentence's dependency parse tree, and associates speci ¢ semantic roles.
The SRL task encompasses relation extraction including argument identi cation. One
can think of SRL as the process of determining \who did what when and where". For
example, for the sentence, \Nest sold to Google for 3 billion dollars”, the action taking
place is \selling", the role that \Google" plays is \buyer", and the role that \Nest"
plays is both \goods" and \seller". In order to do this, the SRL module leverages
many lexicons and corpus such as PropBank [48], VerbNet [49], and FrameNet. It is
worth noting that the same action could be stated from di erent perspectives. For
example, the sentence \Nest was acquired by Google for 3.4 billion dollars" has the
exact same meaning as the one stated before. However, the SRL module would end up
associating the \buying" frame to the latter instead of the \selling" frame. To recon-
cile di erent perspectives, additional processing is needed which is out of scope of SRL.

In order to avoid repeating the same event within the knowledge graph, ECKG
incorporates an Event Coreference module. This module takes the SRL annotated
predicates of an article and matches them semantically by examining predicate lem-
mas, WordNet similarity score, and potential event components in common. Hence,
ECKG could reconcile the sentence \Google buys Nest for 3 billion dollars” to the sen-
tence \Google's acquisition of Nest is expected to close in June next year", and merge
the dispersed pieces of information, such as the transaction size and expected close
date, into a single event representation. Unfortunately, the Event Coreference module
cannot reconcile event mentions when they are expressed from di erent perspectives,
as in the case of the sentence \Nest was acquired by Google for 3.4 billion dollars".

ECKG's pipeline also includes a Time and Date Recognizer module. This module
can identify temporal expressions when presented with tokens annotated with their

Shttps://www.dbpedia-spotlight.org/
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lemmas, POS tags, NER tags, and the associated constituency parse tree. The module
categorizes the expressions in classes and follows a series of rules to normalize those
expressions to a formal time representation. A subsequent module called the Temporal
Relation Extractor takes all the events annotated by the Event Coreference module
and all the time expressions identi ed by the Time and Date Recognizer module and
identi es if there is a relation between an event and a time expression, or between two
events, or between two time expressions. It also detects relations between the article's
time and the events detected from the article's sentences.

Other interesting and unique modules used by ECKG in its pipeline include the
Opinion Miner module, which can recognize what is the opinion that an entity is ex-
pressing about another one; the Causal Relation module, which can detect if an event
was triggered by another one by detecting lexical clues such as \as a result"; and the
Factuality module, which is able to assess from a sentence's lemmas and POS tags
whether what was expressed was fact or not. The Factuality module is the last one
in the pipeline, and after it nishes execution, the NAF representation collaborative
generated by all modules is ready to be used by the second phase of the process.

The second phase of ECKG's process reconciles events described across di erent
articles. This often occurs in the media, since as time progresses, publishers report
new information about recent events. For example, an article that describes a crime
initially provides information about the location and time of the crime, but subse-
guent articles could surface information about the perpetrator and victims. In order
to consolidate the information about an event that is dispersed over many articles, the
system performs cross-document coreference. To do so, ECKG rst needs a represen-
tation of the aggregate components of events. This representation was created in the
rst phase by the Event Coreference module when it merged information from di erent
sentences of the same article that were about the same event. For example, in a news
article about a crime, the time and place could be stated in a sentence, but the victim
could be stated in another. The Event Coreference module generates a single object,
called Composite Event Object, that has all of the information of an event at a per
article level. ECKG saves these objects to disk in di erent folders according to the
event time, e.g., one folder per calendar day. To resolve coreference across documents,
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Composite Event Objects in the same folder are merged in the second phase if they
meet 3 conditions: the action of the objects has the same lemma or belong to the same
WordNet reference relation hierarchy, the objects at least share one participant, and
if both objects have a location component they match too. This process of merging
objects keeps repeating until no more object could be merged within a folder. At this
point, ECKG follows a series of rules to transform the resulting Composite Event Ob-
ject into an RDF representation. ECKG gives a proper name to the relation and triples
that explicitly state the category of the event using information obtained from the SRL
module. References to the participants and location are added as triples that link the
event to the formal resource names of these entities in DBpedia, if such information
was obtained by the NED module during the rst phase. Lastly, the time of the event

is stored as a reference to a resource that represents the particular day in time in which
the event occurred.

2.3.6 EventKG

In [46], Gottschalk and Demidova proposed EventKG, a system that automatically
aggregates event information into a knowledge graph by using other knowledge bases
such as DBpedia as input, and by processing semi-structured data from Wikipedia.
Gottschalk's and Demidova's motivation arise from the fact that general purpose knowl-
edge bases, such as Yago, have a large number of entities and facts, but little event
information, or the event information is incomplete, e.g., missing date or location com-
ponent. The authors point out that state-of-the-art systems that can extract event
information from news articles, such as ECKG, are not capable of achieving accuracy
higher than 55%. They hypothesize that for the purpose of creating a large high-quality
repository of events, consolidating events captured in distinct knowledge bases already
built from structured data as well as processing additional semi-structured data o ers
better results. In that respect, the authors are successful given that EventKG consoli-
dates over 600,000 events, far more than any other knowledge based, and its extraction
accuracy is approximately 90%.

EventKG's inputs consist of three public and massive knowledge bases, Wikidata
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[50], DBpedia and Yago; and two semi-structured data sources, Wikipedia Current
Events Portal (WCEP) and Wikipedia Event Lists. From Wikidata, EventKG retrieves
resources that are instances of Wikidata's \event" or \occurrence" classes or subclasses.
From each language-speci c edition of DBpedia, EventKG recovers resources that are
instances of dbo:Event or its subclasses. From Yago, it extracts resources that have
been linked to via the owl:sameAs property from the events recovered from the rst two
knowledge bases, and it uses a set of rules to query for resources that match hand-made
patterns based on Wikipedia categories. EventKG captures event temporal relations,
i.e., event date, from Wikidata and Yago. The system also uses a series of mapping ta-
bles constructed manually to look for predicates that indicate complex events or series
of events. This information is later modeled by EventKG in the resulting aggregate
knowledge graph.

The WCEP presents daily events contributed by Wikipedia editors, and usually
consist of a brief description of the event, event category, and event date. To incorpo-
rate data from WCEP, the authors rely on WikiTimes, a system proposed by Tran and
Alrifai in [51]. WikiTimes extracts events listed in WCEP by parsing the structure of
the page and indexes the events and their properties, e.g., date, into an Apache Lucene
instance®. Wikipedia Event Lists are pages that cover a long period of time such as
a year, e.g.,https://en.wikipedia.org/wiki/2018 , list events in chronological or-
der and link to their individual event Wikipedia pages. Each entry of the list usually
contains the location of the event and a description made of one or two sentences.
To detect events from these pages and identify their date, location and description, in
[52], Hienertl et al. proposed a method that uses language-speci ¢ regular expressions.
Gottschalk and Demidova leverage this method to incorporate additional event infor-
mation into EventKG.

For each source, EventKG creates a named graph in which it ingests the extracted
triples that describe events. Moreover, EventKG constructs a sixth graph that aggre-
gates triples across all sources. To identify triples describing the same events coming
from di erent sources, EventKG follows a heuristics-based approach that evaluates the
similarity of the triples' descriptions, time components, and entities linked. Once triples

Shttps://lucene.apache.org/
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expressing the same events have been identi ed, EventKG uses a set of rules to merge
their properties. For example, it compiles a list with all the locations mentioned across
triples of the same event and reduces the list by eliminating elements that contain oth-
ers, from a geographical perspective. For instance, if the list of locations includes \Los
Angeles”, \California", and \United States", EventKG can determine that the highest
granularity is provided by the resource describing \Los Angeles" and retain it as the
de nitive event location. For the time component, the system considers each source as
casting a vote about what the right event time or date is, and then selects the value
with the highest count. In case of draws, EventKG prefers temporal data from some
sources over others, e.g., Wikidata over Yago. As a result of this process, ECKG can
build a single representation of an event across sources, which is later modeled in RDF.

EventKG attempts to impose a uniform RDF structure to the aggregate events.
It uses the Simple Event Model (SEM) [53] ontology to represent events and their
details. SEM allows the authors to link events to their participants, to the event's lo-
cation, and allows them to de ne instant and interval events via properties that de ne
the beginning and end time of the event. To model series of events, the authors use
the dbo:previousEvent and dbo:nextEvent to link events in a chain, and they use the
Schema.org’ ontology to specify that an event has subevents.

A particularity of EventKG is that it can measure how strong the relation of a par-
ticipant with the event is, which could help determine the most important participant
of an event. As a proxy for relation strength, EventKG counts the number of instances
in which mentions of the subject and object entities appear in the same sentence across
Wikipedia. To assess the popularity of events, the authors assume that popularity is
directly proportional to how often the event subject and event object are connected
via links; hence, EventKG counts the number of links from the Wikipedia page of the
entity acting as the event's subject to the page of the entity acting as the event's ob-
ject. These metrics become additional properties describing the event at the RDF level.
Additionally, EventKG also links subject and object entities to their representations in
other knowledge bases through the owl:sameAs property, and explicitly decorates the
assertion with a property indicating from which source it was gathered, e.g., Wikidata.

"https://schema.org/
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This chapter reviewed the relation extraction and open information extraction tasks
and presented various methods that can solve such tasks. In addition, the chapter de-
scribed some of the most important systems that build knowledge graphs automatically.
The next chapter will introduce NewsTextAnalyzer, the system built as part of this
project, and provide reasoning behind system design decisions.



Chapter 3
Design

This project presents NewsTextAnalyzer, a system that can automatically build a
knowledge graph based on assertions and events extracted from political news articles.
Moreover, the system can associate sentiment that quali es people's reaction on social
media to speci c events. A high-level view of the entire NewsTextAnalyzer system is
shown in Figure 3.1.

During the knowledge graph construction process, NewsTextAnalyzer utilizes a
Lucene index called Person Resources Index for entity resolution. The Person Resource
Index was created during an o ine step by retrieving person entities from DBpedia.
To associate sentiment information to speci c events, the system uses a second index
called Tweets Index. TweetsIndex is constructed by collecting tweets and replies from
a publisher's Twitter account. The resulting knowledge base is stored in a triplestore,
speci cally OpenLink Virtuoso Universal Servet. The system also provides a sim-
ple querying interface that retrieves information, not only from the local triplestore
but also from remote ones via SPARQL. Details about design decisions that drive the
implementation of NewsTextAnalyzer are described in the remaining of this chapter
while speci cs about the implementation of NewsTextAnalyzer are provided in the next
chapter.

Ihttps://virtuoso.openlinksw.com/
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Figure 3.1: NewsTextAnalyzer - Component Diagram

3.1 Gathering Political News Articles

This project required a corpus of political articles from which to extract events. Dur-
ing the last few years, many online publishers that produce high quality journalism
pieces have taken steps to limit access to their content, especially via programmatic
channels. A signi cant number of well-renowned publishers, e.g., Washington Pést
have joined an association called News APthat has developed an API that aggre-
gates access to their content. Consequently, these publishers, e.g., BBShutdown
their proprietary APl endpoints or did not nd a reason to invest in developing them
in the rst place. Unfortunately, News API lacks features that would allow lItering
articles based on topic or editorial style like opinion or analysis pieces. Furthermore,
with standard plans, News API only returns the rst few hundred characters of an
article, instead of the entire content, which would severely limit the ne-grained events
that could be extracted from such a short text. Other publishers, such as The New

2https://www.washingtonpost.com/
3https://newsapi.org/
“https://iwww.bbc.com/



Draft of 3:49 pm, Thursday, August 8, 2019 48

York Times®, still o er rst party APIs © but they are considerably rate limited, lack
topic lItering capabilities or only provide access to articles that go back a few months.
This project evaluated all of these options and concluded that the proprietary The
Guardian's API” would enable gathering the most appropriate corpus. Reasons for
selecting The Guardian's API include its breadth of ltering capabilities, the extent of
its article coverage that allows it to surface pieces dating back 20 years or more ago,
and the full access to articles' text it provides with standard subscriptions.

The possibility of crawling a publisher's website and parsing web pages contain-
ing news articles was considered too. However, because most online publishers have
focused on embedding advertising and promotional text within articles' main body of
content, it is di cult to determine simple patterns to distinguish which HTML pieces
contain article information. In addition, in an e ort to provide a better user experience,
publishers added a considerable amount of styling, formatting and imagery to article
pages, which results in more complex Document Object Model (DORYrees from
which is challenging to only capture the article's text. Furthermore, most publishers
do not provide pages that list and categorize articles by topic, so crawling might only
surface a small subset of popular articles that are often linked to within the publishers'
website. Lastly, additional pattern matching methods would be required to identify
the article's topic, type and date of publication in order to determine if the piece is
relevant for this project's purposes. For all of these reasons, this project abandoned
the crawling option and decided to gather news articles via API.

3.2 Gathering Public Reaction to Political News

Politics is one of the content categories to which people tend to react emotionally and
express their opinions online. The goal of this project includes incorporating the pub-
lic's reaction to political events reported on the news, e.g., if the public's sentiment was

Shttps://www.nytimes.com/
Shttps://developer.nytimes.com/
"https://open-platform.theguardian.com/
8https://www.w3.0rg/DOM/DOMTR
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positive or negative with respect to a particular politician winning a presidential elec-
tion. The most popular platforms for English speakers to voice their opinion include
social media sites such as Facebdoénd Twitter, and content sites such as YouTub¥.
People also voice their opinion in other social media platforms such as Instagfam
Pinterest*?, Reddit'3, or LinkedIn#, but often the kind of topics discussed in those
sites are not politics-centric. Content on Instagram and Pinterest revolves around
lifestyle related news; Reddit users mostly discuss news about niche topics such as the
introduction of new technology products; while content posted on LinkedIn is mostly
composed of business or professional related articles.

Most news publications have a wider presence on Twitter and Facebook than on
YouTube, although this has been changing recently. For example, the BBC has many
more granular accounts on Twitter and Facebook than on YouTube. Although the
BBC account that focuses on sports related news, @BBCSports, exists on all three
sites, the account that focuses on politics, @BBCPaolitics, only exists on the rst two.
Moreover, observations made on a sample of publishers indicate that most of them
create more posts on Twitter and Facebook that are closely associated to the news
articles they publish on their sites, than upload videos to YouTube.

When assessing social media APIs in terms of their level of access to content, this
project discovered that YouTube's API® has granular endpoints that allow retrieval
of comments, and that it provides great temporal coverage, possibly supporting the
retrieval of comments that are years old. On the other hand, YouTube's API impose
a complicated quota policy, and drastically reduced the API rate limits for non-paid
accounts at the beginning of 2019. However, as mentioned before, the biggest hurdle
to using YouTube as a source of public sentiment is the relatively low number of videos
uploaded directly related to news published. If YouTube were to be used as source of
sentiment, it would demand the use of complicated techniques to identify the relevant

https://www.facebook.com/
Ohttps://www.youtube.com/
Uhttps://www.instagram.com/
2https://www.pinterest.com/
Bhttps:/www.reddit.com/
Yhttps:/iwww.linkedin.com/
Shitps://developers.google.com/youtube/v3/
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YouTube videos related to news articles and events described in there. In comparison
to YouTube's API, Facebook's API® is at the other extreme of the spectrum, being
the most restrictive. As a result of privacy incidents, Facebook introduced a set of
platform policies that require client applications to gain permissions before retriev-
ing user data. In addition, Facebook changed the comments APl endpoint to Iter
out comments made by other users than the one associated to the client application
using the API. In other words, it is not possible to retrieve comments to Facebook
posts anymore. Twitter's API'” capabilities lie between YouTube's and Facebook's. It
does not have granular endpoints to retrieve replies as YouTube's does, but there are
workarounds to circumvent that obstacle. Client applications require explicit autho-
rization from Twitter to extract posts and replies, but they do not need authorization
from the users that created the posts or replies. Moreover, Twitter's APl does not have
extreme privacy policies that restrict retrieving user replies. The main disadvantage
of Twitter's API is the low temporal coverage it provides with non-paid plans. Even
with a paid account, the API quotas imposed by Twitter could become a problem: the
lack of an endpoint designed to return replies forces developers to ine ciently use API
calls to invoke other endpoints through which they can capture replies to accounts.
However, the fact that matching Twitter posts to news articles published online is
relatively straightforward compensates for these disadvantages and led this project to
choose Twitter as the source for public sentiment on assertions expressed in political
news.

Given that this project selected The Guardian as its source of political news ar-
ticles, the @GdnPolitics account was selected as the channel from which to gather
Twitter posts and replies. The @GdnPolitics account focuses on sharing information
about worldwide politics, while the @guardian account shares information about a
wide range of topics, from entertainment to sports. A particularity of the posting style
of @GdnPolitics account is that their Twitter posts tend to contain the title of the
news article it relates to, which facilitates matching tweets to assertions captured from
news articles, see Figures 3.2 and 3.3. This project assumes that people wrote replies
to @GdnPolitics posts to express their opinions primarily about the text used by the

®https://developers.facebook.com/docs/apis-and-sdks/
https://developer.twitter.com/en/docs.html
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