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Recent Advances in Information Access at Thomson

Reuters R&D: News and Beyond

Jochen L. Leidner
Director of Research

Corporate Research & Development
Thomson Reuters

London, UK

Abstract

In this talk, I report on some recent ad-
vances of the Corporate R&D group at Thom-
son Reuters. Thomson Reuters is divided
into the business areas News, Legal, Finan-
cial & Risk, Tax & Accounting, IP & Sci-
ence. In the realm of news, the news recom-
mender system NewsPlus and the real-time
Twitter rumor detection tool for journalists,
REUTERS Tracer, are discussed. From the
area of pharma within IP & Science, I review
work on adverse events associated with med-
ical drugs, as mined from Twitter and used
for drug repositioning. From the area of law,
I report on the advanced search engine tech-
nology that powers the Westlaw search en-
gine. From the area of Financial & Risk, I
present risk mining, a technique for computer-
supported risk identification framed as a rela-
tion classification task. Last but not least I
conclude with some observed challenges and
lessons learned. I conclude with a series of
challenges and needs for the news industry.
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Monitoring Reputation in the Wild Online West

Julio Gonzalo
UNED

Madrid, Spain

Abstract

Monitoring Online Reputation has already be-
come a key part of Public Relations for orga-
nizations and individuals; and current search
technologies do not suffice to help reputation
experts to cope with the vast stream of on-
line content flooding reputation management
experts.

In the talk we will summarize some of
the main challenges that Information Access
Technologies must face to assist online reputa-
tion monitoring tasks, and present some of the
results obtained by the UNED research group
in the areas of entity name disambiguation,
topic tracking for reputation analysis, iden-
tification of opinion makers, and reputation-
oriented summarization. We will make a spe-
cial emphasis on the Replab test collections for
Online Reputation Monitoring, which provide
over half a million manual annotations pro-
vided by reputation experts on Twitter data.
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Suggesting new query terms to expert users
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Abstract

In this paper, we evaluate query suggestion
for Boolean queries in a news monitoring sys-
tem. Users of this system receive news arti-
cles that match their running query on a daily
basis. Because the news for a topic contin-
uously changes, the queries need regular up-
dating. We first investigated the users’ work-
ing process through interviews and then evalu-
ated multiple query suggestion methods based
on pseudo-relevance feedback. The best per-
forming method generates at least one rele-
vant term among 5 suggestions for 25% of the
searches. We found that expert users of news
retrieval software are critical in their selection
of query terms. Nevertheless, they judged the
demo application as clear and potentially use-
ful in their work.

1 Introduction

LexisNexis Publisher1 is an online tool for news mon-
itoring. Hundreds of organizations in Europe and the
US use the tool to collect news articles relevant to
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Table 1: Examples of Boolean queries
Topic Boolean query

Products in
the News

“Output Campaign Manager” or
“TransPromo” or “Output Wrap En-
velope” or “Adsert” or “OptiMail” or
“ePriority” or “output Address Direct” or
“PredictionPro” or “offmydesk”

Diversity Diversity /2 inclusion OR “equal employ-
ment” or discrimination or harassment or
race or gender or religion or “national ori-
gin” or disability

their work. An organization typically monitors multi-
ple topics. For monitoring the news for a user-defined
topic, LexisNexis Publisher takes a Boolean query as
input, together with a selection of news sources and
a date range. Two example queries can be found in
Table 1.

Interviews with users of LexisNexis Publisher in-
dicate that noise in the set of retrieved documents
is not very problematic because the user has the op-
tion to disregard irrelevant documents in the selection,
thereby controlling precision. Recall is more difficult
to control because the user does not know the docu-
ments that were not found. For the user, it is impor-
tant that no relevant news stories are missed. There-
fore, the query needs to be extended when there are
changes to the topic. This can happen when new ter-
minology becomes relevant for the topic (e.g. ‘wolf’
for the topic ‘biodiversity’), when there is a new stake-
holder (e.g. the name of the new minister of economic
affairs for the topic ‘industry and ICT’) or when new
geographical names are relevant to the topic (e.g. ‘Les-
bos’ for the topic ‘refugees’). The goal of the current
work is to support users of news monitoring appli-



cations by providing them with suggestions for new
query terms in order to retrieve more relevant news
articles.

Our intuition is that documents that are relevant
but not retrieved for the current query have similari-
ties with the documents that are retrieved for the cur-
rent query. Therefore, our approach to query sugges-
tion is to generate candidate query terms from the set
of retrieved documents.

In this paper, we present the results of a user study
in which we evaluate our methodology for query term
suggestion with 9 expert users of LexisNexis Publisher.
We first conducted interviews with the users to collect
their wishes and needs. Then we developed a demo ap-
plication for news retrieval with query term suggestion
functionality. We used this application to evaluate our
approach and compare 12 different methods for query
term suggestion.

2 Related work

The task of spotting novel terms in a news stream
is related to research on topic detection and tracking
(TDT) which has its roots in the 1990s [2, 1]. TDT
aims to automatically detect new topics or events in
temporally-ordered news streams, and to find new sto-
ries on already known topics. The functionality of Lex-
isNexis Publisher is related to news tracking in TDT:
the topic is given (in the form of a query) and the tool
is expected to find relevant new stories in the news
stream [14]. More recent work on TDT is directed
at topic tracking in microblog data (Twitter) [10, 5].
Microblog data, like news data, is temporally ordered
data that continuously changes.

Our approach to query suggestion – generating can-
didate query terms from the set of retrieved docu-
ments – is related to pseudo-relevance feedback [3],
a method for query expansion that assumes that
the top-k retrieved documents are relevant, extract-
ing terms from those documents and adding them to
the query. Pseudo-relevance feedback has been ap-
plied to microblog retrieval, expanding the user query
with related terms from retrieved posts to improve re-
call [6, 8]. It is important to take into account that the
language use around a topic continuously evolves when
selecting terms from Twitter and news data. One op-
tion is to give a higher score to terms that are tempo-
rally closer to query time [6]. Our approach to query
term suggestion is related to this idea: we aim to find
the terms that are prominent in the most recent news
articles on a topic.

There are two key differences between pseudo-
relevance feedback and our approach: First, instead
of adding terms blindly, we provide the user with sug-
gestions for query adaptation. Second, we deal with

Boolean queries, which implies that we do not have a
relevance ranking of documents to extract terms from.
This means that the premise of ‘pseudo-relevance’ may
be weak for the set of retrieved documents.

3 Interviews with expert users

We conducted interviews with three experienced users
of LexisNexis Publisher to get to know their way of
working, their priorities and their wishes for query as-
sistance. The following paragraphs summarize the in-
sights obtained during these interviews.

Way of working. Queries are not changed fre-
quently; most attention is paid to the initial query.
Formulating this query takes several hours up to a
whole day. Query constructions with Boolean oper-
ators are often re-used, for example to exclude specific
sources or newspaper sections. If a query gives too
much noise, exclusions are added (using the ‘NOT’
operator). If a query gives too few results, new terms
are added (with the ‘OR’ operator). Changes that are
made a later stage are often changes in person and
place names. Some customers have difficulties formu-
lating good Boolean queries. These customers make
use of information specialist at LexisNexis to formu-
late their queries.

Priorities. The experts we interviewed use Lexis-
Nexis Publisher to create newsletters for their organi-
zation. Typically, they review all the retrieved articles
before deciding which are included in the newsletter.
This selection is based on redundancy and relevance;
in case of overlapping news articles, the longest story
from the most reliable source is selected. This is done
manually, as it allows users to control the precision of
the news articles included in the newsletter. The users
indicate that for this reason, it is especially important
that no relevant documents are missed by the search.
Noise in the result set is not so much an issue; if half of
the retrieved articles is relevant, the users are satisfied.

Wishes for query assistance. Users indicate
that assistance in query formulation could be helpful,
not only when adapting existing queries, but especially
when formulating new queries. The users mention as-
sistance in the form of: (a) suggestions of new query
terms; (b) suggestions for deleting query terms that
give too much noise; (c) suggestions for deleting query
terms that give very few results. Of these three tasks,
we concentrated on the first: suggesting potential new
query terms. One requirement posed by the users is
that the user still has full control over the query. Terms
should not be added blindly, but be presented as sug-
gestions.



4 Methodology

Our approach to query suggestion is to generate candi-
date query terms from the set of retrieved documents.2

The central methodology needed for generating terms
from a document collection is term scoring; each can-
didate term from the document collection is assigned
a score that allows for selecting the best – most de-
scriptive – terms. The term scoring methods that we
use are defined below.

Problem definition. We have a text collection D
(the ‘foreground collection’) consisting of one or more
documents. Our goal is to generate a list of terms T
with for each t ∈ T a score that indicates how descrip-
tive t is for D. Each t is a sequence of n non-stopwords;
we use n = {1, 2, 3} in our experiments.

In most term scoring methods, descriptiveness is
determined by comparing the relative frequency of t in
the foreground collection D to the relative frequency
of t in a background collection. For a given Boolean
query, we retrieve the result set Rrecent, which is the
set of articles published in the last 30 days, and the
result set Rolder, which is the set of articles published
60 to 30 days ago.

Methods for generating descriptive terms.
We compare three methods for generating the most
relevant query terms (see Figure 1 for a schematic
overview):

A. Return the top-k terms from T1, generated using
Rrecent as the foreground collection and a generic
news corpus as background collection;3

B. Return the top-k terms from T2, generated us-
ing Rrecent as foreground collection and Rolder as
background collection;

C. First generate T3, using Rolder as foreground col-
lection and the generic news corpus as background
collection. Then return the top-k terms from the
set {t : t ∈ T1 ∧ t /∈ T3} (all terms from T1 that
are not in T3).

Term scoring algorithms. We implemented four
different term scoring algorithms from the literature
that we compare for the task of generating potential
query terms from the set of retrieved documents:

• Parsimonious Language Models (PLM) [4], de-
signed for creating document models in Informa-
tion Retrieval. In PLM, the term frequency for
each t in D is weighted with the frequency of t in
the background collection using an expectation-
maximization algorithm;

• Kullback-Leibler divergence for informativeness
and phraseness (KLIP) [12]. Informativeness is

2A query term may consist of multiple words.
3We used the newspaper section from the Dutch SoNaR-

corpus [9], 50 Million words in total. Available at http://tst-
centrale.org/producten/corpora/sonar-corpus/6-85

News for topic 
of last 30 days 

T1 

T2 

T3 

News for topic 
30-60 days ago 

Generic corpus of Dutch newspapers 

Figure 1: Schematic view of how the term lists are
generated. The query suggester returns one of three
term lists to the user: A = T1; B = T2 and C = {t :
t ∈ T1 ∧ t /∈ T3}.

determined by comparing the relative frequency
of t in D to the relative frequency of t in the
background collection. Phraseness is determined
by comparing the frequency of t as a whole to the
frequencies of the unigram that the n-gram t is
composed of; Informativeness of t and Phraseness
of t are summed to obtain a relevance score for t.

• Frequency profiling (FP) [11], designed for con-
trasting two separate corpora. This method uses
a log-likelihood function based on expected and
observed frequencies of a term in both corpora
(the foreground and background collections);

• Co-occurrence Based χ2 (CB) [7], which deter-
mines the relevance of t in the foreground collec-
tion by the distribution of co-occurences of t with
frequent terms in the collection itself. The ratio-
nale of this method is that no background cor-
pus is needed because the set of most frequent
terms from the foreground collection serves as
background corpus.

For one query and the corresponding retrieved doc-
uments, we generate twelve lists of potential query
terms: three different approaches (A–C) with four
term scoring algorithms.

5 Experiment and results

We collected feedback from expert users of LexisNexis
Publisher to determine the best method for generat-
ing term suggestions. For this purpose, we developed
an external demo application for news retrieval from
the LexisNexis collection that includes query term sug-
gestion functionality. Note that the query term sug-
gestion functionality was not integrated in the exist-
ing LexisNexis search interface, but implemented as a
standalone web application. Figure 5 shows a screen-



Figure 2: A screen shot illustrating the functionality of the demo application for query term suggestion.

shot of the demo application.4 The user interface is in
Dutch. In the top part of the screen (‘Zoekopdracht
bewerken’ – ‘Edit search’), the user sees the current
query and the results (‘Resultaten’) retrieved for that
query. In total, 1110 results were retrieved for this
query. In the bottom part of the screen (‘Query aan-
passen’ – ‘Adapt query’), the user sees a list of term
suggestions. This example illustrates the final func-
tionality, in which only the 5 suggestions by the best
performing method are shown. In the experimental
setting, the user saw a pool of 10–25 terms from dif-
ferent methods.

5.1 Evaluation design

The query suggestion software was evaluated by 9 in-
dividual users of LexisNexis Publisher. A 2-hour eval-

4A video demonstrating the demo application can be viewed
here: https://youtu.be/4yIYpvHVugQ

uation session was organized for each participant. The
interviews described in Section 3 revealed that queries
change more frequently when they are novel. There-
fore, each participant was asked to perform two differ-
ent tasks with the assistance of our demo application
during the evaluation session. In the first task, the
participant is asked to update a query that is already
being used by his company. In the second task, the
participant designs a new query for a topic of which
they received a short topic description.

The initial (existing or new) Boolean query is issued
in LexisNexis Publisher through its API, searching in
Dutch newspapers of the last 60 days (the maximum
posed by the API). The titles and abstracts of the
matching news articles are shown in a result list (in
chronological order) and a list of query term sugges-
tions is presented. The participant reviews the set of
retrieved documents and improves the query by adding
and/or removing terms, optionally using a term from



the suggestions. Subsequently, the updated query is
issued and the query can be improved again. In both
tasks, the participant was asked to review and update
the query up to a maximum of five iterations. After the
complete evaluation session, the participants filled in
a post-experiment questionnaire, in which they could
provide additional comments.

5.2 Data

The participants issued 83 searches in total. The
Boolean queries are long: 45 terms on average. Terms
can be single words or phrases (multi-word terms), and
they are combined with Boolean operators. We used
the LexisNexis Publisher API to retrieve documents
(news articles) published in the last 60 days. On aver-
age, 1, 031 documents were retrieved per query (ranked
by date), with an average length of 63 words. The
short document length is caused by the API allowing
us to extract only the summary of the news article,
not the full text. This means that the size of the sub-
collection from which potential new query terms are
extracted for a query is on average 1, 031∗63 = 64, 953
words.

We created a pool of terms from the 12 (3 ap-
proaches * 4 term scoring algorithms) term lists per
topic. We assume that in a real application, the query
suggestion software would show five candidate terms
to the user, and we want to be able to evaluate these
5 suggestions for each method. Therefore, the top 5
terms from each term list were added to the pool. The
maximum number of terms in a pool is 60 (12*5) but
in reality there is quite some overlap: the number of
terms per pool is between 10 and 25. For each query,
the participants were presented with this pool of 10–25
terms. The terms were ranked by the number of top-5
lists they appear in: the terms that were extracted by
most methods were ranked on top of the pool.

5.3 Experimental Results

The selection of query terms and the relevance judg-
ments for the suggested terms in the pool allow us to
evaluate and compare the methods. For each method,
we have judgments for the 5 highest scoring terms.
We count how often one of these terms was selected
by a participant, and how often at least one of these
terms received a relevance rating of at least 4. The
results are in Table 2 and Table 3. The results for the
best performing methods (method A with either FP
or KLIP as term scoring algorithm, or method C with
KLIP) are marked with boldface in the tables. With
these methods, participants selected a term from the
top-5 suggestions for 13% of the searches, and judged
at least one term from the top-5 suggestions as rele-
vant (relevance score >= 4) for 25% of the searches.

Table 2: Results per method in terms of ‘selected-
success-rate’: the percentage of searches for which par-
ticipants added a term from the top-5 to the query.

CB FP KLIP PLM

A = T1 10% 13% 11% 11%
B = T2 10% 7% 6% 6%
C = {t : t ∈ T1 ∧ t /∈ T3} 10% 0% 11% 11%

Table 3: Results per method in terms of ‘relevant-
success-rate’: the percentage of searches for which par-
ticipants judged at least a term from the top-5 as rel-
evant (relevance score >= 4).

CB FP KLIP PLM

A = T1 14% 24% 25% 20%
B = T2 14% 11% 13% 5%
C = {t : t ∈ T1 ∧ t /∈ T3} 14% 11% 25% 20%

The average rating given to the terms in the pool was
low: 1.36 on a 5-point scale.

Further analysis of the results showed that the term
suggestions were noisy because the sets of retrieved
documents are noisy. The Boolean queries return a
large set of documents (more than a thousand on av-
erage for the last 60 days), without any relevance rank-
ing. The interviews with the users indicated that this
is not a problem for the users (because they filter the
news items for the newsletter), but it turns out to
be a problem for the extraction of relevant terms. In
other words, the premise of ‘pseudo-relevance’ does not
hold for Boolean retrieval, and this hurts the quality of
query term suggestion based on retrieved documents.

5.4 Qualitative feedback

In the post-experiment questionnaire, participants in-
dicated that the demo application was clear and intu-
itive (median score of 4 on a 5-point scale for the state-
ment ‘the web application is clear’). Half of the par-
ticipants would be interested in using the tool. How-
ever, they felt that the quality of the terms should be
improved for the application to be really useful. Sug-
gestions that were provided by the users included:

• Do not to suggest terms that are already covered
by wildcards in the query. We improved this in
the final version of the demo application.

• Terms that occur in important parts of the text
should be more relevant. In fact, this was already
taken into account because the API only allowed
us to access the abstracts of the documents.

• Multi-word terms should not be suggested. This
comment appeared to be in contrast with the
users’ term selections: of the selected terms by
the users (15), the majority (12) are multi-words.



• Add suggestions for the use of Boolean operators.
This was beyond the scope of the current project,
which focused on term suggestion.

6 Conclusions

The results of our user experiment show that with the
best performing method, participants selected a term
from the top-5 suggestion list for 13% of the topics,
and judged at least one term as relevant for 25% of
the topics. Inspection of the results and the post-task
questionnaire revealed that the term suggestions are
noisy, mainly because the set of retrieved documents
for the Boolean query is noisy. We expect that the use
of relevance ranking instead of Boolean retrieval, and
a post-filtering for noisy terms, will give better user
satisfaction.

The relevance judgments for the suggested terms
are low compared to another application area for term
extraction that we addressed in previous work with
the same methodology, namely author profiling [13].
This can partly be explained by the noise in the set
of retrieved documents (irrelevant documents lead to
irrelevant terms), but may also be caused by expert
users of news retrieval software being critical in their
selection of query terms. This shows that it is valu-
able to evaluate query suggestion technology with real
users.
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Abstract

Computer Science has affected almost all
fields of human knowledge, contributing to
scientific advances in many branches of Nat-
ural and Social Sciences. Journalism is one
of the fields that is benefiting of the advance
of computer science. Among the journalis-
tic concepts that can be analyzed computa-
tionally is News Value. Novelty is one of the
most important news value. A possible ap-
proach to get novelty elements in a story con-
siders word frequency, through of the capac-
ity to collect and analyze massive amounts of
data. In this paper, we use the News Cover-
age Index dataset (NCI), maintained by the
Pew Research Center, to analyze the novelty
dynamics of news coverage, using the novelty
signatures proposed by [12]. As a definition
of novelty, we used the first appearance of a
new lead newsmaker. Results show a good
fit of the model to the dataset. Furthermore,
an analysis by media sector and broad topic
shows interesting insights for the analysis of
media coverage.

1 Introduction

The Computational Science has affected almost all
fields of human knowledge, contributing to scientific
advances in many branches of Natural and Social Sci-
ences. For instance, the capacity to collect and analyze
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massive amounts of data has transformed intensely
fields such as biology and physics [7].

In Social Science, despite the difficulties to formalize
computationally many scientific subjects of the human
behavior, “a computational social science is emerg-
ing that leverages the capacity to collect and ana-
lyze data with an unprecedented breadth and depth
and scale” [7]. Unfortunately, most of the advances
in this area have been progressing at a much slower
pace. However, substantial barriers that might limit
progress are being overcome in recent years. The emer-
gence of a powerful new field of data analysis of Social
Science has also influenced the research on a branch of
it, Journalism. Journalism is an important social prac-
tice. Therefore, to find non-trivial information on con-
tent produced by journalism, it is necessary to count
with the support of the current stage of technologies
to advance in analytical techniques “Computation can
advance journalism by drawing on innovations in topic
detection, video analysis, personalization, aggregation,
visualization, and sense making [10].

Among the journalistic concepts that can be ana-
lyzed computationally is News Value. News value as
a concept was thought by Johan Galtung and Mari
Holmboe Ruge’s seminal publication in the Journal of
Peace Research. In 1965, the paper suggested a range
of attributes that establish news values in discursive el-
ements contained in newspapers and broadcast news.
Galtung and Ruge established the news values ele-
ments as Frequency; Threshold; Unambiguity; Mean-
ingfulness; Consonance; Unexpectedness; Continuity;
Composition; Reference to Elite Nations; Reference to
Elite People; Reference to Persons; and Reference to
Something Negative [3]. These factors have been the
base to compose the structure of the theory of news-
worthiness. The theory is based on the psychology of
individual perception and explain which factors influ-
ence newsworthiness of an event [6].

News values are studied considering a range of at-



tributes contained in discursive elements. It is also
possible to verify the news value through a range
of “more specific cognitive constraints that define
news values (Novelty, Regency, Presupposition, Con-
sonance, Relevance, Deviance and Negativity, Prox-
imity) [2]. The news value named Novelty can be an-
alyzed by words such as reveal or revelation. These
words announce semantically ‘unexpected aspects of
an event News stories are frequently about happen-
ings that surprise us, that are unusual or rare’ [1].

The novelty can be understood by concepts as out
of the ordinary, least expected, or not predicted, news
values relating to the novelty, newness or unexpected-
ness of an event/happening [2]. The quality of being
interesting enough to the public (newsworthiness) is
also based on if a journalistic fact is out of the ordi-
nary, it will have a greater effect than something that
is an everyday occurrence (unexpectedness). The un-
expectedness power of attraction is in the factor that
“there is new information that has been uncovered
and evaluations of importance can make the eliteness
of a source explicit” [2]. This means that readers
or viewers can know facts or different people or un-
usual to their quotidian, however, “this is the old man-
bites-dog syndrome which needs little more explana-
tion” [9, 2]. When a fact or term first come up, the
human attention is captured, but “the fact that the
novelty of a story tends to fade with time and thus
the attention that people pay for it. This can be due
to either habituation or competition from other new
stories” [13].

As previously observed, novelty is also elaborated
“mainly through using evaluative language, references
to surprise/expectations and comparisons” [1]. This
way of perception of novelty on the construction of
journalistic contents is based on analyzes produced by
reading the news. However, it is possible to get nov-
elty elements in the story considering word frequency,
through the capacity to collect and analyze massive
amounts of data. Over the years, there is a massive
increase in the availability of journalistic data and cre-
ation of new tools to extract the value from data that
are helping to understand our lives, organizations, and
societies.

In this paper, we used a recent model of novelty
dynamics to analyze news coverage. The main idea
is to analyze whether different news sources present
different novelty dynamics. This paper is organized
as follows: Section 2 presents novelty signatures that
emerge in some dynamical processes. Section 3 de-
scribes the data set used in our study. Section 4
presents the results of applying the novelty signatures
to the NCI dataset, and Section 5 concludes the paper.

2 Novelty in dynamical processes

Tria et. al [12] have recently analyzed novelty as new
events occurring in a dynamical process evolving over
time. Given a sequence of events, a novelty occurs
whenever a new element first appears in a sequence.
They have analyzed four different data sets: books
from Gutenberg project Corpus, annotations in the so-
cial bookmarking platform Delicious, songs and singers
at Last FM streaming portal and, entries appearance
in English Wikipedia. The novelties in these data are,
respectively, the occurrence of new words in books, the
use of new annotation tags in the bookmarks, the in-
clusion of a new artist/song in a play list the user had
never listen to and the first edition of a page in the
collaborative encyclopedia.

They were able to model novelty as a simple math-
ematical model based on random draws sampling with
replacement of an Urn [4] that increases when a novel
item is observed. The model predicts statistical laws
for the rate at which novelties happen (Heaps’ law [5])
and for the probability distribution on the space ex-
plored (Zipf’s law [14]), as well as signatures of the
process by which one novelty sets the stage for another.

The first signature is based on quantifying the rate
at which novelties occur in a temporally ordered se-
quence of elements of length N by analyzing the
growth of the number D(N) of distinct elements in
this sequence. This relation would imply in a Heap’s
law, which states that the rate at which novelties oc-
cur decreases over time as tβ , where β is the coefficient
of a power law distribution of D(N) over N fitted over
the data.

The second signature is related to the frequency
of occurrence of different elements in the data. The
frequency-rank distribution would follow an approxi-
mate Zipffian distribution (Zipf’s law). In this distri-
bution, the frequency of any element is inversely pro-
portional to its rank in the frequency table, i.e., the
frequency F (R) of an element at rank R is propor-
tional to R−α , where α is the coefficient of a power
law distribution of F (R) over R fitted over the data.

It is well known that α and β are inversely cor-
related [8]. The larger the β coefficient, the higher
the frequency of appearance of new elements in the
sequence, thus there is a high propensity for novelty.
On the other hand, the larger the α coefficient, the
higher the occurrence of the most frequent elements in
the sequence. The key result reported in [12] is that
in the four data sets analyzed, the model was able to
capture the novelty behavior in the data. An interest-
ing research question is then whether News delivery
also shows these novelty signatures. This paper is an
initial attempt towards such analysis.



3 News Coverage Index dataset

In our analysis, we used the data gathered by the Pew
Research Center1. Every week, this institution pro-
duced the News Coverage Index (NCI) by identifying
and annotating the main subjects covered by the U.S.
mainstream media. The dataset used this research is
the most updated dataset (2013), published by Pew
Research Center. Until this moment, no other similar
dataset that can be used to update the data or serve
to comparison.

The NCI captured and analyzed 52 news out-
lets in real time to determine what was be-
ing covered and what was not in the U.S.
news media. The analysis was conducted
weekly, Monday - Sunday. The key variables
included source, story date, big story, broad
story topic, placement, format, geographic
focus, story word count, duration of broad-
cast story and lead newsmaker. The outlets
studied came from print, network TV, cable,
online, and radio. They included evening and
morning network news, several hours of day-
time and prime time cable news each day,
newspapers from around the country, the top
online news sites, and radio, including head-
lines, the long form programs and talk [11].

By focusing on the topic of the story, the index mea-
sures by what percentage of the analyzed news hole is
about that topic. Data were collected from January
2007 to May 2012. Table 1 presents the number of
news stories collected per year. Note that the year
2012 has a few stories because the collection period
ranges from January to May, rather than January to
December.

Table 1: Number of news stories per year
Year 2007 2008 2009 2010 2011 2012

CableTV 22823 21892 18856 17087 15324 6472

NetworkTV 21320 19796 19427 13016 11858 5186

Newspaper 6559 7350 7370 5626 5190 1977

Online 6520 6539 7830 7818 7744 3242

Radio 13515 14365 15234 9067 8439 3570

All 70737 69942 68717 52614 48555 20447

The codebook includes variable names, definitions,
applicable procedures and changes that were made to
certain variables. For each story, it was annotated
the date, source, broadcast start time (morning, noon,
afternoon, evening and night, or not broadcast), dura-
tion in seconds, word counts, placement prominence,
story format, big story, geographic focus (local, US na-
tional, US international, non-US international), broad

1Formerly Project for Excellence in Journalism (PEJ).

story topic, media sector (cable TV, network TV,
newspaper, online and radio), and lead newsmaker.
The number of outlets and individual programs vary
considerably within each media sector, as do the num-
ber of stories and size of the audience.

The index is a good source for analyzing, through
time, how stories emerge and sink. Other possibili-
ties include how the character or narrative focuses of
the story change and how much of the broad topic’s
categories get more coverage, when compared to the
others. However, the index does not provide infor-
mation for additional possible questions, such as tone,
sourcing or other matters.

The key variable chosen in this study was “lead
newsmaker”, a variable that “determines the person
whose actions or statements constitute the main sub-
ject matter of the story”. In the NCI, the derivation
of the “lead newsmaker’ variable used a methodology
that examined the outlets daily by the coding team.
The researchers establish as a definition: variable lead
newsmaker determines the person whose actions or
statements constitute the main subject matter of the
story discussed with at least 50% of the story (in time
or space).

Therefore, in our analysis, a news story is flagged as
a novelty whenever the first appearance of a new lead
newsmaker occurs, considering an ordered sequence of
histories by date in the NCI. Obviously, this approach
does not completely capture all the aspect of novelty
in news coverage. It is perfectly possible (and indeed
very common) that some new factor is being published
by some lead newsmaker who appeared before. How-
ever, this approach does capture some aspect of nov-
elty, in a sense that different subjects are being noticed
in the media. Furthermore, the approach sheds some
interesting insights, as discussed next.

4 Results and Discussion

In this section we present the results of the novelty
signatures as proposed by [12] to the NCI dataset. As
the main variable used in this study was lead news-
maker, we removed from the dataset all stories where
the lead maker was not identified, resulting in a total
of 135,205 entries in the dataset.

Figure 1 shows the two novelty signatures for all sto-
ries in the NCI dataset, for the Heaps’ law and Zipf’s
law, respectively. The graphs show a very good fit (the
blue line in the graphs), indicating that the dynamic
of novelties also follows the model proposed in [12] for
the NCI dataset.

This is an interesting result per se, but we can move
beyond that by conditioning the analysis by some news
groups. Figure 2 does this, where we have split the
analysis by the media sector (newspaper, online, radio,
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Figure 1: Novelty Signatures for lead newsmaker over
all stories in NCI dataset. The blue line is the best
data fit.

broadcast TV and cable TV). Figure 2(a) shows how
novel lead newsmakers appears in the news sequence,
for each media sector collected by the NCI. The inter-
pretation of these results is, the steeper the line, the
more novelty the media sector has (according to the
definition of novelty used in this paper). Surprisingly,
newspapers is the media

sector with the larger ratio of lead newsmakers per
story, followed by online portals, radio, network TV
and cable TV. Figure 2(b) shows an orthogonal in-
sight for this result, which shows the rank distribution
of lead newsmakers for each sector. As Heaps’ law
and Zipfs’ law are inverse correlated, the interpreta-
tion of these results are, the steeper the line, the more
a media sector concentrates the coverage in a few lead
makers. Cable TV repeats lead newsmakers more of-
ten than other sectors, and (proportionally) uses fewer
leads newsmaker than the other media sectors. News-
papers, on the other hand, proportionally use the top
ranked lead news makers less often, and have a larger
number of histories with different lead makers.

We can speculate that the higher frequency of novel
lead newsmakers in newspaper media is due to that
this media needs competitiveness in relation to other
media (digital and electronic), which are characterized
by dissemination of news in real time. As the news-
paper is a diary media, it always needs to have some-
thing different to present than what was published on
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Figure 2: Novelty Signatures for lead newsmaker in
NCI dataset grouped by media sector

the previous day on TV, radio and, Internet. Despite
being late in relation to events in one day (it gener-
ally publishes stories from the eve), the newspaper still
continues to be a source for other rival media because
it intends always having something new in their pages.
On the other hand, TVs have a rotating audience, and
focus on a narrow range of topics. Thus, the presented
histories focus in a few lead newsmakers. Radios an
online media are somehow in between these two ex-
tremes.

To gain some insight in the online versus offline sce-
nario, we break down the analysis in online versus of-
fline media, as shown in Figure 3. The interpretation
of the graphs is the same as of 2. Figure 3(a) shows
that online sector introduce more lead makers in their
stories, and Figure 3(b) indicate that the same lead
maker appears less often in online media. As can be
seen from the graphs, online media have stronger nov-
elty signatures. Therefore, online media have a bias
towards introducing more different lead newsmakers,
and a lower tendency to echo the same leading maker
in future stories.

A possible reason for this is that online outlets have
a high propensity to show new stories due to the differ-
ence in media consumption from the target audience.
In general, the audience for online news sources is of
younger people (as discussed in the previous section).
These users have a less tendency to in-depth stories, fo-



101

102

103

104

101 102 103 104 105

N

D
(N

)

Media Sector

Non−online β=0.81

Online     β=0.84

Comparison of online versus non−online media

(a) Heap’s Law

101

102

103

104

101 102 103 104

R

f(R
)

Media Sector

Online    α=0.92

Nononline α=1.12

Comparison of online versus nononline media

(b) Zipf’s Law

Figure 3: Novelty Signatures for lead newsmaker in
NCI dataset grouped by online versus offline media

cusing in the headlines. They also are more connected,
and access the news more often, thus the necessity of
novelty in the news stories.

We did a similar analysis, but conditioning on the
five most frequent broad story topics. The broad story
topic variable identifies which of the broad topic cat-
egories is addressed by a story. NCI has 32 broad
story categories, but most of them have low frequen-
cies. These low frequencies difficult an analysis, due
to a lack of data. Figure 5 shows these results. The
interpretation of the graphs is the same as of 2, except
for the fact that instead of media sectors, we have top-
ics in these graphs. Figure 4(a) shows how novel lead
newsmakers appear in the news sequence, for each of
the five most frequent topics collected by the NCI. In
these figures, one traditional attribute of news value,
Negativity (any reference that is negative), emerges as
through Crime broad story topic. Crime is the topic
with the largest rate of novel lead makers, followed
by economy/economics, US foreign affairs, government
agencies/legislatures and campaigns/elections/politics
with the lowest rate. Figure 4(b) indicates that the
most frequent lead makers appear proportionally less
often in the news than the most frequent lead makers
in campaigns/elections/politics. Furthermore, crime is
the sector with the largest proportion of lead makers
to appear in fewer histories.

A similar analysis was performed by start time of
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Figure 4: Novelty Signatures for lead newsmaker in
NCI dataset grouped by media sector (top 5 sectors)

the program, as shown in Figure 6. The interpreta-
tion of the graphs is the same as of 2, except for the
fact that instead of media sectors, we have the pro-
gram start time in these graphs. Figure 5(a) shows
that, in general, morning programs introduce more of-
ten new lead makers, while night programs have few
novelty lead makers. On the other hand, Figure 5(b)
shows that night program cites more often the more
noticed lead makers than morning programs. We be-
lieve this also is related to the target audience, which
in the evening/night has a higher prevalence of elderly
people, which is more interested in-depth coverage.

5 Concluding Remarks

In this paper, we examine the dynamic of novelties in
the NCI dataset. We used the lead newsmaker as the
main variable to define the concept of novelty in our
framework. We verified a very good fit of these data
to the two novelty signatures discussed in [12].

We obtained interesting and insightful insights
when conditioning the analysis do media sector and
broad story topic. Regarding media sector, we veri-
fied that newspapers is the sector with largest novelty,
in terms of the introduction of new lead newsmak-
ers. Furthermore, online media have a largest novelty,
when compared to non-line media. In terms of story
topic, crime is the sector with more novelty, also in
terms of lead newsmakers.
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We believe these patterns somehow tend to follow
the interest of the public in order to get her attention.
Thus, there is the necessity to provide news on topics
to better reach a target audience, tailoring the audi-
ence. An interesting future work is to analyze whether
these patterns would be similar in the next years, be-
cause the online young audience became a generation
more mature. Would the behavior be the same, and
the sectors have to adapt to the news consumption
patterns of this generation or they will change their
tastes, showing a similar behavior or their previous
generation as accessing the in-depth stories?

This research has two obvious limitations. First,
our adopted definition of novelty does not capture all
aspects of novelty, as new information can be pub-
lished about lead Newsmakers which already appeared
in the sequence. However, we believe this definition do
capture some aspects of novelty, and were able to pro-
vide some interesting insights on the topic. Further-
more, the data set has a bias towards the U.S.A. media
coverage. An interesting further research direction is
to broaden this research to different sources.
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Abstract

In this paper we address the problem of iden-
tifying attention dominating moments in on-
line media. We are interested in discovering
moments when everyone seems to be talking
about the same thing. We investigate one par-
ticular aspect of breaking news: the tendency
of multiple sources to concentrate attention on
a single topic, leading to a collapse in diver-
sity of content for a period of time. In this
work we show that diversity at a topic level
is effective for capturing this effect in blogs,
in news articles, and on Twitter. The phe-
nomenon is present in three distinctly differ-
ent media types, each with their own unique
features. We describe the phenomenon us-
ing case studies relating to major news stories
from September 2015.

1 Introduction

The problem of detecting breaking news events has
inspired a host of approaches, extracting useful sig-
nals from activity on social networks, newswire, and
other types of media. The online communication plat-
forms that have been adopted allow these events to
persist in some form. These digital traces can never
fully capture the original experience, but offer us an
opportunity to revisit significant phenomena with dif-
ferent points of view, or help us to characterise and
learn something about the processes involved. Many
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different forms of news media attempt to record and
disseminate information deemed important enough to
communicate, and as the barriers to broadcasting and
sharing information are removed, attention becomes a
scarce commodity.

We define the problem of detecting attention domi-
nating moments across different media types, as a col-
lapse in diversity in the content generated by a set
of online sources in a topic during a given time pe-
riod. Media types here include mainstream news arti-
cles, blog posts, and tweets. These media types differ
in both the category of topics covered [22], and their
use of language [10]. In the context of Twitter, we de-
fine sources as unique user accounts. For mainstream
news and blogs, sources refer to individual publica-
tions or outlets. Publications may have different num-
bers of authors, but as unique author information is
not available, we treat each unique blog or news outlet
as a single source.

In Section 3, we describe the two stages of our pro-
posed event detection procedure. In the first stage,
content generated by the news, blog and tweet sources
is grouped into broad topical categories, through the
application of matrix factorization to the content gen-
erated by these sources. In the second stage, we ex-
amine the variation in similarity between content gen-
erated by sources within a given topic during a given
time period, in order to identify a collapse in diver-
sity within a topic which corresponds to an attention
dominating moment. In Section 5, we evaluate this
procedure on a collection of one million news articles
and blog posts from September 2015, along with a par-
allel corpus of tweets collected during the same time
period.

Rather than formulating the problem as tracking
the evolution of topics themselves, we consider the di-
versity of content within a specific topic over time. The
motivation is that, for instance, a collapse in diversity
around a major sporting event will be strongly evi-
dent in certain news sources, but not evident in others.



The distinction is important, as this approach is more
suited to retrospective analysis, when the entire collec-
tion of documents of interest is available. The topics
do not change over time, as opposed to a real-time set-
ting where topics must be updated as new documents
arrive [21]. The information need is guided by two ma-
jor questions. Firstly, when have significant collapses
in diversity occurred in a topic of interest? Secondly,
are there differences between media types when these
events occur?

Our main contributions here are: 1) a diversity-
based approach of detecting attention dominating
news events; 2) a comparison between traditional news
sources, blogs, and Twitter during these events. 3) a
parallel corpus of newsworthy tweets for the NewsIR
dataset.

2 Related Work

In previous work, attention dominating news sto-
ries have been described as media explosions [2] or
firestorms [14]. The idea of combining signals from
multiple sources for detecting or tracking evolution of
events proved effective in the past. Osborne et al. [16]
used signals from Wikipedia page views, together with
Twitter to improve “first story detection”. Concurrent
Wikipedia edits were used as a signal for breaking news
detection in [19].

Topic modeling applied to parallel corpora of news
and tweets has been previously explored by a number
of researchers [6, 9, 11]. Extensions to LDA to ac-
count for tweet specific features have been proposed
[22]. A comparison between Twitter and content from
newswires was explored in [18]. A Non-negative Ma-
trix Factorization (NMF) approach is used for topic
detection in [20].

How offline phenomena link to bursty behaviour on-
line is discussed in [5] and [12]. In [12] Shannon’s Di-
versity Index was used to detect a “contraction of at-
tention” in a tweet stream by measuring diversity of
hashtags. In contrast, we employ a different measure
of diversity based on document similarity, applying it
to streams from different media types segmented by
topic. Methods for automatically detecting anomalies
or significant changes in a time series are discussed in
[4]. In [15] a change-point detection approach is ap-
plied to time series constructed from Tweet keyword
frequencies.

As a broad overview, the common components in-
volved in detecting high impact, attention dominat-
ing news stories include: selecting relevant subsets
of documents; representation and feature extraction;
constructing time series from features; event detection
and analysis. In this paper we concentrate on a sin-
gle key feature of breaking news: a collapse in content

diversity within a fixed time window.

3 Proposed Method

Our objective is to detect when multiple articles in
a topical stream become less diverse, signalling the
emergence of an attention dominating news story. We
consider attention to a phenomenon as the main driv-
ing force behind the decision to produce or broadcast a
communication. Using the diversity of content within
a time window, we attempt to characterise instances
where a particular piece of information becomes dom-
inant. Concretely, for each type of media, NMF is
used to assign topics to documents; for documents in
a topic, we calculate diversity between documents in
a time window. This type of analysis allows us to ex-
amine the extent to which the onset of an important
breaking news event is accompanied by a collapse in
textual content diversity, both within a group of news
sources and across different media types.

3.1 Finding Topics

We apply a Non-negative Matrix Factorization (NMF)
topic modeling approach to extract potentially inter-
esting topics from a stream of tweets or set of articles.
For each media source, we build a tf-idf weighted term-
document matrix and use this as input to NMF.

We also considered LDA to infer topics in these
datasets. The choice of NMF over LDA was primarily
due to computation time. LDA was significantly more
computationally expensive than NMF with NNDSVD
[1] initialisation. NMF also tends to produce more co-
herent topics [17].

3.2 Measuring Diversity

The same tf-idf representation used for topic modeling
is used in diversity calculations. Each article, blog
post or tweet is a tf-idf vector. A separate document-
term matrix is built for each media type. Stopwords
and words occurring in fewer than 10 documents are
removed.

To measure diversity, we calculate the mean cosine
similarity between all unique pairs of articles within a
topic for a fixed time window. Given a set of docu-
ments D in a time window, the diversity is:

diversity(D) = −
∑

i,j∈D,i6=j cosSim(Di, Dj)∑|D|−1
i=1 i

Where cosSim(Di, Dj) is the cosine similarity of
tf-idf vectors of documents i and j in a time window.
In practice, calculating similarities between all pairs
of documents can be efficiently performed in parallel,
and can be calculated in a matter of seconds.



Longer time windows consider more document
pairs, which naturally result in smoother trends. In
contrast, shorter time windows are more sensitive to
brief attention dominating events, but also false posi-
tive spikes—where a small number of articles happen
to be similar in content, but do not constitute an at-
tention dominating story.

An alternative to content diversity is also consid-
ered. Ignoring document content, and just consider-
ing the sources of articles, diversity is calculated with
Shannon’s Diversity Index:

H ′ = −
R∑
i=1

pi ln pi

Where pi is the proportion of documents produced
by the ith source in a time window of interest, R is
total number of sources in a given media type.

Both diversity measures produce a single diversity
value per time window, generating a univariate time
series. Changes in diversity that are 2 standard devi-
ations away from the mean are naively considered to
be important enough to warrant attention. Exploring
more robust and well established methods for change
point detection such as [15, 4] is left for future work.

For the case studies described in Section 5, the win-
dow length was set to 8 hours. While the fast-paced
“24/7 news cycle” is described as a constant flood of
information, we find that all three mediums largely
follow a more traditional publishing cycle, with promi-
nent spikes in number of published articles on weekday
mornings, and low numbers of articles published out-
side of normal office hours. A more detailed analysis
of publishing times and characteristics will be explored
in future work.

4 Datasets

To explore attention dominating news stories, we
apply the method described above to three media
sources: mainstream news, blogs, and tweets. For the
first two sources, the NewsIR dataset1 is used. For
the final source, we use our own parallel corpus col-
lected from Twitter2. In contrast to previous work
[6, 11] where tweets are retrieved based on keywords
extracted from news articles, the parallel corpus was
derived from a large set of newsworthy sources, cu-
rated by journalists [3]. Journalists on Twitter curate
lists3 of useful sources by location or general topic of
interest—for example “US Politics” may contain ac-

1Available from: http://research.signalmedia.co/

newsir16/signal-dataset.html
2Data: https://dx.doi.org/10.6084/m9.figshare.2074105
3Examples of such lists are available https://twitter.com/

storyful/lists/ and https://twitter.com/syflmid/lists

counts of US politicians and other journalists who tend
to cover US politics related stories.

Gathering all members of such lists covering differ-
ent countries and topics follows the expert-digest strat-
egy from [7]. A tweet dataset collected independently
of news and blog articles preserves Twitter-specific fea-
tures and topics. Source and document counts are
summarised in Table 1.

Media Type Sources Documents Docs. per 24h

News 18,948 730,634 8,177
Blogs 73,403 253,488 23,568
Tweets 30,448 3,274,089 125,568

Table 1: Summary of overall source and document
counts by media type after filtering, and average num-
ber of documents in a 24 hour window.

Of the original 1 million articles provided, 15,878
were filtered as non-English4 or outside the date range
of interest (i.e. created between 2015-09-01 and 2015-
09-31). Tweet language filtering was performed using
meta-data provided in the tweet.

5 Attention Dominating Events

In order to compare the same topics across differ-
ent media types, we compare the top 10 terms repre-
senting the topics from different models. Specifically,
when topics from two different models have strongly-
overlapping (using Jaccard similarity) top term lists,
this indicates that similar events were discussed in
both media types.

Topics in a model that do not have any overlapping
terms with topics in other models, suggest that con-
tent unique to a platform is prominent. For example:
the “live, periscope, follow, stream, updates” topic in
the tweet corpus has no equivalent among the news or
blog topics. This reflects the fact that the Periscope
app became popular with journalists for broadcasting
short live video streams and Twitter is the main plat-
form where these streams are announced. The “music,
album, song, video, band” topic is prominent in the
blogs and Twitter, but is not present in news. This
may reflect the fact that most Twitter accounts and
blogs are far more personal in nature.

An indicative, but not necessary feature of attention
domination news is the presence of a similar topic on
multiple platforms. To illustrate the phenomenon of
topical diversity collapse, we now describe three case
studies.

4https://github.com/optimaize/language-detector was
used for language detection. Interestingly, language detection
proved effective for filtering “spammy” articles containing
obfuscated text, large numbers of urls, or containing tabular
data.

https://twitter.com/storyful/lists/
https://dx.doi.org/10.6084/m9.figshare.2074105
https://twitter.com/storyful/lists/
http://research.signalmedia.co/newsir16/signal-dataset.html
https://twitter.com/syflmid/lists
https://github.com/optimaize/language-detector
http://research.signalmedia.co/newsir16/signal-dataset.html


For each case study, we present the following: Top
10 topic terms for a topic in a media type, and a plot
of diversity over time, where:

• Solid lines show diversity of documents over time.

• Dashed lines show Shannon Diversity of sources.

• Highlighted time periods are when major devel-
opments occurred—based on Wikipedia Current
Events Portal5 for September 2015.

• Dot and Triangle markers indicate periods when
diversity drops 2 standard deviations below the
mean.

5.1 European Refugee Crisis

The European crisis began in 2015, as increasing num-
bers of refugees from areas in Syria, Afghanistan, and
Western Balkans [8] sought asylum in the EU. Figure 1
shows a plot of diversity for the documents assigned
to this topic in each 8 hour time window, for the three
media types. To help with visualisation, raw diversity
values are standardised with z-scores on the y axis,
while the x axis grid separates days.

Media Top 10 Topic Terms

Blogs refugees, syria, syrian, war, president, govern-
ment, military, europe, russia, iran

News refugees, migrants, border, hungary, eu, europe,
european, refugee, asylum, germany

Tweets refugees, syrian, hungary, help, migrants, europe,
border, germany, austria, asylum
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Figure 1: Standardised diversity scores for the Euro-
pean refugee crisis topic during September 2015, across
three media types.

The downward trend in diversity between Septem-
ber 3rd and 5th in the refugee crisis topic can be ex-
plained by the death of Aylan Kurdi. News of his

5https://en.wikipedia.org/wiki/Portal:Current_

events/September_2015

drowning quickly spread online and made global head-
lines. This was a particularly far-reaching story, dom-
inating news coverage until an announcement on re-
laxing controls on the Austro-Hungarian border by
Chancellors Faymann of Austria and Merkel of Ger-
many. Both Twitter and mainstream news streams ex-
perienced a diversity collapse, while Blogs maintained
more diverse set of articles. Between 19th and 21st,
smaller drops in diversity coinside with Pope Francis’
visit, where the issue of refugees was a prominent topic
of discussion.

5.2 Donald Trump Presidential Campaign

Donald Trump’s presidential campaign has attracted
considerable attention across all types of media6. Po-
sitions on issues of immigration and religion are par-
ticularly polarising, frequently causing controversies in
mainstream media.

Media Top 10 Topic Terms

Blogs trump, donald, republican, presidential, debate,
gop, president, candidates, candidate, bush

News trump, republican, presidential, donald, debate,
clinton, bush, fiorina, candidates, campaign

Tweets trump, im, love, donald, going, debate, happy,
gop, president, think
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Figure 2: Standardised diversity scores for Donald
Trump Presidential Campaign topic

Significant events marked around 12th, 17th, 21st
in Figure 2 relate to: Trump’s comments on Senator
Rand Paul on Twitter which was discussed on main-
stream news around 12th, but not as prominently on
blogs. On the 16th-17th coverage of a republican pres-
idential debate hosted by CNN; and 21st—mainstream
news coverage of reactions to events on 17th: during

6https://en.wikipedia.org/wiki/Donald_Trump_

presidential_campaign,_2016

https://en.wikipedia.org/wiki/Donald_Trump_presidential_campaign,_2016
https://en.wikipedia.org/wiki/Portal:Current_events/September_2015
https://en.wikipedia.org/wiki/Donald_Trump_presidential_campaign,_2016
https://en.wikipedia.org/wiki/Portal:Current_events/September_2015


a town hall meeting in Rochester, Donald Trump de-
clined to correct a man who said that President Obama
is a Muslim.

The statement prompted a significant drop in the
diversity of stories across all platforms. On the 25th,
during a speech given to conservative voters in Wash-
ington, Trump called fellow Republican presidential
candidate Marco Rubio “a clown”. Based on the data,
it appears that the reaction to the latter on Twitter
was not as pronounced as among journalists and blog-
gers.

5.3 Pope Francis visits North America

The visit of Pope Francis spanned 19 to 27 Septem-
ber 2015, where the itinerary included venues in both
Cuba and the United States. This event is a good il-
lustrative example as it was widely documented7, and
highlights a case where a collapse in diversity did not
occur at the same time on different media platforms.

Media Top 10 Topic Terms

Blogs pope, francis, church, catholic, visit, cuba, popes,
climate, philadelphia, vatican

News pope, francis, catholic, church, philadelphia,
popes, cuba, united, vatican, visit

Tweets pope, francis, visit, house, congress, popeindc,
cuba, white, popeinphilly, philadelphia
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Figure 3: Standardised diversity scores for the Papal
visit topic during September 2015.

In the case of news publishers, the largest drop in
diversity coincided with the beginning of the Pope’s
visit to Havana. Twitter users and bloggers reacted
more on September 23rd and 24th, when the Pope
met with Barack Obama and became the first Pope to
address a joint session of US Congress.

7https://en.wikipedia.org/wiki/Pope_Francis’_2015_

visit_to_North_America

In the Twitter stream, the notable event around
16th-17th is due to large numbers of similar tweets as
preparations for the visit were being discussed, and
#TellThePope trended briefly.

Earlier in the month, we see evidence of overlap-
ping attention dominating events. Between 6th and
7th September, the Pope announced the Vatican’s
churches will welcome families of refugees. This an-
nouncement followed a significant development in the
ongoing European refugee crisis: around 6,500 refugees
arrived in Vienna following Austria’s and Germany’s
decision to waive asylum system rules. This suggests
that an attention dominating news event in one topic
can trigger events in other topics, especially where
prominent public figures are involved.

6 Discussion

While the diversity measure we propose is relatively
simple, it can be easily augmented to account for other
factors. In the simplest form, every similarity value
between a unique pair of articles within a time window
carries an equal weight in the diversity calculation,
implying that a strong similarity between two highly
influential publishers is just as important as between
two inconsequential publishers with a small audience.
However, this weight could be tuned, either manually
or automatically using external information (e.g. Alexa
rankings). Accounting for social context [13] could also
be achieved by augmenting the topic modeling stage
of the process. Instead of using a classic tf-idf vector
space model, alternative representations that capture
more semantic similarity between documents can be
used. We aim to explore extensions to this measure in
future work.

The sequence of events in the European refugee cri-
sis and papal visit case studies suggest that it may be
possible to identify and track major developments with
global impact by linking attention dominating mo-
ments across multiple topics, as well as across sources
on different platforms. Social media communities both
influence and are influenced by traditional news media
[11]. Stories break both on Twitter and through tradi-
tional news publishers. Tracking or linking instances of
diversity collapse to explain the direction of influence
between the different media types is also a potential
avenue for future work.
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Abstract

The presentation of news articles to meet
research needs has traditionally been a
document-centric process. Yet users often
want to monitor developing news stories based
on an event, rather than by examining an
exhaustive list of retrieved documents. In
this work, we illustrate a news retrieval sys-
tem, eventNews, and an underlying algorithm
which is event-centric. Through this system,
news articles are clustered around a single
news event or an event and its sub-events. The
algorithm presented can leverage the creation
of new Reuters stories and their compact la-
bels as seed documents for the clustering pro-
cess. The system is configured to generate
top-level clusters for news events based on an
editorially supplied topical label, known as a
‘slugline,’ and to generate sub-topic-focused
clusters based on the algorithm. The system
uses an agglomerative clustering algorithm to
gather and structure documents into distinct
result sets. Decisions on whether to merge re-
lated documents or clusters are made accord-
ing to the similarity of evidence derived from
two distinct sources, one, relying on a digital
signature based on the unstructured text in
the document, the other based on the presence
of named entity tags that have been assigned
to the document by a named entity tagger, in
this case Thomson Reuters’ Calais engine.
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1 Introduction

1.1 Motivations

Thomson Reuters has been exploring alternative mod-
els for organizing and rendering articles found in its
news repository. Whether the users are editors, finan-
cial analysts, lawyers or other professional researchers,
a more effective means of examining a set of event-
related news articles beyond that of a ranked list of
documents was expressly sought. The presentation of
news articles based on events aligns well with contem-
porary research use cases, such as those arising in the
finance and risk sectors, where there is a salient need
for more effectively organized news content through
the lens of events. Other news organizations such as
Google have experimented with news clustering, but
in the absence of the concrete use cases of Thomson
Reuters’ professional users.

This project uses semi-supervised clustering capa-
bilities in order to group news documents based upon
shared news events. Germinal Reuters stories with ed-
itorially assigned labels (a.k.a. ‘sluglines’) are used as
seed documents for event identification and organiza-
tion. This task addresses the fundamental aim of the
project.

Figure 1: News Events Clustering Process



1.2 Objectives

The main objective of this project is to develop an
event-centric news paradigm that solves the challenge
of event validation and event story clustering at scale.
This goal is in response to feedback received from con-
sumers on news in their products. In addition to or-
ganizing news results around events rather than docu-
ments, another goal of this study is to provide a mech-
anism for clustering third-party (non-Reuters) news
documents together with corresponding Reuters arti-
cles around common news events. This is aided by
leveraging metadata tags that exist in Reuters news
articles about the same topical event. Since these tags
distinguish Reuters news documents from third-party
content, it is possible to consider using them as the
basis for grouping news articles together. The ini-
tial plan for this project was developed in conjunc-
tion with R&D’s partner, the news asset owner and
subject matter expert (SME), to use the initial or
top-level story labels known as primary sluglines (e.g.,
VOLKSWAGEN-EMISSION-FRAUD/ ) as an orga-
nizing principle for top-level clusters, and an algo-
rithmic means for creating lower-level clusters which
can incorporate second tier story labels known as sec-
ondary sluglines (e.g., VOLKSWAGEN-EMISSION-
FRAUD/COMPENSATION).

1.3 Workflow Illustration

In Figure 1, we see an example involving the “General
Motors Recall” for faulty ignition switches. Through
regular editorial practices, journalists write and tag
event-related stories. The first story with the first
“GM Recall” tag serves as the seed story for initiating
the cluster. As Reuters writes and tags more stories
about the GM Recall, the set of tags and text defin-
ing the GM Recall event expands. As it expands, so
too does the algorithm’s grasp of the event, helping
it to better identify cluster candidates, in particular,
within third-party news. Both the editorially gener-
ated slugline responsible for the birth of the cluster
and the algorithmic identification and population of
subsequent sub-clusters are depicted in the figure.

2 Previous Work

Previous work published on the topic of news events
structuring has been largely academic in nature, for
example, as in Borglund [6]. This thesis includes three
contributions: a survey of known clustering methods,
an evaluation of human versus human results when
grouping news articles in an event-centric manner, and
lastly an evaluation of an incremental clustering algo-
rithm to see if it is possible to consider a reduced input
size and still get a sufficient result.

In addition, there have been journal articles that
have explored the computational complexity of the al-

gorithms necessary to cluster real-time news articles
[5]. But they have focused largely on the math behind
the clustering rather than the use case and practition-
ers benefitting from it.

Some of the earliest work in this area was pursued
under DARPA and NIST funding and resulted in re-
ports written by various forums created to advance the
state of the art in event detection [3, 1].

There have also been research group work and dis-
sertations on the subject of topic detection and track-
ing resulting from the above research [12, 11]. Sub-
sequent work has attempted to capture some of the
structure of events and their dependencies in a news
topic by creating a model of events, a.k.a. ‘event
threading’ [10]. Yet more recently there have been
actual forums under large umbrella organizations like
ACL focusing on automatically computing news sto-
ries (and their titles) [2, 14].

There is also another field of research that addresses
event extraction in the ACE tradition1 that is rel-
evant to the context of our current work, e.g., [9].
What is distinct about our present project, however,
is the use of SME-defined seed stories and labels in a
semi-supervised manner and the subsequent clustering
stages at scale for real world news streams.

Worth noting is that one of the building blocks of
the current work is represented by an initial form of
‘local’ clustering that involves the identification and
grouping of exact and fuzzy duplicate documents [8].
This takes place in the stage immediately preceding
the final, aggregated clustering step.

3 Data Resources

The news repository under examination in this effort
is known as NewsRoom. It is a Thomson Reuters news
aggregation platform. It consists of approximately 15-
30 million documents per year from 12,000 indepen-
dent news sources which consist of national and lo-
cal newspapers, periodic journals, radio program tran-
scriptions, etc. From 2012 to 2015, NewsRoom con-
sisted of approximately 80 million news articles. These
were the target of our investigation for this project
(Table 1).2

In order to test our news workflow and the cluster-
ing algorithms that support it, we focus on chunks of
data representing approximately three months of doc-
uments at a time.

Having investigated baseline news clusters in earlier
research efforts (i.e., baseline algorithm, its granular-
ity, speed and complexity) we have subsequently pur-
sued improvements and efficiencies to help us approach

1http://www.itl.nist.gov/iad/mig/tests/ace/
2Thomson Reuters has long made comparably large

news collections available for external research: http:

//trec.nist.gov/data/reuters/reuters.html

http://trec.nist.gov/data/reuters/reuters.html
http://trec.nist.gov/data/reuters/reuters.html
http://www.itl.nist.gov/iad/mig/tests/ace/


Table 1: NewsRoom Integrated Data Sources
Year Sources Document Count
2012 Reuters / Diverse 14.6M
2013 ” 20.3M
2014 ” 27.8M
2015 ” 20.0M
Total ” 82.7M

our objectives more effectively.

4 Methods

Given our substantial data resources and our goal to
build a flexible experimental retrieval environment, we
have established three stages for processing and clus-
tering a large set of news documents around news
events (Figure 2). These stages include: (1) document
extraction (Reuters and non-Reuters articles) from our
news repository; (2) local clustering based on duplicate
document detection of identical and fuzzy duplicates
[7]; and (3) aggregate clustering performed over the
result set from stage 2. We have determined empiri-
cally that the local clustering stage works highly effec-
tively [8]. It is the aggregate clustering stage that has
spawned ongoing research, evaluation and refinement.
This stage consists of the application of hierarchical
agglomerative clustering, where different types of clus-
ter centroid representations were examined. Although
we provide descriptions of each of the three processing
stages below, it is the third of these stages that is the
principal focus of our latest efforts and this research
report.

Figure 2: News Events Clustering Functional Stages

4.1 Document Extraction Stage

The document extraction process can be customized
to facilitate experimentation such as that undertaken
for this study. NewsRoom represents a news repos-
itory of both Reuters and non-Reuters sources cov-
ering roughly 12,000 news sources. Given a date
range, e.g., [20141001T0000000Z 20141231T235959Z],
one can extract all of the ‘recommendable’ news doc-

uments in the repository, or some user-defined sub-
set of them. Since the repository contains substantial
numbers of Reuters and non-Reuters financial doc-
uments, for example, some stories are largely non-
textual, e.g., containing tabular information only; very
short, e.g., stubs for stories in progress stories; or
meta-data snippets for topics that were not substan-
tiated. These types of documents would be consid-
ered non-recommendable and thus are not retrieved
for subsequent processing. In general, over half of the
documents in the repository would be classified as rec-
ommendable for this use case. The NewsRoom envi-
ronment comes with a recommendation classifier. Ad-
ditional details beyond those provided above would be
beyond the scope of our current focus.

The extraction process results in all recommend-
able documents being loaded from the repository to
an Apache Derby JDBC relational database. The
tabular data structures that store the documents and
subsequent clusters contain basic information such as
doc id, dataset name, doc date, title, article source,
source url (if applicable), body, body length, together
with tens of additional features that can be used to dis-
criminate and used by various classifiers, e.g., primary
news code, short sentence count, ticker count, quan-
tity of numbers, quantity all-caps, quantity of press
releases, etc. These additional features are available
for subsequent downstream processing such as classi-
fication, routing or clustering.

4.2 Local Clustering Stage

The next process, local clustering, is designed to
rapidly and efficiently identify initial clusters based on
documents that satisfy criteria for identical or fuzzy
duplicates. Documents are compared using two types
of digital signatures that harness the most discrimi-
nating terms, one, smaller and more compact lever-
aging O(10) terms, is used to identify identical du-
plicates; another, more expansive, leveraging O(100)
terms, is used to identify fuzzy duplicates. The pro-
cess being executed uses techniques reported on in [8].
For this application, a rolling window of n days is used,
where (n < 10). Documents falling within this window
are compared. Heuristics relying on features such as
doc length, are also invoked to reduce the number of
comparisons required. For example, when a document
exceeds the length of another by 20% or more, though
they may satisfy a containment relationship, accord-
ing to our definition, they would not be considered
‘duplicates.’

4.3 Aggregate Clustering Stage

During the third, aggregate clustering stage, the clus-
ters are initiated via seminal Reuters articles contain-



ing slugline tags. These tags are distinct from head-
lines, as shown in Figure 3. The articles with sluglines
may be singletons or they may exist in one of the lo-
cal clusters formed in preceding stage. Both of these
‘objects’ qualify to serve as a cluster ‘seed.’

Figure 3: Reuters Article - Slugline Illustration

Two main challenges confronted when implementing
this hierarchical, agglomerative clustering stage were,
first, finding the best set of features and metrics to
decide whether a pair of singletons or local clusters
justify merging into larger clusters while still remain-
ing sufficiently cohesive, and, second, identifying the
optimal sequence for comparing these clusters when
considering merging (Figure 4).

Figure 4: Approaches to Source to Target Merging

Based upon observations made by subject matter
experts who created exemplar news clusters to sup-
port the project, we determined that there were two,
often independent, means by which documents could
be identified as belonging to the same news event. One
involves the unstructured text of an article; the other
involves the structured text, in our case, documents
that have been tagged by the Calais named-entity tag-
ging engine [13, 4]. Given that articles involving news
events can be found to be similar based on either of
these two feature spaces, our approach to aggregate
(stage 3) clustering is robust: a decision to merge two
of these documents or local clusters can be based on
the similarity between the unstructured text of two ob-
jects, the tagged named entities that have been iden-
tified by Calais (listed below), or both.

• People – person name entities
• Reuters Instrument Codes (RICs) – for companies
• Reuters Classification System (RCS) – for topics

& industries
• Topics – domain independent topical phrases
• Smart Terms – topical taxonomy terms

Operationally, the hybrid feature set described
above is used to decide whether or not to merge two

clusters. It consists of two data structures, both repe-
sented in vector form. The first is a term-based vec-
tor. It is used to determine the degree of overlap be-
tween two cluster centroids, constituted by two central
‘documents’ (e.g., longest, most recent, true centroid,
etc.). The second is a tag-based vector, representing a
set of Calais tags present in the cluster’s documents.
The similarity measures used in each of these cases
is thresholded, with the threshold determined empiri-
cally. In the case of the term vectors for the unstruc-
tured text, the thresholds are set high, although not as
high as those for duplication detection used in stage 2.
In the case of the set of Calais tags for the structured
text, a weighted sum is used, whereby various combi-
nations of named entities can be assembled to satisfy
the threshold for merging.

Table 2: Experimental Processing (4 QTR 2014)

Stage Name Type Count
1. Document Extract documents 3.63M
2. Local Clustering clusters 2.10M
3. Agglom. Clustering clusters 1.67M

5 Evaluation

Given the objectives of this study with respect to
retrieval performance and organizational structure,
evaluation is an essential piece of the validation
process. After having conducted a number of trials
to establish various thresholds (document or cluster
similarity, named entity similarity, etc.), we conducted
a trial which focused on a number of news events
chosen by subject matter experts (SMEs) from the
final quarter of 2014. We focused on the set of
high-level news events shown below.

1. Halliburton Buying Baker Hughes (Nov. 13, 15)
2. Defense Secretary Hagel Resigns (Nov. 24, 25)
3. Air Asia Crash (Dec. 28, 31)
4. Pope Urges Tolerance in Turkey (Nov. 28)
5. Lufthansa Braces for Next Strike (Dec. 3)
6. Iran Rouhani Says Will Try to Clinch Nuclear

Deal in Talks (Dec. 15)
7. Alstom Nearing $700M Bribery Settlement (Dec.

16)

For each of the events identified, result sets were
created and stored in worksheets (Table 2 presents
dataset details). The result sets consisted of numer-
ous clusters on the subject of the event (often involving
named entities such as Halliburton, Hagel, the Pope,
Rouhani, Alstom, etc.), some of which are on the topic
of the news event, some of which address the entity in
other contexts. For those that were on the subject of
the event, the clusters represent sub-topical (second-
level) clusters (see VW example in Section 1.2). Re-



garding the result worksheets, in addition to doc ids,
they included local cluster and batch cluster ids, date
and time stamp, document title, document length and
URL link to the complete news article (if available).
The worksheets were presented to two evaluators, both
subject matter experts from the news domain.3

Two metrics were used to evaluate these experi-
ments. First, the assessors scored each cluster for co-
herence and accuracy, making sure that all of the doc-
uments that belong to a specific cluster were present,
and that all of the documents that didn’t belong were
not present. The cluster database was queried broadly,
e.g., ‘Defense Secretary Hagel’, in order to permit the
assessors to have access to clusters both about and not
about the event in question, again, in order to inspect
those documents that belong in the relevant clusters
and those that do not. For this task, they used a five-
point Likert scale, A (very good) thru F (very weak),
codified as 5-to-1.4 Secondly, the assessors determined
a ‘cluster edit distance’ for each cluster solution, indi-
cating which sub-clusters they would merge and which
they would split, if any, to achieve an optimal solution.
Each merge or split step would be the cluster equiv-
alent of an ‘edit’ in the standard character-based edit
distance measure. The results of this assessment task
are presented in the Table 3.

In general, we see that with few exceptions, the ma-
jority of clusters returned for our queries were about
the underlying event(s) (Table 3, column 4). In ad-
dition, the coherence/accuracy scores for the clusters
reviewed were in the 4.0 or ‘B’ range, some higher,
some lower. When the same entities, but out-of-
event clusters are included (column 3), their scores are
slighty higher, still in the 4.0 or ‘B’ range.5 In terms
of the cluster edit distances measured, for the seven
news events represented in the table, the mean num-
ber of ‘splits’ required for each cluster set was λ=1.15
(σ=1.2) while the mean number of merges was λ=4.7
(σ=4.3).

Clearly the larger numbers appearing in the con-
text of merges have been influenced significantly by a

3The first SME assessed the quality of both types of
clusters, those about the event and those not; the second
SME assessed the quality of the event clusters only.

4The five grades used in the American educational sys-
tem are A-B-C-D-F, which range from exceptional (A) to
failure (F). E is not used.

5Although in aggregate, the mean of the grades as-
signed the clusters by the two SMEs were comparable,
when we calculated the weighted Kappa score for inter-
reviewer agreement, we found that they were not as uni-
form, as the scores generally fell into the bottom quartile.
The reviewers assigned identical grades in only about a
third of the cases. In the majority of the other cases, they
were one and sometimes two grades apart.

couple of the outliers found in the list of events, i.e.,
nos. 2 and 7. In the case of the latter, there was
greater variety in the news sources and articles report-
ing on the statements coming from the Iranian leader,
and as a result, the algorithm may not have captured
the overarching similarity among the documents. In
addition, there was a greater variety of persons men-
tioned in these articles who were responding to Presi-
dent Rouhani.

Regarding the queuing strategy and its impact on
agglomerative clustering and merging (Figure 4), we
conducted a series of experiments that involved differ-
ent strategies, including least-recently-used and most-
recently-used. Other strategies tended to have a signif-
icant impact on computational complexity insofar as
it was necessary to perform real-time tracking of dy-
namic cluster characteristics. Although the spectrum
of considerations involved in those experiments may
be beyond the scope of the current reporting space,
we found that the most-recently-used was as effective
a queuing strategy as the majority of others investi-
gated.

There is clearly room for improved performance and
additional evaluation. One way of addressing some of
the disparities revealed above is by tuning the joint
thresholds for document signature and named entities
tagged. Alternatively, one could have the thresholds
learned and optimized depending on features associ-
ated with the documents (e.g., range of idfs in the
signatures, number and type of entities in the docu-
ment). Moreover, one could use a variable weighted
sum of the similarity scores, depending on the contri-
bution of the named entities and distinguishing terms
present in the articles being compared.

6 Conclusions

The news events clustering efforts summarized in this
report and depicted in Figure 1 represent a combi-
nation of semi-supervised clustering techniques and
human-generated, labeled data. They aim to deliver
an effective solution by leveraging Reuters’ labels and
validating the scope of events at scale. The ultimate
goal of the study is to determine to what extent com-
bined human-computer resources can produce event-
based clusters that are considerably more useful – i.e.,
more effective – than exhaustive lists of unstructured
documents. In addition, third-party content can be
gathered and organized around existing clustered con-
tent based upon Reuters’ own editorially labeled and
classified news events. The variety of challenges con-
fronted – using Reuters’ metadata, getting the granu-
larity right, and scaling the solution – all depend on
the right mix within this integration. By tracking the
steps outlined above, we anticipate having a more ro-
bust working model available for evaluation in the near



Table 3: Graded Assessments of News Events Clusters

No. Event Title No. No. Mean Avg Mean Avg Score
Clusters Clusters Score for for Event Clusters

on Event All Clusters SME #1 SME #2
1. Halliburton Buying Baker Hughes 6 5 4.33 4.20 4.00
2. Defense Secretary Hagel Resigns 24 17 4.02 3.94 2.94
3. Air Asia Crash 14 7 3.93 3.64 3.50
4. Pope Urges Tolerance in Turkey 7 6 4.29 4.17 4.33
5. Lufthansa Braces for Next Strike 5 2 4.00 3.00 4.50
6. Iran Rouhani Tries to Secure 59 47 3.99 3.86 3.93

Nuclear Deal
7. Alstom Nearing $700M Bribery 5 3 3.80 3.50 4.50

Settlement
T. Total Avg = 4.05 Avg = 3.73 Avg = 3.95

future. Anticipated amendments or extensions of the
model are addressed below.

7 Future Work

In future work, we will extend our evaluations by com-
paring our results with exemplar clusters identified by
our SMEs, both in terms of granularity and in terms
of completeness, at the top, topical cluster level and
lower, sub-topical level of resulting clusters. This form
of assessment addresses overall cluster precision. We
will also need to conduct tests that approach evaluat-
ing recall, i.e., of all the possible news events in the
data set or sample, how many do we capture and rep-
resent at top and lower levels of the shallow hierarchy?
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Abstract

This paper presents an approach to detect
real-world events as manifested in news texts.
We use vector space models, particularly
neural embeddings (prediction-based distribu-
tional models). The models are trained on
a large ‘reference’ corpus and then succes-
sively updated with new textual data from
daily news. For given words or multi-word
entities, calculating difference between their
vector representations in two or more models
allows to find out association shifts that hap-
pen to these words over time. The hypothesis
is tested on country names, using news cor-
pora for English and Russian language. We
show that this approach successfully extracts
meaningful temporal trends for named entities
regardless of a language.

1 Introduction

We propose an approach to track changes happen-
ing to real-world entities (in our case, countries) with
the help of constantly updated distributional semantic
models. We show how one can train such models on

Copyright c© 2016 for the individual papers by the paper’s au-
thors. Copying permitted for private and academic purposes.
This volume is published and copyrighted by its editors.

In: M. Martinez, U. Kruschwitz, G. Kazai, D. Corney, F. Hopf-
gartner, R. Campos and D. Albakour (eds.): Proceedings of the
NewsIR’16 Workshop at ECIR, Padua, Italy, 20-March-2016,
published at http://ceur-ws.org

new textual data arriving daily and draw conclusions
about events based on changes in word vectors induced
by new contexts. In other words, subtle semantic shifts
which the words undergo over time, influenced by real-
world events, are detected by the presented method.

Detecting semantic shifts can be of use in a variety
of linguistic applications. First, this method can be of
help in the problem of automatically monitoring events
through the stream of texts [AGK01]. Detected se-
mantic shifts can potentially be used as additional fea-
tures in the algorithms aimed at extracting the course
of events. Without unsupervised approaches, it is im-
possible to process all the continuously generated data.
This is the primary motivation factor for our research.
Second, the developed approach can be used to study
language shift and compare temporal corpora slices.
This language area is traditionally studied by linguists,
who put a lot of efforts into describing semantic shifts
with the help of dictionaries, corpora and sociolinguis-
tic research. At the same time, it is impossible to
grasp all the language vocabulary and describe every
lexical shift manually. Distributional semantic models
facilitate this task.

The approaches to events detection and modeling
of language shifts have a lot in common. First tech-
niques employed various frequency metrics [JS09] and
shallow semantic modeling [KNR15], [HBB10]. With
the emergence of distributive semantic models detec-
tion of semantic shifts acquired new potential, as it was
shown that word embeddings significantly improve the
performance of algorithms [KARPS15].

The rest of the paper is organized as follows. In
Section 2 we introduce the basics of prediction-based
vector models of semantics. Section 3 describes the



principles of comparing such models, trained on pieces
of text which follow each other in time. Specifics of our
datasets are covered in Section 4, followed by the de-
scription of experimental setting in Section 5. Section
6 evaluates the results and in Section 7 we conclude.

2 Distributed Semantic Models
Vector space models (VSMs) are well established in the
field of computational linguistics and have been stud-
ied for decades (see [TP+10], [Reh11]). Essentially,
a model is a set of words and corresponding vectors,
which are produced from typical contexts for a given
word. The most widespread type of contexts is other
words co-occurring with a given one, which means that
the set of all possible contexts generally equals the size
of the vocabulary of the corpus. The dimensionality
of the resulting count model can be reduced with well-
known techniques like Principal Components Analysis
(PCA) or Singular Value Decomposition (SVD). But
in turn, this effectively forbids online training (contin-
uously updating the model with new data), because
after each update one has to perform computationally
expensive dimensionality reduction over the whole co-
occurrence matrix.

To overcome this, we employ a type of VSMs
called prediction-based models: particularly, Con-
tinuous Bag-of-Words (CBOW) algorithm ([BDV03],
[MSC+13])1. Predictive models rather approximate
co-occurrence data, instead of counting it directly, and
show a promising set of properties. Using them, one
directly learns dense lexical vectors (embeddings). Vec-
tors are initialized randomly and then, as we move
through the training corpus with a sliding window of a
pre-defined width, gradually converge to values max-
imizing the likelihood of correctly predicting lexical
neighbors. Such models as a rule use artificial neu-
ral networks to train; this is why they are sometimes
called neural models.

For our task, it is important that predictive models
can be updated with new co-occurrence data in a quite
straightforward way. As already said, this is usually
not the case with count models which demand compu-
tationally expensive calculations each time a new text
is added.

3 Introducing Temporal Dimension to
Vector Models

Detecting semantic shifts which words undergo over
time demands the ability to somehow compare ref-
erence (‘baseline’) and updated models, representing
later periods of time.

1The well-known word2vec tool also implements SkipGram,
which is another predictive algorithm. However, it is more com-
putationally expensive, and we leave its usage for future work.

The idea of employing changes in distributional se-
mantic models to track semantic shifts is not in itself
new. [KCH+14] proposed to detect language change
with chronologically trained models. However, they
used rather simplified measure of ‘distance’ between
word vectors at different time slices, namely, raw co-
sine distance. We employ more sophisticated methods
as described further. [POL10] developed an approach
to the First Story Detection in Twitter posts. Their
research is similar to ours in that it deals with stream-
ing data. The authors explore the space of documents
and compare new tweets to the existing ones. However,
the algorithm is developed specifically for short texts
like tweets, which differ radically from news pieces an-
alyzed in the presented paper.

Updating a neural model with new texts (in addi-
tion to the base training corpus used for initial train-
ing) is technically straightforward. After that, we have
two modelsM1 andMn, where the former is the ‘base-
line’ reference model, and the latter is the updated one
(or a sequence of n updated models, each correspond-
ing to the next time period), probably bringing new
semantic shifts. This dynamic model in a way tries
to imitate human brain learning new things, gradually
‘updating’ its state with new input data every day.

What are the possible ways to extract these
changes? Suppose there is a set S of named entities
(organizations, locations or persons we are interested
in). Initially in the model M1, each element of S can
be thought of as possessing a number of topical ‘as-
sociates’ or ‘nearest neighbors’: words with their re-
spective vectors closest to this element vector, ranked
by their closeness or similarity. The exact number of
nearest neighbors we consider in the simplest case is
defined arbitrarily (for example, 10 nearest words). As
we update the model with new data, co-occurrence
counts for the elements of S are gradually growing (the
model sees them in new contexts). It means than in
each successive modelMn learned vectors for elements
of S can be different.

If contexts for these words remain pretty much the
same throughout the training data, the list of asso-
ciates (nearest neighbors) in Mn will also remain in-
tact. However, if a word acquires new typical contexts
or loses some previous ones, its neural embedding will
change: a semantic shift happens. Accordingly, we
will see a new list of associates. For example, the vec-
tor representation for the word president may change
so that its nearest neighbor is the vector for the name
of the actual president of a country, instead of the pre-
vious one.

In this way, lists of nearest neighbors can be com-
pared across models trained on different corpora or
across one and the same model after an incremen-
tal update (as in the presented research). Substantial



changes or bursts in such lists for the named entities
we are interested in may signal that these entities have
undergone or are undergoing semantic shifts, which in
turn reflects real-world events. We dub this approach
‘dynamic neural embedding models’.

Sets of neighbors in different models can be com-
pared in many ways. Approaches to this range from
simple Jaccard index [Jac01] to complex graph-based
algorithms. We test two methods:

1. Kendall’s τ coefficient [Ken48], which measures
similarity of item rankings in two sets. Intuitively,
it is important to pay attention not only to raw
appearance of some words in the nearest neigh-
bors set, but also to their rankings in it.

2. Relative Neighborhood Tree (RNT), introduced by
[CGS15]. It essentially produces a tree graph
with the target word as its root, nearest neigh-
bors as vertexes and similarities between them as
weighted edges. We then select the immediate
neighbors of the target word in this tree and rank
them according to their cosine similarity to the
target word. These rankings are then compared
across models using the same Kendall’s τ .

The reason behind the second method is that it theo-
retically allows a deeper analysis of nearest neighbors’
sets structure. Obviously, the neighbors participate
in similarity relations not only with the target word
but also between themselves. These relations convey
meaning as well, making it possible to find the most
‘important’ neighbors. Graph-based methods to ana-
lyze relations between words in distributional models
were also used in [KWHdR15]; note, however, that
the problem they deal with is inverse to ours – they
attempt to trace changes in surface words for a stable
set of concepts, while we attempt to trace semantic
shifts (changes in underlying concepts for a stable set
of words).

We hoped that this graph-supported ‘pre-selection’
would allow Kendall’s τ to improve the performance
of the model. However, these expectations failed and
simple ranking turned out to be more efficient than
graph-based methods; see Section 6.

4 Data Description
We test our approach on lemmatized corpora of En-
glish and Russian news texts. The English corpus con-
sists of The Signal Media Dataset2, which contains
265,512 blog articles and 734,488 news articles from
September 2015. The size of the corpus (after lemma-
tizing and removing stop words) is 222,928,287 words.

2http://research.signalmedia.co/newsir16/
signal-dataset.html

We employ Stanford POS tagger [TKMS03] to extract
lemmas and to assign each lemma a part-of-speech tag.

In order to test whether extracted semantic shifts
are consistent across languages, we use a corpus of
news articles in Russian published in September 2015
(unfortunately, not available publicly due to copyright
restrictions). It contains about 500,000 texts extracted
from about 1000 Russian-language news sites. The
size of the corpus (after lemmatizing and removing
stop-words) is 59,167,835 words. We employ Mystem
[Seg03], a state-of-the art tagger for Russian to pro-
duce lemmas and part-of-speech tags.

5 Experimental setting
News texts from September 2015 do not seem to be a
good training set alone. This is because such a cor-
pus is inevitably limited in language coverage, lacking
relations to events that happened earlier. Therefore,
we first train a ‘reference’ or ‘baseline’ model which
aims to mimic some background knowledge, which is
then exposed to daily updates. For English, we used
British National Corpus3 (about 50 million words) to
train this reference model, while for Russian it was
the corpus of news articles published in the months
preceding September 2015, precisely June, July and
August (taken from the same source as the Septem-
ber articles). This corpus contains about 250 million
words.

We acknowledge it is not quite correct to employ
different types of corpora for ‘reference’ models in En-
glish and Russian. However, in a way, we compensate
the quality and balance of BNC with the larger size of
the reference corpus in Russian. In the future we plan
to eliminate this inconsistency by using an analogous
set of English news published in summer months or by
employing Wikipedia dumps as reference corpora for
both languages.

Both corpora were merged with same-language
texts released in the first half of September 2015 (be-
fore 14th of September), in order to seed baseline mod-
els with some initial ‘knowledge’ of events and entities
belonging to this month. Then, Continuous Bag-of-
Words models were trained for both corpora, using
negative sampling with 10 samples, vector size 300,
symmetric window size 5 and 5 iterations. Words with
frequency less than 10 were ignored during training.

After that, we successively updated these models
with texts released in the following September time
periods: 14th–15th, 16th–17th, 18th–20th, 21th–22th,
23th–24th, 25th–27th, and 28th–30th. Granularity of
2 or 3 days was chosen in order to enlarge the amount
of data fed to models: for example, some one-day Rus-
sian corpora corresponding to weekends contained only

3http://www.natcorp.ox.ac.uk/

http://research.signalmedia.co/newsir16/signal-dataset.html
http://www.natcorp.ox.ac.uk/
http://research.signalmedia.co/newsir16/signal-dataset.html


several thousand words. For this reason, we addition-
ally tried to include week-ends in 3-days periods, to
make news stream more evenly distributed. As a re-
sult, average time period size in tokens was 18,774,000
for English data and 5,332,000 for Russian data.

We once again emphasize that our baseline mod-
els were not re-trained from scratch with new texts
added from new corpora. Instead, we continued train-
ing the same model, gradually updating word vectors
with new contexts. All interim states were saved as
separate models, and in the end we had 8 successive
models for each language.

We extracted English and Russian countries names
from Wikipedia list of all world countries4 and manu-
ally checked and normalized it, bringing all name vari-
ants to one lexeme. Then we filtered out the entities
with frequency less than 30 per million words in either
of our two reference corpora (English and Russian),
producing a set CS of 36 frequent country names5.

Finally, for each of the successive models, we found
nearest neighbor sets for each entity in CS and com-
pared them to the sets from the model state at the
previous time period. Kendall’s τ and Relative Neigh-
borhood Tree (RNT) were used to compute similar-
ity coefficients for each country within the given pair
of models. This provided us with two lists of coun-
tries (for each language) ranked by their similarity to
the same country in the ‘previous’ model. Supposedly,
countries in which some major events happened dur-
ing the last days have to position low in these lists, be-
cause their associations in news texts drifted towards
the recent event or an opinion burst.

Let’s illustrate how news texts and changes in the
models reflect the real-life events by comparing 10
nearest associates for Chile in the English and Russian
corpora. On the 16th of September 2015 there was an
earthquake in Chile, and we can detect its ‘echo’ in the
changes between our models for 14th–15th and 16th–
17th of September (see Table 1).

Before the 16th of September, associates for Chile
in both models were mostly the neighboring countries.
However, after the earthquake things have completely
changed: there was a strong bias towards this topic in
news and blogs, and this is reflected in vectors for the
word. 60% of English and 20% of Russian associates
are now related to the event.

Kendall’s τ coefficient between these two neighbors
lists is as low as 0 (neighbors are completely replaced)
for English and 0.56 for Russian. Average Kendall’s
τ for CS is 0.56 in the English models for the two

4https://en.wikipedia.org/wiki/List_of_sovereign_
states

5Low-frequency country names bring in noise, because their
vectors are susceptible to wild fluctuations when exposed to even
a small amount of new contexts.

Table 1: Change in Chile’s neighbor set
14th–15th September 16th–17th September
English Russian English Russian

peru бачелет quake аргентина
bolivia аргентина earthquake бачелет

(bachelet)
colombia коста-рика santiago никарагуа
argentina перчик chilean мексика
honduras никарагуа tremor бельгия
brazil швейцария tsunami исландия
ecuador бельгия aftershock тунис
nicaragua исландия chileans магнитуда

(magnitude)
paraguay аргентин temblor землетрясение

(earthquake)
enchiladas гватемала kyushu коста-рика

days in question, with standard deviation 0.12. Thus,
in the case of English, the change to the neighbors’
set can be considered a significant burst, well above
simple chance. In the case of Russian, Kendall’s τ
lies only 1 point below the average value of 0.57. It
is obvious that Russian mass media paid less atten-
tion to the earthquake (they are more concerned with
Michelle Bachelet, Chile’s president), but the event is
still reflected in the nearest neighbors set.

The next section describes how we employed cross-
linguality of the data to evaluate the presented ap-
proach.

6 Cross-Lingual Evaluation of Events
Detection

There is no ‘golden standard’ or ground truth which
would allow to evaluate precision and recall of our
events and associations extraction, and to tune hy-
perparameters of the algorithms. However, there is a
way to indirectly estimate their performance in a kind
of intrinsic evaluation.

We hypothesize that the better is an algorithm of
detecting semantic shifts, the closer should be its re-
sults on model sequences trained on different language
corpora. Obviously, national media focus on different
topics, but this mostly concerns the domestic news.
As for the world news, the worst scenario could be
that a news story is not covered in national media of
a particular country. However, such scenarios should
be rare. In other cases, the perspective on a story can
differ, but the ‘burst’ should remain the same6.

Thus, English and Russian countries lists ranked by
their ‘burstiness’ can be compared using Spearman’s ρ

6Analyzing the degree to which the vision of events is differ-
ent in national media is beyond the scope of the present research.

https://en.wikipedia.org/wiki/List_of_sovereign_states
https://en.wikipedia.org/wiki/List_of_sovereign_states


Table 2: 5 countries with most changed neighbors’ sets
(of total 36) between September 18–20 and 21–22

Rank English Russian (translated)

1 Italy Japan
2 Georgia Brazil
3 Malaysia China
4 Japan Spain
5 China Georgia

[Spe04] for each time period. As there are 7 shifts from
one time period to another, we use median of ρ values
for these 7 cases as a tentative measure of algorithm’s
performance. The Table 2 gives an example of such
country rankings for the changes between 18–20 and
21–22 of September. One can see that the top lists are
highly similar, with 3 of 5 countries appearing in both
(actual Sperman’s ρ for the total lists of 36 countries
between these periods is 0.5).

Overall results of applying this approach to the
whole dataset using two our algorithms (with different
sizes of nearest neighbors’ sets to consider) are pre-
sented in the Table 3. We also applied it to a simple
baseline method, where nearest neighbors are words
which most frequently occurred in the window of 5 to-
kens to the right and to the left of the target entity in
the given corpus.

Table 3: Cross-lingual evaluation
Algorithm Neighbors’

set size
Median Spear-
man’s ρ

Raw co-
occurrences
baseline

5 0.26 (p = 0.12)
10 0.15
100 0.06

CBOW and
Kendall’s τ

5 0.25
10 0.25
100 0.28 (p = 0.09)

CBOW and Rel-
ative Neighbor-
hood Tree

5 0.20
10 0.16
100 0.14

Kendall’s τ consistently renders better results with-
out additional selection of ‘important’ associates by
a relative neighborhood tree (additionally, it is much
faster). This once again raises questions about
whether vector models can be efficiently processed
with graph representations. Kendall’s τ also outper-
forms the baseline approach: the margin is as small as
two points, but it is supported by higher significance
(p < 0.1).

Note that qualitative analysis of the baseline results
shows that they are mostly inappropriate for any prac-
tical task. For the time period which is described in

the Table 1, the baseline approach almost does not re-
veal any differences between neighbors sets: average
Kendall’s τ is 0.92 for English and 0.99 for Russian.
Thus, if in the case of English the earthquake event is
at least detected (we observe the emergence of 4 new
related neighbors), in the case of Russian the neigh-
bor set remained strictly the same. It seems that the
raw co-occurrences approach suffers from overestimat-
ing the influence of the reference corpora, which are
much larger than the daily updates. Dynamic neural
embedding models overcome this problem.

Interestingly, the wider sets of neighbors taken into
account results in better performance only for CBOW
with Kendall’s τ . For the baseline and for CBOW with
RNT, increasing the size of processed neighbor sets
actually results in poorer performance. The reason
for this behavior in RNT can be that the algorithm
begins to ‘roam’ in the graph attracting more far-away
associates as immediate tree neighbors to the target
word. In the baseline method it simply leads to much
language-dependent noise, which semantically aware
models filter out at the training stage.

7 Conclusions
We presented a method of detecting semantic shifts
for countries in news texts with the help of dynamic
neural embedding models. We explored the difference
between entities’ vector representations in the mod-
els from different temporal stages and discovered as-
sociation shifts that happen to these words over time.
This can be employed to trace trends and events in
streaming news texts using a completely unsupervised
approach.

We showed that distributional semantic models are
rather efficient when detecting associations shifts and
are in most cases language-independent. In our test
sets, there is a statistically significant correlation be-
tween lists of ‘semantically shifted’ countries in En-
glish and Russian sequences of models for the same
time period.

However, there is still room for improvement. First
of all, some ways to evaluate semantic shifts extraction
have to be developed (including creation of ground
truth datasets). Additionally, we plan to test other
ways of comparing neighbor sets and tune algorithms’
hyperparameters. It would be also useful to improve
the quality of corpora (e.g. eliminate more noise and
stop words). Finally, we plan to experiment with us-
ing different algorithms or parameter sets for different
languages: preliminary tests show promising results.
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Abstract

The written medium through which we com-
monly learn about relevant news are news ar-
ticles. Since there is an abundance of news ar-
ticles that are written daily, the readers have
a common problem of discovering the content
of interest and still not be overwhelmed with
the amount of it. In this paper we present a
system called Event Registry which is able to
group articles about an event across languages
and extract from the articles core event in-
formation in a structured form. In this way,
the amount of content that the reader has to
check is significantly reduced while addition-
ally providing the reader with a global cover-
age of each event. Since all event information
is structured this also provides extensive and
fine-grained options for information searching
and filtering that are not available with cur-
rent news aggregators.

1 Introduction

News publishers daily produce large numbers of news
articles. Most of these articles describe happenings
that are currently occurring in the world, such as natu-
ral disasters, meetings of important politicians, crime,
business and sport events. Not all reported informa-
tion is equally important – some events get higher me-
dia coverage, while other events get reported only by
a small set of publishers.
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In order to learn about current events, people nowa-
days usually either go to their favorite news publisher’s
web site and browse through the frontpage articles or
they use of some type of aggregator, such as Flip-
board or Bloomberg Terminal. Neither of the two ap-
proaches are optimal. By browsing a publisher’s web
site you typically learn about a small subset of current
events (usually constrained to the geographic location
of the news source) that are not necessarily unbiased
and objective but instead implicitly promote political,
social and religious views of the publisher/author. Us-
ing a news aggregator on the other hand can provide
the readers with a coverage of the same events from
multiple news sources, but unfortunately also over-
whelms the reader with huge amounts of news articles
(Bloomberg Terminal daily provides over 1 million ar-
ticles). Using a news aggregator is also helpful since it
usually allows one to specify a particular topic to fol-
low, such as Business, Technology, Apple or Android.
The list of topics is however quite narrow and does not
allow one to specify long-tail interests.

In this paper we will describe a system called Event
Registry [4] that tries to alleviate the aforementioned
issues with news consumption and is freely available
at 1. Just as news aggregators it collects news arti-
cles published globally from more than 100,000 news
sources in over 10 different languages. However, un-
like the aggregators, Event Registry identifies from the
articles the actual events that are being described in
the articles. For Event Registry, an event is defined
as any significant happening in the world that was re-
ported in at least a few articles. Two examples of
events are the death of David Bowie on Jan 11, 2016
that was reported in over 4,000 news articles as well as
the news reported in 13 articles on Jan 23, 2016, that
in Smithsonian’s National Zoo, the Giant Panda was
really enjoying the snow.

Grouping of news articles into events has several ad-

1http://eventregistry.org/



vantages. First, given an event, the reader can choose
to read articles from various news sources that re-
ported about the event. Providing the complete and
global coverage of the event allows the reader to con-
struct an unbiased view of the event and all related
details. Secondly, when browsing through the current
events, the reader does not have to go through hun-
dreds of news articles, where several articles report
about the same event. Instead, all articles about the
same event are grouped together and shown only once,
which easily reduces the amount of content for one or
two orders of magnitude. Lastly, for each event in
Event Registry there is also abundant semantic infor-
mation that is extracted from the articles, such as the
location of the event, date, who and what the event
is about, etc. This semantic information allows the
reader to determine very specifically what his inter-
ests are and get a custom-tailored feed of events and
news.

The rest of the paper is organized as follows. We
will first describe the process in which Event Registry
identifies events from news articles. We will also de-
scribe in more details the process in which the articles
about the same event can even be linked although they
are written in different languages. Additionally we will
also describe the concept of a topic page which can be
used by readers to very specifically determine the news
articles and events of interest. We end the paper with
a conclusion and some ideas for future work.

2 Event Registry

Event Registry consists of a pipeline of services that
collect, process and analyze news articles collected
globally in different languages. We will now briefly
describe the major components in the pipeline.

2.1 Collecting news

In order to collect the news we developed a service
called Newsfeed [5] that monitors RSS feeds of over
100,000 news publishers. Whenever a new article is
detected in a feed, we crawl the web page and ex-
tract from it the news article and the available meta-
data information. In this way we collect daily between
200,000 and 300,000 news articles in various languages.

2.2 Semantic enrichment

The collected news articles provide information in un-
structured form which requires a human to interpret
it.

One way in which we extract structured/semantic
information from the articles is by identifying and dis-
ambiguating relevant entities (people, locations and
organizations) and non-entities mentioned in the ar-
ticles. Examples of relevant non-entities would be

things, such as Zika virus, murder, movie, automo-
bile, etc. Identification of concepts (entities + non-
entities) is done by wikification, which is a process of
entity linking that uses Wikipedia as the knowledge
base. As a result, each mentioned concept is anno-
tated with a URI that is the link to the corresponding
Wikipedia page. Since Wikipedia provides pages for
the same concept in several languages (Barack Obama
has a Wikipedia page in 225 languages), the question
is which URL to take as the concept URI. We use the
link to the English Wikipedia, when it is available,
and the link to original (article) language otherwise.
”Normalizing” the concepts to the same URI is very
important since it allows the readers to find content
regardless of the language in which it is written. The
URI for the concept of the Sun, for example, would
be the same, regardless if it is found in an English,
Slovene (as ’Sonce’), Italian (as ’Sole’) or any other
language. Along with the URI, we also compute the
relevance of the concept for the article. The relevance
is computed depending on the number of times the
concept is mentioned as well as it’s locations in text
and can be in the range between 1 and 5.

Another type of semantic enrichment we perform
is categorization of the news articles based on the ar-
ticle’s content. Currently we categorize news articles
into a DMOZ [1] taxonomy. This taxonomy contains
over a million categories, but we only consider top 3
levels, which amounts to 5,000 categories. The tax-
onomy was built for organizing web pages so it is not
the optimal fit for categorizing news content. A more
appropriate categorization would be to the IPTC’s Me-
dia Topics taxonomy [2], which contains about 1.400
topics structured into 3 levels. Unfortunately we have
not yet been able to obtain an annotated corpus of
articles that we could use to train the models for this
taxonomy.

Additionally we also extract from news articles all
mentions of dates. Extracting dates is relevant for
the following steps when we want to determine when
the event described in the text occurred. In order to
extract the dates we created an extensive set of regular
expressions for individual languages that can detect
date mentions in various forms.

2.3 Clustering of news articles

In order to group all articles that describe the same
event we use an online clustering algorithm. The
clustering is applied on each language separately and
in short works as follows. Each collected article is
first represented as bag-of-words – a representation in
which we only keep an unordered list of words from the
article and the number of times they occurred in the
article. After applying TF-IDF weighting we compute



the similarity of the article with centroids of existing
clusters. The criteria that is used when computing
similarity between the article and the cluster centroid
are the cosine similarity of the text, similarity of the
mentioned concepts and the date difference. If com-
puted similarity of the most similar cluster is above the
threshold, the article is put into the cluster, otherwise
a new (micro) cluster is created, containing only the
single article. Micro clusters are not considered to be
events until they reach a certain number of articles.
The threshold value for becoming an event depends
on the language and was empirically determined to be
between 3 – 6 articles.

News about an event are typically reported only for
a limited amount of time. For this reason we also want
to remove clusters after they reach a certain age. Cur-
rently, when a cluster becomes 5 days old we remove
it, which means that new articles can not be assigned
to it anymore. In this way we can maintain high per-
formance of the system as well as prevent incorrect
assignments of new events to old clusters.

2.4 Construction of events

Each time a micro-cluster of articles reaches a certain
size, we form in Event Registry an event and associate
it with the cluster of articles. Clustering has to be done
for each language separately so each event is initially
mono-lingual. Most relevant world events are however
covered by various publishers globally that report in
various languages. To represent such clusters as a sin-
gle event we use a machine learning approach that will
be described in more details in the next section.

Each created event is represented in Event Registry
with a unique identifier that can be used to reference
it. For each event we also want to extract it’s core
information – what occurred, where, who as involved,
etc. To determine these details we use the available se-
mantic and meta information provided by the articles
assigned to the event.

To determine the date of the event, we can ana-
lyze the publishing date of the articles in the clusters.
The naive approach would be to use the date of the
first article as the date of the event. In practice this
approach generates erroneous results for events that
are reported in advance (such as various meetings of
politicians, product announcements, etc.) as well as
when the collected publishing dates of the articles are
inaccurate. A more error prone approach that we use
is to analyze the density of reporting and use the time
point where the reporting intensified as the date of
the event. Additional input can be provided by the
mentioned date references – a particular date that is
consistently mentioned across the articles most likely
the correct date of the event.

In order to determine who is involved in the event
we can analyze and aggregate the entities mentioned in
the articles. A list of entities and their associated rel-
evance can be obtained by analyzing the frequency of
their occurrence in the articles as well as their assigned
scores. Entities can be scored and ranked according to
this criterion which provides an accurate aggregated
view on what and who is the event about.

Location of the event is another important prop-
erty. Since the event location is commonly mentioned
in the articles, we can identify it by analyzing the fre-
quently mentioned entities that are of type location.
Additional signal for determining the event location
can be obtained by inspecting the datelines of the ar-
ticles. A dateline is a brief piece of text at the be-
ginning of the news article that describes where and
when the described story happened. The datelines are
unfortunately not present in all news articles and even
when they are, they sometimes represent the location
where the story was written and not the actual loca-
tion of the event. To determine which location, if any,
is the event location, we apply an SVM classifier. Each
mentioned city is considered to be a candidate for the
event location and we generate for it a set of learning
features. The features we use are based on the num-
ber times the city is mentioned in the articles and the
number of times it is mentioned in the dateline. The
SVM model that we use was trained on 200 events for
which location was manually determined. Using 5-fold
cross validation on this training data we found that the
achieved classification accuracy of the model is 98%.

3 Cross-lingual linking of clusters

Since same events can be reported in multiple lan-
guages we need a way for identifying clusters in dif-
ferent languages that are discussing the same event so
that they can be merged and represented as a single
event. In short, we need an approach that given two
clusters of articles determines if they describe the same
event or not.

To perform the task we again represent it as a learn-
ing problem. From the two tested clusters we extract
a set of learning features that can be used for train-
ing a classification model. There are three groups of
learning features that we use:

Cross-lingual article similarity. Using an ap-
proach based on CCA [3] we can compute an es-
timated similarity between articles in different lan-
guages. Given this measure we can compute how sim-
ilar individual articles in one cluster are to the indi-
vidual articles in the other. From these results we
can generate a number of learning features such as the
maximum similarity, the average similarity, standard
deviation, etc.



Concept-related features. Articles in Event
Registry are annotated with concepts that have lan-
guage independent URIs. For each cluster, we can
analyze the associated articles and determine the top
concepts based on how frequently they appear in these
articles and what are their assigned scores. Using two
such weighted vectors, one for each cluster, we can
compute a list of informative features. Examples of
these features include cosine and Jaccard similarities
of the two vectors. Additional features can also be
computed separately for the entities and non-entities
in the vectors.

Miscellaneous features. Additional set of fea-
tures can be computed reporting (a) whether the event
locations found for the two clusters are the same or
not, (b) the absolute difference in hours between the
events in the two clusters and (c) the similarity of the
dates that are being mentioned in the articles in the
two clusters.

To evaluate how accurately we can, given these fea-
tures, predict whether two clusters are about the same
event or not, we performed the following experiment.
Using two human experts we have manually annotated
808 pairs of clusters in English, Spanish and German
language. The dataset contained 402 examples of clus-
ter pairs that report about the same event and 406 ex-
amples where they do not. By training a linear SVM
model and by using 10-fold cross validation schema we
were able to achieve 89.2% classification accuracy.

4 Topic pages

Whenever an event is identified or updated, the in-
formation is stored in the Event Registry. Currently,
Event Registry holds information about 3.6 million
events that it identified from 88 million news articles,
which were collected since January 2014. The users
can use the web interface to search for events based
on various criteria, such as relevant concepts, news
sources that reported about it, location of the event,
category, date, size and others. The users can also
simply observe the stream of new/updated events as
they are shown on the Event Registry home page.

An even more useful functionality than observing
the whole feed of events, is the option for the users
to create their own feed of articles and events based
on their own interests. We call this functionality a
topic page, where a topic can be defined using a set of
relevant concepts, keywords, news sources and/or cat-
egories. The user can define the topic page using an
interface shown in the top part of Figure 1. To each
specified concept, keyword, news source and category,
the user also assigns a weight of relevance for the topic.
Each article and event that is processed by Event Reg-
istry is then scored according to the specified criteria

and only those that achieve high enough score (a pa-
rameter specified by the user) are then shown to the
user in the feed of the topic page.

More specifically, the scoring is done as follows.
Let’s assume that the user defines a topic T using a set
of conditions ci, i = 1..n and their associated weights
wi, where conditions consist of one or more concepts,
keywords, news sources and/or categories. For each
new event e, a score ST (e) is computed as

ST (e) =

n∑
i=1

wi · in(ci, e) · val(ci, e)

in(ci, e) =

{
1 ci ∈ e
0 otherwise

val(ci, e) =

{
eci/100 ci is a concept
1 otherwise

The score ST (e) is therefore a simple sum over all
conditions, where for each condition ci we multiply the
associated weight wi with a Boolean function in(ci, e)
and a scoring function val(ci, e). Function in(e, ci)
simply determines if the condition ci matches the event
e or not. In case the condition is a concept or a cate-
gory, the function is true when the event is annotated
with it. In case the condition is a news source, the
function is true if the event contains an article writ-
ten by the news source. Lastly, in case the condition
is a keyword, the function is true if the keyword ap-
pears in any of the articles assigned to the event. The
scoring function val(ci, e) is trivial, except in the cases
when ci is a concept. When concepts cj are associated
with an event e, they are assigned a score ecj that
is in range between 1 and 100, which represents how
important the concept is to the event. The function
val(ci, e) therefore simply ensures that for all condi-
tions, the returned value is in range between 0 and 1.
The scoring function for scoring articles is almost the
same, except that the normalization constant in func-
tion val() is 5, each concept in an article is assigned
a score between 1 and 5. The events and articles that
match the topic page can be then visualized on a map
or displayed in a feed. An example topic page for USA
presidential elections is available at Figure 1.

5 Conclusion

In this paper we have presented a system called Event
Registry with fixes several shortcomings in the ways
how news content is currently being consumed. Firstly,
it is able to aggregate large amounts of news articles
into actual events. Instead of flipping through tens
or hundreds of articles about the same event in your



Figure 1: The interface for defining the topic page (top) and the feed of current events that match the criteria
(bottom). The feed can be displayed on a map or as a list of matching articles and events.

news aggregator, a single item can be shown, together
with the structured information about the event (who,
what, when, where,...). If interested in the event, the
user can then open the details of it and read individual
articles (even in different languages) about it. By read-
ing multiple articles, the user can form a more com-
plete and unbiased view of the event as if he would be
able to by just reading about it from a single news pub-
lisher. Having extensive structured information about
the events allows the users of Event Registry to also
create custom feeds based on a combination of general
or long-tail topics of interest.
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Abstract

The availability of data spanning different
epochs has inspired a new analysis of cul-
tural, social, and linguistic phenomena from
a temporal perspective. This paper describes
the application of Temporal Random Index-
ing (TRI) to the news context. TRI is able
to build geometrical spaces of word meanings
that consider several periods of time. Hence,
TRI enables the analysis of the evolution in
time of the meaning of a word. We propose
some examples of application of TRI to the
analysis of word meanings in the news sce-
nario; this analysis enables the detection of
linguistic variations that emerge in specific
time intervals and that can be related to par-
ticular events.

1 Introduction

The analysis of word meaning variations over time pe-
riods is a crucial task for identifying changes in social
and cultural phenomena. The diachronic analysis of
a language allows to discover linguistic variations over
time. Generally, a diachronic analysis is performed on
a large time interval since linguistic variations happen
quite slowly. However, this is not the case for fast data-
streaming scenarios like the Web, and in particular so-
cial media such as Twitter or Facebook, where socio-
cultural and linguistic phenomena quickly rise and fall.
Although the news scenario is generally characterized
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by the use of a regular language, the large number of
events that occur along the time line causes sudden
topic shifts, making the analysis of this data similar
to the data-streaming scenario.

In this paper we describe a technique called Tem-
poral Random Indexing (TRI) that we have success-
fully applied to several diachronic analyses of the lan-
guage [BCS15]. TRI is able to build several geomet-
rical spaces of word meanings, called Distributional
Semantic Models (DSM), one for each time interval,
by skimming through huge corpora of text in order to
learn the context of usage of words over time. In the
resulting spaces, semantic similarity between words is
expressed by the closeness between word-points. Thus,
the semantic similarity can be computed as the cosine
of the angle between the two vectors that represent
the words. We show how to adopt TRI as a tool to
discover particular phenomena in news data-streaming
and how to link these linguistic changes to interesting
events reported in the news content.

2 Methodology

TRI is based on Random Indexing (RI) [Sah05], a
dimensionality reduction methodology and computa-
tional framework for distributional semantics. Given
a term-term co-occurrence matrix A, RI builds a new
matrix B where the Euclidean distance between points
is preserved. Formally, given a corpus D of n docu-
ments, and a vocabulary V of m words extracted from
D, we perform two steps: 1) assign a random vector
ri to each word wi ∈ V ; 2) compute a semantic vector
svi for each word wi as the sum of all random vec-
tors assigned to words co-occurring with wi in a given
context. The context is the set of c words that pre-
cede and follow wi. The second step is defined by the
following equation:



svi =
∑
d∈D

∑
−c<j<+c

j ̸=i

rj (1)

The set of semantic vectors assigned to words in V
represents the WordSpace.

The classical RI does not take into account temporal
information, but it can be easily adapted to our pur-
poses by applying the methodology proposed in [JS09].
Specifically, if the corpus of n documents D is anno-
tated with metadata containing information about the
publication date, we can split the collection in p sub-
sets D1, D2, . . . , Dp, where p is the number of differ-
ent time periods we want to analyse. The first step in
the classical RI is unchanged in TRI: a random vector
is assigned to each word in the whole vocabulary V .
This represents the strength of this approach: the use
of the same random vectors for all the spaces makes
them comparable. The second step is similar to the
one proposed for RI but it takes into account the tem-
poral information: a different WordSpace Tk is built
for each time period Dk. Hence, the semantic vec-
tor for a word in a given time interval is the result of
its co-occurrences with other words in the same time
interval, but the use of the same random vectors for
building the word representations over different time
spans guarantees their comparability along the time-
line. This means that a vector in the WordSpace T1

can be compared with vectors in the space T2.
Let Tk be a period that ranges from tkstart to tkend

,
where tkstart < tkend

. In order to build the WordSpace
Tk we consider only the documents dk whose publica-
tion date falls within the time interval Tk as follows:

sviTk
=

∑
dk∈Dk

∑
−c<j<+c

j ̸=i

rj (2)

Using this approach we can build aWordSpace for each
time period Tk over a corpus D tagged with informa-
tion about the publication year. The word wi has a
distinct semantic vector sviTk

for each time period Tk

built by accumulating random vectors according to the
co-occurring words in that period. The great poten-
tiality of TRI lies on the use of the same random vec-
tors to build different WordSpaces: semantic vectors
in different time periods remain comparable because
they are the linear combination of the same random
vectors.

3 Case study

The main goal of this case study is to show how to
adopt TRI1 to discover interesting phenomena in the

1TRI is available as an open-source project at: https://

github.com/pippokill/tri

Table 1: Neighbour terms of the word “scandal” in the
two time periods 14-20 and 21-27 September 2015.

14-20 September 2015 21-27 September 2015

allegations 0.60 cheating 0.86
called 0.60 volkswagen 0.83
corruption 0.59 rigging 0.80
made 0.59 automaker 0.79
apology 0.59 tests 0.79
met 0.58 carmaker 0.77
became 0.58 deception 0.77
case 0.58 german 0.76
initially 0.58 diesel 0.76
forced 0.58 emissions 0.76

news scenario. Specifically, we can analyse the sim-
ilarity between the vector representations of a term
across different time periods in order to detect changes
in the usage of the term. Then, we can scrutinise both
the neighbour terms and the news related to such a
term during the period of time when the similarity
has changed in order to understand if a specific event
occurred.

We adopt the Signal Media One-Million News Arti-
cles dataset that consists of 1 million articles scraped
during the time interval 1-30 September 2015. News
are extracted from Reuters, in addition to local news
sources and blogs. We split the dataset in five time pe-
riods of about one week: 1-6, 7-13, 14-20, 21-27, and
28-30. The split reflects the start and end of weeks
in the month of September 2015. Then, for each pe-
riod we build a WordSpace exploiting TRI. In particu-
lar, we analyse the 150,000 most frequent words in the
whole corpus and we set the vector dimension to 500
using two non-zero elements in the random vector.

In each time interval, we try to discover terms that
change their semantics with respect to the previous
periods. Formally, given two time periods Th and Tk,
where Th precedes Tk, and a term ti, we can simple
compute the cosine similarity between the semantic
vector of ti in Th and the semantic vector of ti in Tk

(sim(sviTh
, sviTk

)). The similarity is a good indicator
of the variation of semantics of the term ti: a low sim-
ilarity suggests a meaning shift. Using this approach
we can rank all terms according to their similarity in
ascending order. Top terms in the rank are good can-
didates for further analysis. However, in order to limit
our analysis to those terms that frequently occur in
the whole collection, the similarity scores have been
multiplied by the term document frequency. By look-
ing to such ranks, we discover that the word “scandal”
had a semantic shift between the 3rd and the 4th week
as showed in Table 1.

Another interesting analysis is the variation in sim-
ilarity values between pairs of words over time: an



upsurge in similarity reflects the increment of co-
occurrences between the two words in similar contexts.
Figure 1 reports the similarity between “scandal” and
“Volkswagen” over time. The plot shows a spike in the
similarity value starting from the fourth time interval
(21-27 September), which corresponds to the scandal
about the Volkswagen diesel emission.
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Figure 1: Word-word similarity between the terms:
“scandal” and “Volkswagen”.

Semantic vectors can be exploited to implement a
semantic information retrieval system [BCS11]. The
idea is to provide a vector representation for both doc-
uments and queries. In particular given a text W (e.g.
a document or a query) composed of k terms we can
build the vector representation of W as the vector sum
of the k semantic vectors occurring in W . Formally,
given W = t1t2 . . . tk the sequence of k terms in W , its
vector representation is w = svt1 + svt2 + · · · + svtk .
Using the same approach we can build the vector rep-
resentation q for a query Q. Then the similarity be-
tween a query Q and a document D is given by the
cosine similarity between q and d. TRI provides dif-
ferent WordSpaces for each time period Tk. Then, the
vector representation of a document published during
the period Tk is built by exploiting only the seman-
tic vectors of the corresponding WordSpace. At query
time, the query representation is built by taking into
account the semantic vectors of the time period we
want to search.

As showed in Figure 1, in the third time period the
similarity between “scandal” and “Volkswagen” starts
to increase. We try to investigate this phenomenon
from the information retrieval point of view. Table 2
reports the first three snippets retrieved by the query
“scandal” and “Volkswagen” in the third time pe-
riod. The column VSM reports results obtained with a
classical vector space model implemented by Lucene2,
while the column TRI reports results obtained by TRI.

The VSM model gives more importance to docu-
ments that contain both terms, this is the case of the

2https://lucene.apache.org/core/

Table 2: Search results for query “scandal Volkswa-
gen” in the third time interval: 14th Sept.-20th Sept.
2016

VSM TRI
Volkswagen multi bil-
lion pollution coverup
scandal...

Volkswagen to recall
500,000... a device
that disguises pollu-
tion levels...

Volkswagen emissions
cheating... investiga-
tions over an emissions
scandal...

EPA, California inves-
tigate Volkswagen for
clean air violations...

The reinvention of
Volkswagen. In the
Volkswagen Group,
there is a sense...

Volkswagen Ordered to
Recall Half a Million
Cars After It Cheated
on Smog Checks...

first two documents, while the third document is not
relevant at all. The first three documents retrieved
by TRI are all relevant for the given query since they
all talk about events related to the Volkswagen diesel
emission scandal. However, it is interesting to notice
that no document contains explicitly the word “scan-
dal”. These results can be explained by the nature
of the semantic search, which does not rely on string
matching, but rather assigns a rank to documents on
the basis of their proximity to the semantic vector
scandal + V olkswagen taken from the third time pe-
riod. Semantic search based on TRI opens new op-
portunities for implementing effective semantic search
engines that take into account word meaning variation
over time. We plan to deeply investigate this aspect
in future research.
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Abstract

We present a detailed description and analy-
sis of the Signal Media One-Million Articles
dataset. We have released this dataset to fa-
cilitate research on emerging news-related in-
formation retrieval (IR) challenges. In partic-
ular, we have observed over the past decade
emerging novel paradigms for publishing and
consuming news, where users can get updated
on the go with news from multiple sources,
and at the same time, news providers are in-
creasingly using social media and citizen jour-
nalism as powerful news sources. As a re-
sult, a number of news-related IR tasks have
emerged and attracted attention in indus-
try and academia. These include news ver-
ification, temporal summarization of multi-
ple news sources, and news recommendation
among others. A number of news datasets
were created and shared for news IR in the
past. However, such datasets are often drawn
from a single outlet, and heavily preprocessed
and cleaned. Also, they have become out-
dated and are not suitable any more for the
emerging news IR challenges described above.
Our dataset aims to address this because it is a
recent collection from a wide range of sources
reflecting many real-world issues in news col-
lection and analysis.

We present insights obtained from an analysis
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of certain characteristics of the dataset, such
as article lengths; similarity between articles;
and the temporal characteristics of news pub-
lishing. We also discuss the opportunities and
the limitations of our dataset.

1 Introduction

We present an analysis of The Signal Media One-
Million News Articles Dataset1. We have created and
shared this collection to stimulate research into new
and improved methods for large-scale text analysis re-
lated to a wide range of applications. The articles were
collected from a variety of news sources in September
2015. The sources include major national and inter-
national outlets, such as Reuters, the BBC and the
New York Times, along with many sources that have
fewer readers and less impact, including news maga-
zines, blogs, local outlets and specialist publications.
The collection is shared under a Creative Commons li-
cence2 while the copyright of the articles remains with
the original publishers.

There are several existing collections of news-
related texts that have been widely used by the in-
formation retrieval (IR) and natural language pro-
cessing (NLP) communities, such as the Twenty
Newsgroups collection [twe99]; the Reuters-21578 test
collection[Lew96]; several Reuters Corpora, such as
RCV1 [LYRL04], RCV2 and TRC2; and more recently
Yahoo’s user-news feed interaction data set [Yah16].
Common Crawl3 provides a collection of 1.8 billion
pages, but this represents a snapshot sample of the
entire web, rather than a focussed news collection.

While such datasets continue to be useful for evalu-
ating and guiding research, most are limited to a sin-
gle source or a website. Furthermore, such datasets

1Available for research purposes from http:

//research.signalmedia.co/newsir16/signal-dataset.html
2Attribution, non-commercial https://

creativecommons.org/licenses/by-nc/3.0/
3http://commoncrawl.org/

http://commoncrawl.org/
http://research.signalmedia.co/newsir16/signal-dataset.html
http://research.signalmedia.co/newsir16/signal-dataset.html
https://creativecommons.org/licenses/by-nc/3.0/
https://creativecommons.org/licenses/by-nc/3.0/


are highly curated and refined, which may result in
an over-estimation of performance: if an algorithm
performs well on such a clean set, will it still per-
form well when presented with more noisy data, such
as content obtained from web-scraping or other less-
controlled sources? In the fast changing era with news
publishing and consumption, such datasets have be-
come outdated and are not suitable for emerging IR
tasks on news. Our dataset addresses this by provid-
ing a recent large sample of news articles from multiple
sources over a one month period.

Like our collection, the British National Cor-
pus [Bur07] is monolingual (English-only), synchronic
(sampled from a single time period), general (not lim-
ited to any genre or topic), and sampled from a wide
range of sources. Our dataset shares many of these fea-
tures, except that while the BNC is definitively from
a single nation, our collection spans the globe. While
focussed on news, our collection also contains imagi-
native works of blogs and transcriptions of broadcast
speech.

The articles of the dataset were originally collected
for Signal Media by Moreover Technologies from 1st–
30th September 2015. This included repeated sam-
pling from over 93,000 different news sources ranging
from large-scale mainstream media outlets to single-
author blogs. Recent decades have seen a blur-
ring of the distinction between mainstream and cit-
izen journalism[Gla08], hence our inclusion of multi-
ple sources in the collection. As well as being an
attractively round number, one million articles is a
large enough collection to develop and evaluate a wide
range of tools and models, while still being manage-
able enough to not require specialist or sophisticated
infrastructure.

Due to the scale of the collection, and the impor-
tance of speed, the collection process is largely au-
tomated. This, along with the variation in quality
of source websites, inevitably leads to imperfections
in the collection. For example, the goal was to col-
lect English-language content only, but manual anal-
ysis shows that a small proportion of articles are in
other languages or a mixture of languages. Similarly,
some articles contain fragments of HTML, PHP or
JavaScript code, due to problems with encoding, ren-
dering or scraping, and some are duplicated (see Sec-
tion 2.2). We consider such issues as the inevitable
presence of noise in any real-world collection. One
of our aims in sharing this dataset is to encourage
the development of tools and methods that are robust
enough to cope with data of this nature.

In the remainder of the paper, we provide insights
from an analysis conducted on a number of the dataset
characteristics (Section 2). We share some tools for
accessing the data (Section 3), and discuss the oppor-

Figure 1: Distribution of article length for each media
type (blogs and news)

tunities and the limitations of the dataset in Section 4.

2 Characteristics of dataset

2.1 Article length

Some news articles are little more than a single state-
ment, especially if a news story is still breaking. Other
articles may contain a lot of details and background
information or discussion. To investigate this, we use
a simple tokenizer4 to count the number of words in
each article. Figure 1 shows the distribution of article
lengths, comparing the length of ‘news’ articles to the
lengths of ‘blog’ articles. This shows that typical arti-
cles are a few hundred words long, but with a long tail
reaching up past 2000 words. Note also that articles
between 400 and 1000 words long are more likely to be
news articles than blogs, while very short articles (200
words or less) and long articles (1200 words or more)
are more likely to be blogs than news.

The tokenization also allows us to calculate that
there are 407,754,159 words in the dataset; that there
are 2,003,254 distinct words in the dataset; and that
the average number of words per article is 407.75.

Which articles are unusually long? And which arti-
cles are unusually short? Just 144 articles in the collec-
tion have more than 10,000 words. The longest article
has 12,450 words and is a transcript of a US college
football match. Other long articles include an install-
ment of serialized novel; an updated about a fantasy
football competition; detailed personal memoirs; and
a detailed list of fishing reports from Florida. While
these may never attain very large readerships, they

4We used the Standard Tokenizer in ElasticSearch v1.7,
which splits on white space and punctuation symbols, while al-
lowing for abbreviations.



Title First Week of ICE November 20th Op-
tions Trading

Content Investors in Intercontinental Exchange
Inc. (ICE) saw new options become
available this week, for the November
20th expiration.

Media-type News
Source Town Hall
Published 2015-09-22T16:31:56Z

Figure 2: The shortest article in the collection, with
18 words of content.

will no doubt be of interest to certain audiences. At
the other extreme, the shortest article in collection is
nothing more than a brief announcement about op-
tions trading with no background discussion or detail.
The article is shown in its entirety in Figure 2, includ-
ing available metadata.

2.2 Duplicated articles

Identical, or near-identical articles may appear in the
collection for several reasons, including:

Syndication One publisher may publish the same
article through several outlets, such as regional
newspapers.

Updates One source may publish multiple versions of
the same article over time, especially in the case
of updating breaking news stories.

Aggregation Some news aggregation sites (such as
wn.com and www.newslookup.com/) display copies
of articles originally published elsewhere. These
articles may have already been collected from the
primary sources.

Access issues Some sites give the same content when
an automated tool attempts to access multiple ar-
ticles on the site (e.g. a copyright or login notice),
with the full text being behind a firewall.

To investigate this, we measured the cosine simi-
larity between pairs of articles. This compares the
frequency of terms found in each article, ignoring the
word order. A score approaching one means that the
same words appear at the same frequencies; a score
close to zero means that entirely different words ap-
pear. If two articles differ by only a few words, we still
wish to treat them as near-duplicates. In this way, we
can ignore differences caused by different page layouts,
changes in the byline or other minor edits.

In Figure 3, we show the probability distribution of
cosine similarity scores between pairs of articles. To
generate this, we randomly sampled 250 articles and
measured the cosine similarity between each of these

Figure 3: Distribution of pairwise cosine similari-
ties. This shows the probability of generating different
scores when comparing 250× 1m articles.

and each of the million articles. We removed stop-
words and calculated the term frequencies of the re-
maining words (though similar results were obtained
without removing stopwords). The cosine similarity
scores were grouped into 100 equal-sized bins to gen-
erate the graph. Note that we are sampling from the
space of similarity scores and not the space of articles:
full pairwise analysis of a smaller corpus would lead to
a very different, sparser distribution.

The broad peak in central portion shows that when
choosing two articles at random, their cosine similar-
ity is likely to be around 0.5. 90% of article pairs
have a cosine similarity between 0.13 and 0.70. This
shows a substantial degree of overlap between articles
in terms of word frequencies, despite the wide range of
sources and topics covered. The slight up-tick at the
extreme left shows that around 3% of articles share
no terms (except stopwords) with any other article.
These are typically very short articles containing rare
terms (such as rare proper nouns). This includes some
articles that have been corrupted during collection,
and contain only fragments of code. At the other
extreme, 0.0561% of pairs have a similarity score of
greater than 0.95. This suggests that articles have on
average around 2.2 duplicates or near-duplicates. This
result is consistent with the duplicate recognition com-
ponent of Signal Media’s news monitoring platform5.

2.3 Typical articles

Beyond considering duplicates, we investigated which
articles are ‘typical’ and ‘atypical’ with regard to the
rest of the collection. To do this, we remove stopwords
and generate term frequency vectors for each article,
as before. We then combined these into a single term

5signalmedia.co

www.newslookup.com/
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wn.com


Term TF DF
2015 930524 352629
time 642021 331982
people 531947 235954
1 518949 208164
september 471723 204583
market 423744 129407
company 416838 161796
2 414198 185599
day 387289 206976
world 365728 188220
news 364983 216282
information 351809 177431
business 327894 144896
3 313890 154149
10 312377 176963
home 293098 156997
million 278202 120327
including 275302 183904
week 271468 153210
team 263352 128957

Figure 4: The 20 most common terms, excluding stop-
words, showing the total number of term occurrences
(TF) and the document frequency (DF).

frequency vector representing the centroid of the en-
tire collection. We then measured the cosine similarity
between each article and this centroid. Articles with
a high score can be seen as typical of the collection, in
that the distribution of terms is similar. We plan to
repeat this analysis using TF·IDF, but we expect to
find a similar pattern of results overall.

Figure 4 lists the twenty most common terms in the
collection (excluding stopwords). These include the
month and year of the collection, along with words
such as ‘news’, ‘market’, ‘business’ and company, in-
dicating the typical focus of stories. .

One of the most typical stories by this definition,
with a centroid cosine similarity of 0.9620, is about
a new portable charge storage device6. It contains
words such as ‘power’, ‘time’, ‘heat’ and other terms
commonly found in news articles as shown in this ex-
tract: “Harnessing the thermal energy from the in-
cluded heating pot, it generates 5-watt power that can
charge a device via the attached USB cable. You pro-
vide the heat source and liquid, and the PowerPot
charges any compatible electronic with a USB connec-
tion. Charging time is actually comparable to a stan-
dard outlet, at about 1 to 2 hours to fully charge a
phone.”

One of the least typical stories is an article about

6Article ID 05bab596-55a3-40aa-adde-1a2cb48ebc41
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Figure 5: Daily volume over time for the different me-
dia types (Blogs and News).

tomato soup, in a small-town American newspaper7

: “That slight chill in the evening air? That’s fall.
And what better way to chase it than with a bowl
of steamy, homemade soup. Chef Shereen Pavlides’
recipe for Tomato Basil Soup is just what the sea-
son ordered, made with chicken stock and hearty San
Marzano tomatoes.” This has a cosine similarity with
the centroid vector of just 0.00160.

While this centroid approach gives some indication
of typical and atypical articles, it ignores the fact that
the collection is far from homogeneous. A more so-
phisticated analysis could define a number of repre-
sentative centroids, each representing a typical article
belonging to a particular category. Such a segmenta-
tion of the collection could be achieved using any of a
wide variety of document clustering algorithms.

2.4 Volume over time

In Figure 5, we plot the daily volume of articles pub-
lished across the full duration of the dataset (Septem-
ber 2015). We can see the expected weekly pattern
with more activity (published articles) during week-
days and less activity during the weekends. This is
true for both media types (blogs and news). How-
ever, a couple of exceptions can be observed in these
weekly cycles. First, there are fewer articles published
on Monday, September 7th compared to other Mon-
days and other weekdays in the month. This was
a public holiday in the United States (Labor Day),
which resulted in less media activity. Note that the
dataset is sampled only from English-language sources
and therefore the majority of articles originate from
English speaking countries (with the USA the largest
of those). The second exception is Friday, Sept. 11th

where the volume has dropped due to a downtime in
the collection process that occurred on that day.

We now consider the hourly distribution of article
publication in Figure 6. We calculate the average vol-
ume of articles in each hour of the day using the GMT
timezone over the 30-day period. We observe a sharp

7Article ID 497a3712-dd6d-4b0a-9365-5a7ade79d905



0

500

1000

1500

2000

0 2 4 6 8 10 12 14 16 18 20 22
Hour of the day − GMT

A
ve

ra
ge

 V
ol

um
e

All
News
Blogs

Figure 6: Average hourly volume for the different me-
dia types (Blogs and News).
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Figure 7: Average hourly volume for News sources
across different geographical regions.

rise in the “News” volume at 7:00 GMT. The volume of
“News” increases throughout the day and it reaches a
peak between 12:00 GMT and 16:00 GMT. Afterwards
the volume starts to decrease through the late hours of
the day. To explain this behaviour, we further break
down the “News” sources based on the continent of
their sources’ origin in Figure 7. We can observe that
the peak at 7:00 GMT is mainly due to increased ac-
tivity in Europe with the early hours in the working
day there. Hours later, when it is morning in America
(12:00 to 16:00 GMT), we observe an increase of ac-
tivity from American sources which in fact dominate
the stream.

For “Blogs” (Figure 6), we observe a different pic-
ture where the volume is more stable throughout the
day with slight increases during the morning and af-
ternoon hours.

3 Open Source Tools

We have created an open source repository on
GitHub 8 to host useful tools and programming scripts
for processing the dataset. For example, we have
added scripts to index the data with ElasticSearch and
to convert it into the TREC format for easier compat-
ibility to some other IR tools. We will continue to
maintain and promote this repository encouraging the

8https://github.com/SignalMedia/Signal-1M-Tools

community to provide similar tools for processing the
dataset.

4 Discussion

The Signal Media One-Million News Articles Dataset
provides a distinctive research asset. The articles come
from multiple sources and reflect many of the realities
of practical large-scale text analytics. However, there
are inevitably limitations to the data, some of which
we now consider.

Language The dataset is almost monolingual, being
dominated by English-language articles and with
the remaining articles mostly being a mixture of
English and non-English text.

Date range The articles were all collected during
September 2015; a small number were published
in the preceding days and weeks but only de-
tected and downloaded in that month. By lim-
iting the sample to a single calendar month, we
achieved a relatively high density of related arti-
cles, such as multiple articles written about the
same events. One month is also long enough for
some of the news stories to change over time, mak-
ing the dataset suitable for topic detection and
tracking studies. Of course, by restricting the
collection to this period makes it less useful for
longer-term topic tracking.

Missing links and multimedia resource The
dataset is text-only, and does not contain links
to the original articles. This is partly due to
issues around image licensing, but also to avoid
problems with link rot: the ever-changing nature
of the internet means that any published URLs
would not reliably point to the same text as in
the dataset. A dataset containing archived copies
of multimedia content related to news would be
very useful, but is beyond the scope of this work.

Labelling Many tasks require labelled documents,
such as to assign documents to topic categories
or to disambiguate entities. Although the collec-
tion currently has no such labels, our goal is to
encourage the wider community of IR researchers
to use this collection for a variety of tasks and
share label sets for parts (or all) of the articles.

In conclusion, we believe that this dataset will be
useful for developing, evaluating and comparing a wide
range of news-related information retrieval tools and
algorithms. The analysis provided here provides an
initial description of the collection and forms the basis
for future work.

https://github.com/SignalMedia/Signal-1M-Tools
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José Devezas2

jld@fe.up.pt

Sérgio Nunes1, 2

ssn@fe.up.pt

INESC TEC1 and DEI2, FEUP, University of Porto
Rua Dr. Roberto Frias, s/n
4200-465 Porto, Portugal

Abstract

The overwhelming amount of news content
published online every day has made it in-
creasingly difficult to perform macro-level
analysis of the news landscape. Visual ex-
ploration tools harness both computing power
and human perception to assist in making
sense of large data collections. In this paper,
we employed three visualization tools to ex-
plore a dataset comprising one million articles
published by news organizations and blogs.
The visual analysis of the dataset revealed
that 1) news and blog sources evaluate very
differently the importance of similar events,
granting them distinct amounts of coverage,
2) there are both dissimilarities and overlaps
in the publication patterns of the two source
types, and 3) the content’s direction and di-
versity behave differently over time.

1 Introduction

Finding valuable information in large collections of
data can resemble looking for a needle in a haystack.
An effective way to address this problem is the use
of data visualization tools to explore datasets [Kei01].
The presentation of abstract data through interactive
visual tools leverages human perceptual abilities and
enhances cognitive performance, thus promoting dis-
covery and sensemaking. In this paper, we present
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thors. Copying permitted for private and academic purposes.
This volume is published and copyrighted by its editors.

In: M. Martinez, U. Kruschwitz, G. Kazai, D. Corney, F. Hopf-
gartner, R. Campos and D. Albakour (eds.): Proceedings of the
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published at http://ceur-ws.org

three distinct visualization tools for exploring large
news collections, and apply them to the Signal Me-
dia One-Million News Articles Dataset1, a collection
of one million news and blog articles.

We show three use cases that highlight how these
tools allow the investigation of distinct dimensions of
the data. The first case evaluates how the hierarchy of
importance given to a set of select global events, mani-
fested through the amount of coverage, varies between
news and blog sources. The second investigates the
publication patterns of both source types during 24-
hour and seven-day weekly cycles. The third use case
studies the variation of topical diversity for news and
blogs over time and employs a visualization tool devel-
oped specifically for this work. To develop this tool,
an analysis was conducted to identify the topic vectors
representing the directions followed daily by the arti-
cles’ contents, compute a diversity score, and measure
the topic diversity over time for news and blogs.

2 Corpus Characterization

The Signal 1M Dataset is comprised of one million
articles published by 93,345 distinct media sources of
two types: news and blogs. An analysis of the articles’
media type reveals that 18,533 sources published ex-
clusively news articles, 74,333 sources published only
blog stories, and 479 had documents of both types.
As for the article count by media type, nearly three-
fourths were news (734,488 or 73.4%) and one-fourth
blog items (265,512 or 26.6%). Thus, despite its lower
amount, news sources were responsible for the publi-
cation of the majority of articles.

Even though the publication period extends from
Jul 2nd 2015 to Sep 30th 2015, the majority of the arti-
cles were published between Sep 1st 2015 and Sep 30th
2015 (987,248 or 98.7%). Of these, 734,488 (74.4%)

1http://research.signalmedia.co/newsir16/

signal-dataset.html
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were news articles and 265,512 (26.9%) blog articles.
The highest number of articles published by a single
source was 192,228 and the lowest amount, a single
article. Regarding the overall distribution of articles,
the majority of the sources (91,693 or 98.2%) published
100 articles or less, 1,565 sources (1.7%) published be-
tween 101 and 1000 articles, 85 (0.09%) between 1,001
and 5,000, one (0.001%) between 5001 and 10000, and
one between 10,000 and 20,000 articles.

The topic analysis conducted for each media type
stream (see Section 5.3.2) found that the top five n-
grams, based on the TF-IDF score of the topic vec-
tors, were ‘south africa’, ‘pope francis’, ‘total volume
table’, ‘high school football’, and ‘college football’ for
news articles, and ‘star wars’, ‘school district’, ‘syrian
refugees’, ‘executive director’, and ‘kansas city’ for the
blog document set.

3 Visualization of Large News
Archives

The visualization and analysis of large volumes of news
content is an emerging field of research [KBMK10].
The ThemeRiver application [HHN02] was one of the
first efforts in this domain. It provides an interac-
tive visualization of thematic changes across a large
set of news documents over time. It uses a metaphor
of a river to assist in the recognition of relationships,
trends and patterns in the data. Themes are displayed
as colored streams whose width — the measure of its
strength — varies as it flows across time from left to
right. A similar river-like visual metaphor is employed
by the NewsLab system [GLYR07], which allows ex-
ploratory analysis of the temporal variation of themes,
and their hierarchical structure, from a large collection
of news videos.

Krstajić et al. [KBK11] present CloudLines, a visu-
alization technique to display a compact view of mul-
tiple time series, each showing a sequence of related
events and event episodes (high density sequences of
events). The relative importance of events is conveyed
through variations in the clusters’ opacity and size.
The system also permits fine-detailed analysis of indi-
vidual event data points.

The complexities of visualizing the dynamics of
news data streams are addressed by Krstajić et
al. [KBMK10]. The system displays the evolution of
news in real-time by converting the stream into threads
comprised of similar articles. In addition to showing
recent threads, the system computes the threads’ rel-
evance on the fly — based on the items’ age and their
relationships — to determine which threads to keep on
screen and which ones to remove.

The development of news stories and their re-
lationships through time is also explored by Story

Tracker [KNAMK13]. The application represents the
evolution of stories over time, and how they merge
and split. Story clusters are displayed as rectangles
whose size corresponds to the number of articles and
include labels for the story title and the most impor-
tant keywords. Related clusters have the same color,
are edge-connected, and can be zoomed to the level of
the individual articles that compose them.

The NewsStream service [NGSM15] provides sev-
eral interactive tools to visually explore a continuously
updated collection of financial articles, published via
the RSS feeds of multiple news and blog sources. The
system displays occurrences and co-occurrences of fi-
nancial and geographic entities in the news, the related
sentiment, a summary of the linked content through
tag clouds, and temporal country co-occurrence net-
works displayed on a world map.

4 The MediaViz Platform

The MediaViz platform [DNR15] aims to assist in gain-
ing insight from a large archive of news through inter-
active visualization tools. It comprises two compo-
nents. The first is a back-end application that fetches
and stores articles published via the RSS feeds of mul-
tiple online news sources and provides access to the
data through an API. The second is a client applica-
tion which retrieves the data provided by the API and
allows its exploration through interactive visualization
tools. Our approach is based on open technologies and
was built with extensibility in mind: the client appli-
cation is decoupled from the back-end so it can be
configured to work with different datasets with min-
imal effort. For this paper, we stored the Signal 1M
Dataset in a relational database and built a simple
API. No major modifications were required for the ex-
isting visualization tools to work with the new API.
However, a new tool was developed to explore topic
diversity over time for news and blog articles. A fully
functional demo is available online2.

5 MediaViz Visualization Tools

Rather than focusing on individual sources, we opted
to explore the two types of media sources that com-
prise the corpus — news and blogs —, as they allow a
macro-level analysis and comparison of the dataset.

5.1 Variations in Coverage

The dynamics of the coverage that each source type
granted to different themes over time are displayed by
the Keywords tool. Users can insert multiple search
terms and see how many articles (in absolute terms or

2http://irlab.fe.up.pt/p/mediaviz/newsir/

http://irlab.fe.up.pt/p/mediaviz/newsir/


as a percentage of all articles published on the respec-
tive day) with those keywords were published daily
during the selected period. Additional context can be
obtained by clicking the data points, which displays
a list of all related articles. Each list item includes
the title, summary, publication date and the source’s
name, and can be clicked to display the full text.

Figure 1: MediaViz Keywords tool. Top: Daily per-
centage of articles published by all news sources con-
taining the given terms. Bottom: Daily percentage of
articles published by all blog sources containing the
same terms.

Figure 1 displays the daily percentage of articles
published between Sep 1st 2015 and Sep 30th 2015
by each source type with the terms ‘star wars’, ‘chile
earthquake’, ‘tsipras’, and ‘stampede saudi arabia’.
These particular terms were chosen because they are
related with some relevant global events — identified
after consulting several online resources — that took
place on September 2015. The visualization’s peaks
highlight the selected events: the merchandise for the
latest Star Wars movie was released on Sep 4th; an
earthquake in Chile which led to the evacuation of mil-
lions of people took place on Sep 16th; on Sep 20th
Alexis Tsipras was reelected as Prime Minister of
Greece after resigning and calling for a snap election;
and, on Sep 24th, hundreds of people died after a stam-
pede during the annual pilgrimage to Mecca, in Saudi
Arabia. As shown in Figure 1, the attention given to
these events differed greatly between the two source
types. News sources (top), gave similar attention to
each event, while in blogs (bottom), the primacy be-
longs to articles mentioning Star Wars.

5.2 Publication Patterns

The Sources tool allows the comparison of publication
patterns (count and percentage of articles) for multiple
sources according to distinct temporal granularities:
weekly, monthly and 24-hour cycles. To have compara-
ble results, publication times are converted to the UTC
time standard. The ability to compare several sources
in the same screen can thus provide meaningful per-
spectives regarding their production cycles. This can
be seen in Figure 2. News sources published a higher
percentage of articles than blogs during business days,
a behavior that is reversed during the weekend. While
this pattern might be expected, given the particulari-
ties of each media type, the Sources tool quantitatively
shows that such assertion is indeed true.

Figure 2: MediaViz Sources tool. Percentage of arti-
cles published by both source types for each day of the
week.

When looking at a 24-hour cycle, news and blog
sources exhibit similar patterns. As Figure 3 displays,
publications follow a typical working schedule: the
most active publication period occurs between 08:00
and 16:00 UTC and then gradually decreases. One
possible explanation for this overlap is the growing
professionalization and influence of blogs, which often
compete with traditional news sources for online eye-
balls. The most significant difference between the two
patterns, the news sources’ peak at 07:00, can be po-
tentially explained by the publication of early morning
news.

Figure 3: MediaViz Sources tool. Percentage of arti-
cles published by both source types during a 24-hour
cycle.



5.3 Diversity Explorer

The Diversity Explorer tool was developed specifically
for this work. Below we describe our strategy for de-
tecting topics and measuring topical diversity between
the news and blog streams.

5.3.1 Topic Detection

Our topic detection strategy was based on the clus-
tering of text documents using n-grams of size n = 2
(bigrams) and n = 3 (trigrams) as features. The base
strategy consisted of, for a given day, transforming
each document into a bag of n-grams and then run-
ning k-means [HW79] using the n-gram frequencies as
features. The value of k was selected based on the
Silhouette method [Rou87], by testing successive val-
ues of k ∈ [2, 15] for a random sample of 100 or less
documents — in case less than 100 documents were
available. Constraining the value of k, indirectly en-
forced the number of topics to range between 2 and 15.
The result of this process was a set of k topics, repre-
sented by the centroid of each cluster and associated
with the documents for each day.

Prior to the clustering phase, and in order to ensure
performance, we reduced the number of features by re-
moving n-grams that were over 99.6% sparse, i.e., fea-
tures with more than 99.6% zeros, that were less useful
in distinguishing documents, were simply discarded.
The sparsity threshold of 99.6% was determined em-
pirically, by experimenting with the largest daily doc-
ument set and ensuring that the number of features
would not explode (99% decrease from 1,834,310 to
350 features for the largest daily document set), but
also with smaller daily document sets to ensure that
the number of features would not be too small (nearly
0% decrease for daily document sets with less than 100
documents). After completing the feature reduction
process, we repeated the previously described cluster-
ing process for the smaller matrix, obtaining k topic
vectors that illustrated the different directions of fol-
lowed contents in daily news.

5.3.2 Measuring Topic Diversity

In order to measure topic diversity within a corpus,
we took the topic vectors for a given day and did
an element-wise aggregation based on the maximum
weight of each n-gram. This resulted in a set of daily
vectors, describing the overall topical direction of news
and blog articles per day.

Our approach to measuring topic diversity was
based on a combined distance metric between all n-
gram daily vectors, for a given corpus — the more dis-
tant the topics are from every other topic, the higher
the diversity. We computed the normalized cosine dis-
tances X for each pair of n-gram daily vectors, sepa-

rately for the news and blog corpora. Next, we cal-
culated the mean and standard deviation for the ob-
tained values, and combined the mean E[X] and stan-
dard deviation σ(X) into a diversity score, as described
in Equation 1.

score(X) = E[X]− 2× (F (E[X]; 0.5, 1/50)× 0.5)

× (1− E[X])× (E[X]× σ(X)) (1)

F (x;µ, s) =
1

1 + e−
x−µ
s

(2)

The idea was for the variance to affect the mean
cosine distance in the following way: for a low mean,
a low variance would result in a small increase, while
a high variance would result in a large increase; for
a high mean, a low variance would result in a small
decrease, while a high variance would result in a large
decrease. For example, given a mean cosine distance of
0.9, with a 0.9 standard deviation, we know that there
are several values below the mean and that, since we
are using a normalized cosine distance, its maximum is
one. Thus, it makes sense that we would decrease (neg-
ative sign) the diversity score with the intuition that
a subset of documents would be less diverse among
themselves than average. On the other hand, for a
mean cosine distance of 0.1, it would only make sense
to increase (positive sign) the value based on the stan-
dard deviation. To determine sign, we took advan-
tage of a logistic distribution (Equation 2), centered
on µ = 0.5 and scaled to s = 1/50. We used this
as a sign function by shifting the result by −0.5 and
multiplying by 2, which gave us a value in the interval
[−1, 1] with a sigmoidal behavior. We then combined
the mean and standard deviation to obtain the abso-
lute value of increase or decrease, and multiplied it by
the sign function.

We repeated this process for news, blogs, and the
concatenated n-gram daily vectors of both corpora, for
an overall topic diversity measurement. This resulted
in a diversity score between zero and one, where zero
meant that all the topics were exactly the same, while
one meant that all the topics were completely distinct.
Based on our results, topics have, overall for the com-
bined samples, a diversity score of 0.970, a value that
is as high as 0.986 for blogs, and as low as 0.976 for
news. Topic diversity is similarly high in either case,
despite blogs having a slightly higher diversity score.

5.3.3 Exploring Diversity Over Time

We also measured topic diversity over time, for small
temporal windows, comparing news and blogs. Fig-
ure 4 shows the resulting diversity score for a sequence



of 5-day windows starting at the given date (x-axis),
from Sep 1st to Sep 30th 2015, with news in green
and blogs in red. As we can see, both corpora have a
diversity behavior that is similar over time, with the
exception of the temporal windows from Sep 15th to
Sep 19th 2015. Correlation between the two diver-
sity score distributions is 28.9% for the whole month
of September, but raises to 69.3% when ignoring the
period of 15–19 Sep. We calculated the differences be-
tween diversity scores over time and found that the
temporal window starting at Sep 19th 2015 repre-
sented the largest break in consistency between news
and blogs, with a difference in diversity of 0.205.

We analyzed the n-grams of the topics, for each
corpus, within this temporal window. For the news
corpus, we found 111 unique n-grams out of 175 to-
tal n-grams, meaning that 63.43% of the n-grams are
unique, which indicates a high diversity. On the other
hand, for the blog corpus, we found 64 unique n-grams
out of 164 total n-grams, meaning that 39.02% of the
n-grams are unique, which indicates a low diversity.
This is consistent with our diversity score. We also
calculated the Jaccard index for the set of n-grams of
each corpora, for the Sep 19th 2015 temporal window,
finding that 15.89% of the total number of unique n-
grams appears in both news and blogs.

Figure 4: MediaViz diversity explorer. Top: diversity
over time for windows of 5 days, starting at the given
date. Bottom: number of documents for windows of 5
days, starting at the given date.

6 Conclusion

In this paper we presented the exploration of the Sig-
nal 1M Dataset, which comprises a large collection
of news and blog articles, using distinct visualization
tools. The visual analysis of the corpus provided in-
teresting perspectives that would be much more dif-
ficult to obtain without the assistance of such tools.
The Keywords tool allowed us to see that news and
blog sources granted different levels of importance to a
given set of keywords related with major global events
that took place on September 2015. It was also evi-
dent, using the Sources tool, that the temporal publi-
cation patterns of these two media behaved differently
— blogs published a higher percentage of content dur-
ing the weekend than news sources —, but also in a
similar fashion — both sources followed an identical
curve during a 24-hour cycle. Finally, through the
Diversity Explorer tool, we were able to visualize vari-
ations in the dynamics of topical diversity over time
for each media type’s content stream.
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Abstract

Short texts, due to their nature which makes
them full of abbreviations and new coined
acronyms, are not easy to classify. Text en-
richment is emerging in the literature as a
potentially useful tool. This paper is a part
of a longer term research that aims at under-
standing the effectiveness of tweet enrichment
by means of news, instead of the whole web
as a knowledge source. Since the choice of
a news collection may contribute to produce
very different outcomes in the enrichment pro-
cess, we compare the impact of three features
of such collections: volume, variety, and fresh-
ness. We show that all three features have a
significant impact on categorization accuracy.

1 Introduction

Social Network contents are analyzed for several pur-
poses: identifying trends [MK10], categorizing and fil-
tering news [JG13, SSTW14], measuring their impor-
tance, spread etc. [NGKA11]. Other researchers try to
categorize short texts posted on social networks (e.g.,
tweets), using contents taken from the WWW, to un-
derstand user interests, to build user models etc. How-
ever, platforms like Twitter limit the text length, and
users tend to use abbreviations and acronyms to write
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even faster. In a lot of cases the posted texts have
a very low number of characters1; therefore, an au-
tomatic categorization process with topic extraction
methodologies could be not enough reliable. In these
cases, exploiting an additional source of information
could help, providing additional text to analyze. Since
short texts posted by users are often related to re-
cent events (sharing their opinions and thoughts with
friends), our approach is to use news collections in-
stead of generic web contents in the categorization pro-
cess.

On this basis, we study how the choice of the news
collection affects the results: in particular, how differ-
ent news collections with different properties impact
the categorization effectiveness. More specifically, we
analyze, by means of three experiments, three features
of news collections: (i) Volume, to see how different
numbers of news provide different sets of terms for the
enrichment phase and, consequently, affect the cate-
gorizations; (ii) Variety, to see how news of different
nature impact the enrichment process; and (iii) Fresh-
ness, to highlight the different effectiveness by using
news from different time windows (i.e., same tempo-
ral context, 1 year old, 2 years old etc.). We exploit
the methodology proposed in [MPSV14], based on a
text enrichment with new set of words, extracted from
news on webpages of the same temporal context,2 and
a categorization by querying the Wikipedia category
tree as external knowledge base.

2 Related work

All the works in the literature addressing the problem
of classifying tweets recognize that “data sparseness”
and ambiguity represent a serious issue. For instance,

1Several surveys show that the mode of characters is
28 [twi16a].

2A set of news published in the same period of the short text.
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in [HH15] the authors use the “bag-of-words” ap-
proach, adopting dimensionality reduction techniques,
to reduce accuracy and performance problems.

In [AGHT11] the authors introduce several enrich-
ment strategies (i.e., entity-based, topic-based, tweet-
based and news-based) to relate tweets and news ar-
ticles belonging to the same temporal context, in
order to assign a semantic meaning to short mes-
sages. In [YPF10] another enrichment-based approach
is proposed to classify generic online text documents,
by adding a semantic context and structure, using
Wikipedia as a knowledge source. In [GLJD13] the
authors define a framework to enrich and relate Twit-
ter feeds to other tweets and news speaking about the
same topics. Hashtags (for tweets) and named entities
(for news) are used to achieve such goal. A cluster-
based representation enrichment method (CREST) is
introduced in [DSL13]: such system enriches short
texts by incorporating a vector of topical relevances
(besides the commonly adopted tf-idf representation).
Finally, topics are extracted using a hierarchical clus-
tering algorithm with purity control. Enrichment
techniques can also be quite sophisticated like, e.g.,
in [WZX+14] where a short texts are classified exploit-
ing link analysis on topic-keyword graphs. In particu-
lar, after the initial topic modeling phase, each topic
is associated to a set of related keywords. Afterwards,
link analysis on a subsequent topic-keyword bipartite
graph is carried out, to select the keywords most re-
lated to the analyzed short text.

Machine learning can play a fundamental role in
classifying short texts: for instance, in [DDZC13] su-
pervised SVM (Support Vector Machine) techniques
are used to classify tweets into 12 predefined groups
tailored for the online community of Sri Lanka.
In [ZCH15] a completely automatized unsupervised
bayesian model is used. In particular only tweets re-
lated to events are selected, exploiting a lexicon built
from news articles published in the same period.

So far, it is clear that the problem of classifying
short texts (whatever the related semantic domain)
must rely on some forms of background knowledge, to
fill the gaps and lack of information of the original mes-
sages. Such knowledge base can be found in external
semantic platforms like, e.g., Wikipedia (as in some of
the above mentioned works, and in the INEX Tweet
Contextualization Track [ine13]), the WWW or other,
possibly more focused, archives/structures. Hence, it
is of utmost importance to study how the choice of the
external collection influences the accuracy of the short
text categorization process.

3 Features of News Collections

To run a set of experiments to analyze the collections
features, we use two different open source document

Figure 1: News collections distribution with features
based tests

collections, which differ in number and kind of docu-
ments included, have different sizes, span from 2011 to
2013, and also have some temporal overlaps to allow
several comparisons. They are shown in Table 1 and
allow us to analyze the following three key features:

• Volume: we want to see the impact of news sam-
ples with different cardinality, extracted from the
same collection in different percentages. With this
test we aim to measure how the amount increment
correlates to the final enrichment effectiveness.

• Variety: news are often different in nature, such
as texts from blogs, forums, online newspapers
etc., and different variety of texts could have dif-
ferent impact on the text enrichment. We want to
measure how the news variety affects the results.

• Freshness: short texts are often related to recent
events, therefore, it is interesting to study how
important is to have the publishing time of the
news close to the publishing time of the short text
being enriched, and how the enrichment effective-
ness changes using increasingly older news.

Figure 1 shows a representation of the two collec-
tions distributed over time and tweets as short texts
to analyze. The Volume test, highlighted in orange,
aims to compare the categorization results with sam-
ples of news from the same collection but with differ-
ent sizes; the Variety test, in green, compares results
among news samples with same cardinality but with
different kinds of news; and the Freshness test, in pur-
ple, exploits news from the same collection but in dif-
ferent years. The figure shows only some examples;
the details of all the experiments are described in the
next section.

4 Experimental evaluation

4.1 Experimental design

To evaluate the impact of each news collection on
the categorization process we selected a set of 5
popular Twitter account famous in different fields.
In particular, David Cameron (@David Cameron)



Table 1: The two news collections used in the experiments

Acronym Name # of docs/ size kind of docs Timespan

Temporalia NTCIR Temporal Information Access 2012a ~2M / ~20GB blogs news Jan2011 – Dec2013

KBA Knowledge Base Acceleration 2012b ~20M / ~930GBc blogs, news, forums, social Oct2011 – May2013

ahttp://ntcirtemporalia.github.io/NTCIR-12/collection.html
bhttp://trec-kba.org/
cData extracted from the 3rd stream corpora http://s3.amazonaws.com/aws-publicdatasets/trec/kba/index.html

for Politics, Harry Kane (@HKane) for Sport, Bill
Gates (@BillGates) for Technology, Neil Patrick Harris
(@ActuallyNPH ) for Cinema and Rihanna (@rihanna)
for Music. We extracted a set of tweets from each ac-
count in a specific time window, according to the test
we planned to run, in order to have a sufficient amount
of short texts to enrich and categorize. We used a
Python wrapper [pyt16] around the official Twitter
API [twi16b] to retrieve tweets. We repeated this pro-
cess to have a sample of 1000 tweets for each test which
involves a large temporal window (e.g., six months or
one year). Instead, for tests focused on one month,
we built samples of 250 tweets. We then defined the
benchmarks as follows in the next sections.

4.1.1 Volume test

To measure the impact of collections volume we de-
fined 2 tests, ”Test 1a” based on Temporalia and ”Test
1b” on KBA. We analyzed samples using news subsets
with different cardinality. With these tests we can see
how changing the amount of news affects the results,
and also if the results will generalize across different
collections. The 2 tests are defined as follows:

Test 1a: Tweets posted in whole 2013, categorized
with Temporalia 1%, Temporalia 10% and Temporalia
100%.

Test 1b: Tweets posted in whole 2013, categorized
with KBA 1%, KBA 10% and KBA 100%.

4.1.2 Variety test

We defined ”Test 2a” and ”Test 2b” to measure how
the variety of news inside a collection could impact the
enrichment phase and consequently the categorization
process. We selected news samples with the same car-
dinality from different collections and from different
time windows, in order to see the effects of changing
news varieties, and also if on a wider time window of
6 months we have the same effects we get on only 1
month. The 2 tests are defined as follows:

Test 2a: Tweets posted in January 2013, categorized
with Temporalia Jan 2013 (60K news sample), KBA
Jan 2013 (60K news sample) and Temporalia+KBA
Jan 2013 (30K+30K news sample).

Test 2b: Tweets posted in the second half of 2012,
categorized with Temporalia Jul-Dec 2012 (400K news
sample), KBA Jul-Dec 2012 (400K news sample) and
Temporalia+KBA Jul-Dec 2012 (200K+ 200K news
sample).

4.1.3 Freshness test

To benchmark how the news freshness is important we
defined 3 tests, ”Test 3a”, ”Test 3b”, based on differ-
ent news ”aging”, and ”Test 3c”, based on a different
collection. For the first test we want to see the differ-
ence between enriching the tweets with news extracted
from the same temporal context (i.e., at most 1 month
before the publishing date) and news in the same year
of publishing (i.e., at most 1 year before the publishing
date). In the second test we want to extend this anal-
ysis to more than 1 year before the publishing date,
in particular we benchmark the results using news re-
lated to event of the same year of the tweets, 1 year old
and 2 years old. The third test aims to compare the
same ”aging effect” with a different collection. The 3
tests are defined as follows:

Test 3a: Tweets posted in whole 2013, categorized
with Temporalia 2013 - contextualized3 and Tempo-
ralia Jan 2013 (both samples are composed of 60K
news).

Test 3b: Tweets posted in whole 2013, categorized
with Temporalia 2013, Temporalia 2012 and Tempo-
ralia 2011 (both samples are composed of 90K news).

Test 3c: Tweets posted in whole 2012, categorized
with KBA 2012 - contextualized, KBA Jan 2012 and
KBA 2012 (both samples are composed of 100K news).

4.2 Measures

To evaluate the experiments and to benchmark the
collections effectiveness we carried out an expert eval-
uation to assess each analyzed feature over short texts
samples composed of either all tweets for one month
based tests (250) or a set of 250 randomly extracted
tweets for tests based on larger temporal windows.

We used a categorization prototype system
[MPSV14] for the categorization of short texts which

3Only news from the same month when the tweet has been
posted.

http://s3.amazonaws.com/aws-publicdatasets/trec/kba/index.html
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provides, as final outcome, a list of labels extracted
from Wikipedia category tree. The system includes
a module which analyzes text, searches related doc-
uments into a news collection, and extracts a set of
words used to enrich the original short text.

The texts have been submitted to the categorization
system with different news collections according to the
three tests described in Section 4.1. For each test, in
order to assess the news impact over the enrichment
process, the set of categories yielded by the system has
been evaluated by expert users. The latter assigned
a rating, i.e., a number between 1 and 5 (1=lowest
value, 5=highest value) indicating how the categories
properly represent the topic discussed in the tweet.

In particular for the Volume test, we run the evalua-
tion several times, with news samples randomly rebuilt
each time, where we used only a portion of the entire
collection. We kept the average ratings obtained with
different sub-collections, avoiding bias due to the ran-
dom set of news. Specifically for samples with 10%
or 1% of news we run respectively the evaluation 3
or 5 times, approximating the average ratings to the
nearest integer value.

4.3 Results

Results are reported in the following charts, which
show distribution functions of ratings obtained by each
test with the different experiment settings. In partic-
ular, we display the cumulative distribution function
(CDF), the inverted complementary cumulative distri-
bution function (I-CCDF), and a table reporting the
mean ratings. The I-CCDF is provided for an easier
reading, showing the data in ascending order and thus
highlighting the news collection performing better as
the line at the top of the chart.

4.3.1 Volume Test

Figure 2 shows the results related to Test 1a and 1b,
highlighting how for both collections the number of
news is an important feature to consider. We can ob-
serve a noticeable improvement with Temporalia 100%
compared to smaller samples. Increasing the volume
allows us to include a large number of both relevant
and not relevant news: the first ones yield a global
improvement, while the second ones have a low overall
impact. The general improvement is also confirmed by
the Wilcoxon test. Then, we notice only a slight differ-
ence between Temporalia 1% and 10%, where the news
increase in number from an order of magnitude 10K
to 100K. The Wilcoxon test, over the latter couple
of rating distributions, confirmed a non statistically
significant difference between those samples, with a
p-value>0.05. On the other hand, with KBA we al-
ready have a noticeable difference between KBA 1%

and KBA 10%, due to order of magnitude from 100K
to 1M, and even better using KBA 100% (10M). This
fact emphasizes how increasing the sample sizes has
considerable effects on the results only when a cer-
tain amount of news is reached. The diverse impact
of Temporalia and KBA is probably also due to other
factors than the only difference in size. Of course the
same percentage, applied to collections with very dif-
ferent sizes, yields sets of extracted documents whose
cardinality is very different; whence we can also expect
a different variety of such sets. Moreover, for instance,
KBA does not fully cover year 2013, whence the ef-
fectiveness could be affected by the publishing date of
the analyzed short texts. Such aspects are taken into
consideration in the remaining experiments.

4.3.2 Variety Test

Figure 3 shows how the variety of news inside the
analyzed samples affects the enrichment effectiveness.
Continuous lines represent the results over 1 month of
news (Test 2a), and dotted lines over 6 months (Test
2b). For both experiments there is a noticeable dif-
ference among the samples which highlights how in-
creasing the variety of news allows to improve the fi-
nal categorization also on different time windows. The
Wilcoxon test over the sample pairs of each test con-
firms the statistically significant difference between all
the rating distributions. This fact highlights how im-
portant is to increase the variety of news in order to
improve the set of words to use as text enrichment.

4.3.3 Freshness Test

The chart in Figure 4 shows the results related to Test
3a, 3b and 3c, and it is possible to notice how the news
freshness affected the results especially when the news
get older. Collections with contextualized news got
the best effectiveness due to the news publishing time
close to the tweets (same month), therefore they allow
to have more relevant additional text to exploit. The
system has worsened the categorization process with
tweets randomly selected from whole 2013, and using
collections of news extracted from the same year, ei-
ther equally distributed over all months or only in Jan-
uary. The effectiveness decreases drastically when the
news get older in previous years. In particular we can
notice how we got the same lowest effectiveness with
Temporalia 2012 and Temporalia 2011, highlighting
how 1 (or more) year old news are poor of information
for these purposes.

Test 3a results, related to Temporalia 2013, show
how large is the difference between news distant only
some months in time, and Test 3b results, where we an-
alyzed three years of Temporalia news, highlight how
going back to 1 year is crucial for the categorization



Figure 2: Volume impact CDF, I-CCDF, and mean ratings

Figure 3: Variety impact CDF, I-CCDF, and mean ratings
process. With KBA collections we can notice how the
results are similar and the rating distributions, rep-
resented by dotted lines, highlight better effectiveness
with higher news freshness. Wilcoxon tests confirm
that there is statistical significant difference among the
rating distributions in both Temporalia and KBA, ex-
cept for Temporalia ’11 and ’12 which obviously have
equal values. This is a further confirmation that few
months old news have a strong impact as those from
previous years.

5 Discussion and Conclusions

The experiments performed in this work have demon-
strated that text enrichment is sensibly affected by
the features of the news collections that we have ana-
lyzed. More precisely, there is a critical threshold for
what concerns the collection Volume, that allows to
have a sufficient amount of news to reach a good level
of effectiveness. Moreover, such threshold seems to be
dependent on the whole size of the collection taken
into consideration. Our benchmarks confirm the im-
portance of news variety, highlighting how increasing
the number of available kinds yields a better enrich-
ment both for texts selected in one month and in the

larger time window. The news Freshness appears to
be a sensible feature since news published close to the
same period of the short text provide a better set of
terms to use in the enrichment phase. Indeed, as soon
as the news begin to age (even of just a few months)
the effectiveness of the categorization drastically de-
creases.

For future work, we plan to refine and complete
the experiments on the three focused features. For
instance, it could be interesting to look at the im-
pact of the number of documents extracted from the
news collection and used to categorize short texts. As
we pointed out in Section 4.3, a larger database will
produce a higher number of elements (with the same
percentage), and this fact can have subtle implica-
tions on the final outcomes. We also plan to carry
on further experiments about the variety, investigat-
ing which kinds of news it is important to include in
the collection, and which ones are marginal. As the
freshness is concerned, we could investigate more pre-
cisely, varying the granularity of the time windows,
which is the temporal threshold causing a quick de-
crease of the effectiveness of the enrichment process.
Moreover, we plan to carry on further experiments on



Figure 4: Freshness impact CDF, I-CCDF, and mean ratings
different news collections and new kinds of short texts
(e.g., instant chat messages, online comments). Un-
fortunately we could not use the Signal Media collec-
tion available at http://research.signalmedia.co/
newsir16/signal-dataset.html; indeed, a collection
covering a one-month period is not sufficient for the
kind of experiments we described in this paper (think,
e.g., of the freshness test).
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Abstract

When newsworthy events occur, information
quickly spreads across the Web, along offi-
cial news outlets as well as across social me-
dia platforms. Information diffusion models
can help to uncover the path of an emerging
news story across these channels, and thereby
shed light on how these channels interact. The
presented work enables journalists and other
stakeholders to trace back the distribution
process of news stories, and to identify their
origin as well as central information hubs who
have amplified their dissemination.

1 Introduction

Newsworthy events are communicated via traditional
news media sources such as CNN and the New York
Times, as well as social media platforms. However, the
specific path a story takes via various news distributors
and the interplay with the social network discussion is
not well studied yet. This limits further research on ru-
mour detection and news content verification. This pa-
per presents an approach developed in the EU-funded
Pheme project (www.pheme.eu), tracking information
contagions across various media sources including ma-
jor online news publishers as well as single Twitter
users.
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2 Related Work

Information diffusion is an established research field
traditionally applied to explicit networks such as social
media, but less studied in communication scenarios
where information sources tend to be implicit.

One research area that links news articles to trace
the origin of an information piece is text reuse (plagia-
rism) detection. This approach has been recently ap-
plied to analyse information exchange networks based
on historical newspaper texts [CIK14] and to study
the evolution of memes [SHE+13]. In contrast to this
work, our approach does not track stable phrases, but
uses information pieces directly as relations.

Yang and Leskovec [YL10] model the total num-
ber of infected nodes over time determined by the in-
fluence function of nodes infected in the past. They
formulate this problem as an instance of Non-Negative
Least Squares and use it to predict the volume of infor-
mation diffusion in the future. Their approach differs
from ours since it does not model implicit network to
surface implicit links between the information sources.

3 Information Diffusion Model

3.1 Modeling Information Contagions

We propose a ‘bag-of-relations’ document representa-
tion model to capture the essential information con-
tained in textual documents, such as news articles.
The main idea behind our approach is to represent
each document as a set of relations, represented as
n-grams-like similarity strings. Unlike n-grams, these
strings are constructed from grammatical dependency
relations instead of the sequential order of words in a
sentence. We employ a dependency parser to obtain
parse trees for each of the sentences and extract the
relations by traversing these trees. The relations are
then modeled as triples of the form:

s (subject) – p (predicate) – o (object)



We start off with the task of finding all the pred-
icates in the sentence, which play the role of triggers
to finding the corresponding relations. We normalize
the predicates to the form: ‘{synsets (or lemmas)} +
{flags}’, by detecting for each verb the corresponding
WordNet synset (or taking the verb’s lemma other-
wise), tense, voice, negation and auxiliary verbs (e.g.
‘did not say’ is transformed to ‘state D N’).

We define a set of words to be excluded from the
predicate phrase to improve the results. For example,
there are trivial relations, which are common among
all news articles and which we would like to elimi-
nate, e.g. the ones triggered by the predicates: ‘print’,
‘post’, ‘update’. Words that do not carry any seman-
tic information of the predicate, but are used solely
for grammatical purposes (e.g. ‘will’, ‘do’), are also
excluded.

We introduce special symbols to preserve the gram-
matical information removed at the previous step. As
such, D indicates the past tense, F – future tense, N –
negation, A - auxiliary verb (‘would’). Since there are
multiple ways to express negation or past tense, this
approach allows to disambiguate and group together
semantically-equivalent relations.

Then, for each predicate we pick the adjacent
branches with clauses that correspond to the subject
and objects of the relation. We designed a simple
heuristic for English language texts: assign the node
to the subject-element if it precedes the predicate in
the sentence, and to the object otherwise (i.e. when it
follows the predicate).

We construct separate relations for each object-
element related to the predicate and one relation with
an empty object, if the subject is not empty. This
simple heuristic allows us to create several fine-grained
relations with different levels of detail. For example,
a sentence “The plane landed in Panama on Tuesday”
will be decomposed into: ‘plane - land D’, ‘plane -
land D - in Panama’, ‘plane - land D - on Tuesday’.
This approach enables us to spot those articles that
report on the same event but provide complementing
or contradicting details.

3.2 Modeling Diffusion Cascades

We assume that all articles sharing the same infor-
mation contagion are related to each other, i.e there
is a path for every pair of articles within the diffusion
graph. We included this assumption into our model by
enforcing the connectivity requirement over our diffu-
sion graph: for each node (except the root node), we
generate an incoming edge that links the node to its
source. Here, we also use the single source assumption:
for all nodes (except the root node), there is exactly
one incoming edge linking the node to its source (the

closest neighbour). This assumption allows us to sim-
plify the model and avoid making assumptions about
the similarity threshold value, i.e. how similar the ar-
ticles should be to be linked in the diffusion model.

The diffusion process is modeled as a graph with
two types of edges: (1) explicit links referencing the
source URL - edge direction: from the source to the
post with the URL; (2) implicit links to connect simi-
lar posts that share the same information contagions -
edge direction: from the older to the more recent post.

We link news articles to social media posts by query-
ing the Twitter API with the URL of a news article
to obtain all the tweets which reference it explicitly.
News media often do not cite their information sources
apart from the references to the major news agencies,
e.g. Reuters. Therefore, we focus on uncovering the la-
tent relations between the news articles, which we con-
struct based on content similarity. We construct the
diffusion graph with edges generated using the pair-
wise similarity values computed over the relation bags
of the articles.

There are two methods to compute similarity be-
tween a pair of news articles: (1) considering the in-
tersection of the relation bags, (2) hashing the relation
bags and computing the similarity between the rela-
tion hashes. While the first method, returning an inte-
ger for the number of shared relations, is simple and in-
tuitive, it is limited to considering only exact matches
between relations. The second method is more power-
ful by allowing for approximately similar relations.

We test both methods to compute similarity for any
two relation bags complementary to each other to eval-
uate which of them performs better in practice. We use
Nilsimsa hashing and Hamming distance to generate
and compare the relation hashes. Nilsimsa is one of the
most popular algorithms for locality-sensitive hashing
and is traditionally employed for spam detection in
emails. Hamming distance measures the proportion
of positions in the hash at which the corresponding
symbols are different.

4 Experiment

4.1 Dataset and Configuration

The dataset is based on a recent news media snap-
shot exported from the Pheme dashboard [SWG+16],
which contains 71,000 articles published between 27
November and 3 December 2015. We ran the relation
extraction procedure on this corpus and picked one of
the frequent information contagions to illustrate how
it can be backtracked across the online media:

s: president barack obama – p: state D – o:

This relation provided us with a cluster of 12 news
articles. It is able to capture all the expressions with



Figure 1: Sample information diffusion model: ‘president barack obama state D’

a predicate that belongs to the WordNet synset ‘state’
and is used in the past tense (‘D’), such as “pres-
ident barack obama said”, thereby indicating state-
ments made by President Obama.

For each article we retrieved the tweets via its URL
using Twitter Search API, which resulted in 150 tweets
(127 and 23 for two of the articles). We used the net-
workx1 and matplotlib2 Python libraries to visualize
the resulting diffusion graph (see Figure 1).

4.2 Results

The nodes of the graph in Figure 1 represent the indi-
vidual posts published at discrete time intervals (red:
news articles; green: tweets). The sources get infected
in the sequence order aligned along the vertical time
axis as indicated on the node labels. The same source
may appear more than once within the same network if
it has published multiple articles containing the same
information contagion within the given time interval.

The edges of the graph represent direct links in case
of tweets, or content similarity in case of articles. Con-
tent similarity values are indicated as weights over
the corresponding edges. Values closer to 0 indicate
more similar articles. Light edges indicate that the
adjacent articles share a single information contagion,
while solid edges indicate that the articles have more
than one information contagion in common.

5 Conclusion and Future Work

We showed how to uncover the latent relations between
news articles and used them to infer a model of the im-
plicit diffusion network, which constitute an important
step towards rumour detection research. The results of
our initial experiment indicate that our relation-based

1networkx.github.io
2matplotlib.org

modeling approach is promising and merits further re-
search. In future work we will further evaluate our
approach against baseline methods.
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Abstract
The News Site Contrast (NSContrast) system
analyzes news articles retrieved from multiple
news sites based on the concept of contrast
set mining. It can extract terms that charac-
terize different topics of interest across news
sites, countries, and regions. In this study, we
used NSContrast to analyze Global Database
of Events, Language, and Tone (GDELT) data
by comparing news articles from different re-
gions (e.g., USA, Asia, and the Middle East).
We also present examples of analyses per-
formed using this system.

1 Introduction
It has become possible to access a wide variety of news
sites from across the world via the Internet. Each news
site has its own culture and interpretation of events, so
we can obtain a greater diversity of information than
ever before by using multiple news sites. Opinions and
interests expressed in news articles vary across coun-
tries, and we can obtain different points of view re-
garding a topic if we access news sites from different
countries. For example, Asian, European, and Ameri-
can news sites share some common views on diplomatic
issues related to North Korea, as well as having their
own characteristic opinions. Therefore, it is important
to clarify the characteristics of each specific news site
when analyzing events reported by multiple sites.

The News Site Contrast (NSContrast) system was
developed to analyze the characteristics of news sites
[YK12]. However, since it is not easy to construct
news databases from different countries, NSContrast
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only uses small numbers of news sites from East Asian
countries (Japan, China, Korea) and the USA to char-
acterize the differences between them.

Recently, a Global Database of Events, Language,
and Tone (GDELT) [LS13] 1 was released. This
database is based on larger numbers of news sites from
all over the world and it contains extracted metadata
information from news articles. In this paper, we pro-
pose a method to utilize GDELT to analyze the char-
acteristics of news article from different countries and
regions by adding country and region information for
the news sites in the database. By using these data, we
can compare news articles from various countries and
regions (e.g., USA, Asia, South America, and Africa)
worldwide instead of our original small database of
news articles. We also present examples of analyses
performed using the NSContrast system.
2 NSContrast
2.1 System description
NSContrast employs the following four methods to an-
alyze news articles.
• Burst analysis [Kle02] identifies the daily burst

terms and the regional distribution of a specific
bursty term. (Figure 1)

• A term collocation analysis graph shows re-
lationships among collocated terms and the given
query. NSContrast uses highly collocated terms
from all regions based on contrast set mining and
ordinal collocation analysis. These collocation
terms are visualized with a spring model using
fdp in Graphviz.2.

• A news article retrieval system is used to un-
derstand the meanings of the terms in the collo-
cation analysis and the burst analysis.

• A multifaceted interface for analyzing news
articles.
The system uses multiple facets (e.g., keyword,

1http://www.gdeltproject.org/
2http://www.graphviz.org/



named entity, polarity, news site, and country) to
analyze news articles. The interface supports the
construction of structured queries that use one
or more facets, where the facet information can
be represented using various styles (e.g., time se-
quence graph, table, or bar chart). (Figure 2)

2.2 Data conversion
To apply NSContrast to the analysis of GDELT data,
it was necessary to convert the GDELT data into news
article data. There are two databases in GDELT:
GDELT Event and GDELT Global Knowledge Graph
(GKG). GDELT GKG is a database based on a raw
output format of the original news articles for con-
structing the GDELT Event database. Because the
GDELT Event database does not have detailed orig-
inal news article sources, GDELT GKG was used for
NSContrast.

GDELT GKG was constructed by extracting the
following metadata information from the original
news articles: DATE, THEMES, LOCATIONS, PER-
SONS, ORGANIZATIONS, TONE (as a real value;
0 means neutral), CAMEOEVENTIDS (references
to the GDELT Event database), SOURCES, and
SOURCEURLS. When there are two or more arti-
cles that share all name sets (THEMES, LOCATIONS,
PERSONS, and ORGANIZATIONS), those news ar-
ticles are aggregated as one datum and SOURCES
and SOURCEURLS have multiple entries. Example
of SOURCES and SOURCEURLS information for one
datum in January 19, 2016 are shown below.
SOURCES punchng.com; punchng.com; onlinenige-

ria.com; onlinenigeria.com
SOURCEURLS http://www.punchng.com/25909-2/,

http://www.punchng.com/i-am-

resolved-to-better-lagos-ambode/,

http://news2.onlinenigeria.com/news/general/

453949-i-am-resolved-to-better-

lagos-%E2%80%93w-ambode.html,

http://news2.onlinenigeria.com/news/general/

453949-i-am-resolved-to-better-lagos-ambode.html

Two types of multiple SOURCEURLS are shown
above. In one, almost the same content has a different
URL for the same news site (the first two URLs and
the last two URLs above) and the other is a differ-
ent URL with different news sites (the first and third
URLs).

Most of the former cases are simply URL variations
of the same content; e.g., the first URL is redirected to
the second URL and the third URL is a variation of the
fourth URL (the URL encoding of “%E2%80%93w”
is “-” for UTF-8). It is better to select one of them
for deduplication. The latter cases are meaningful for
representing the importance of the contents, because
different news sites have selected the same content for
their sites.

By using these metadata, the following information
was constructed for NSContrast.
Date Date of the article.
Person, Organization, Location Lists of people,

organizations, and locations extracted from the
article using the GDELT GKG.

Polarity We classified articles into three types (posi-
tive, negative, and neutral) to simplify the analy-
sis of the polarity information. The tone extracted
by the GDELT GKG was used for classification
(tone > 1: positive; tone < −1: negative; other:
neutral).

Site Site information extracted from GDELT GKG.
To count the number of articles from different
news sites, we duplicate one datum for each site.
However, if there are two or more entries for the
same news site information, one of these entries
is used for deduplication. In the above example,
one datum is duplicated for “punchng.com” and
“onlinenigeria.com.”

URL URL for the original news article. When
there is one URL for a site, the correspond-
ing URL is used for each site. However, when
there are two or more URLs for a given news
site, the shortest URL is selected for each news
site (e.g., http://www.punchng.com/25909-2/ for
punchng.com).

SiteCountry We constructed a database of news
sites to identify their countries of origin. We used
http://www.world-newspapers.com/ to extract
these relationships. For “BBC monitoring,” we
used “United Kingdom” as the site country for the
news site. In addition, if news sites used country
code top-level domains (e.g., .jp for Japan), we
used this domain information to estimate the site
country. Finally we used a geolocation service 3 to
estimate the site country by using the IP address
of the top domain. However, the country was left
blank if we could not obtain appropriate location
information from the geolocation service.

SiteRegion Countries were grouped into the follow-
ing eight regions: USA, Asia, Europe, Middle
East, Africa, Oceania, North America (excluding
USA), and South America. News articles that
lacked site country information were categorized
as Unclassified.

We could use all of these information types other
than the URL to perform multifaceted analyses.
3 NSContrast with GDELT
We set up our system based on the GDELT GKG
from July 20, 2015 to January 19, 2016. Using the
data conversion process described above, we extracted
31,584,327 articles from 70,781 news sites.

3https://freegeoip.net/, http://ip-api.com/, and
http://ipinfo.io



First, we present information related to the coun-
try and region estimation. Because our manually
constructed news site list is small, only 2201 sites
(8,555,263 articles) were identified by using this in-
formation. Table 1 shows the number of articles
(sites) by the top-level domain of URLs (Top 6). Be-
cause 81.2% (47,259/70,781) of news sites and (71.9%
(22,716,591/31,584,327) of articles have .com as their
top-level domain, only 10,139 sites (5,671,259 articles)
were identified by their top-level domain.
Table 1: Number of articles (sites) for top-level do-
mains (Top 6)
.com 22,716,591 (47,259) .au 2,623,813 (1048)
.uk 1,682,960 (2705) .org 1,029,232 (8049)
.net 645,996 (3015) .ca 326,184 (1008)
Finally, by using the geolocation service 57,459

sites (16,816,980 articles) were identified. As a re-
sult, most of the sites (98.6%: 69,799/70,781) and ar-
ticles (98.3%: 31,043,442/31,584,327) were classified
into countries and regions.

Table 2 shows the number of articles for each region.
From this table, news articles from the USA were dom-
inant in the database (61.6%: 19,443,005/31,581,063).
In contrast, there were only 903,811 articles from
North America excluding the USA. With such unbal-
anced numbers of articles, making a category North
America including the USA is almost equivalent to
USA alone. Therefore, we divided North America into
the USA and North America (excluding USA).

Table 2: Number of articles for each region
USA 19,443,005 Europe 3,696,359
Oceania 2,962,792 Asia 2,891,865
North America (excluding USA) 903,811
Africa 726,626 Middle East 373,411
South 45,573 Unclassified 537,621
America
Our multifaceted analysis interface was used to

compare the results with different query conditions.
Figure 2 shows a time-sequence graph of polarity in
different countries: all countries (upper left), China
(upper right), the USA (lower left), and Europe
(lower right). These graphs were constructed by
adding new query conditions when selecting the data.
For example, the graph for China uses news articles
that included “Asian Infrastructure Investment Bank”
(AIIB) as the organization, an article date ≥ July 20,
2015, and the SiteCountry = “China.”

This figure shows that there were many positive ar-
ticles about AIIB in China. Europe was slightly posi-
tive than the USA. This information reflects the atti-
tudes to AIIB in these countries (or regions).

4 Conclusion
In this study, we have analyzed the characteristics of
GDELT data and propose a data conversion process to
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Figure 2: Multifaceted analysis for the query “AIIB”

utilize this information for NSContrast. In this con-
version process, we conducted deduplication of news
article URLs and added source country and region in-
formation to analyze the characteristic differences be-
tween them. Because of the large coverage of news
sites, the system can conduct comparative analyses of
various countries and regions by using large numbers
of news articles from different news sites. However, for
future work, it may be better to check the appropriate-
ness of the estimated country by using a geolocation
service.
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