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1.

INTRODUCTION

There are many issues in the world that people do not agree on, such as Global Warming [Cook et al.
2013], Anti-Vaccination [Kata 2010] and Gun Control [Spitzer 2015]. Having opposing opinions on
such topics can lead to heated discussions, making them appear controversial. Such opinions are often
expressed through news articles and social media. There are increasing calls for methods to detect
and monitor these online discussions on different topics. Existing methods focus on using sentiment
analysis and Wikipedia for identifying controversy [Dori-Hacohen and Allan 2015]. The problem with
this is that it relies on a well structured and existing debate, which may not always be the case. Take
for instance news reporting during large disasters, in which case the structure of a discussion is not
yet clear and may change rapidly. Adding to this is that there is currently no agreed upon definition
as to what exactly defines controversy. It is only agreed that controversy arises when there is a large
debate by people with opposing viewpoints, but we do not yet understand which are the characteristic
aspects and how they can be measured. In this paper we use the collective intelligence of the crowd in
order to gain a better understanding of controversy by evaluating the aspects that have impact on it.
2.

RELATED WORK

Controversies exist as public debates as they often stem from scientific and political debates. Furthermore, they touch on issues that concern large segments of society, and thus involve many different
actors such as the media, politicians and scientists. In medicine, debates on stem-cell research [Clarke
1990] and abortion [Kelley et al. 1993] are examples in case. Another recurrent characteristic of controversy is the unsolvable nature, and henceforth, their persistence over time. This is described by
[Dalgalarrondo and Urfalino 2002] as ”a prolonged public disagreement in which a series of opposed
arguments are exchanged.” The dispute, therefore, gives rise to articulate pro and con sides who draw
on distinct values and belief systems. Controversies are not limited to a rational argument about the
”facts”, they mostly invite strong emotion responses, precisely because they bear on the values actors
hold dear [Horst 2010].
Recent work on OpinioNetIT [Awadallah et al. 2012] attempts to computationally reconstruct public
debates as an exchange of pro and con statements using person-opinion-topic triples. In [Garimella
et al. 2016] the controversy of a topic is measured by building conversation graphs using a set of Twitter
retweets on a given hashtag. Another approach by [Popescu and Pennacchiotti 2010] uses Twitter to
measure the controversy of events. Their model principally relies on are linguistic, structural and
sentiment features. Besides Twitter, Wikipedia has proven useful for modeling controversy on historic
data. An example of this is Contropedia, where the metadata associated with Wikipedia pages such as
the presence of edits and reverts were used [Borra et al. 2015]. Another method is proposed by [DoriHacohen and Allan 2015] to detect controversial pages on the Web through mapping them to their
closest Wikipedia pages.
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Only a few articles explicitly tackled the problem of detecting controversy in news articles. [Lourentzou et al. 2015] measured which sentences trigger the largest responses in terms of tweets in order
to locate the most controversial points in media coverage. [Choi et al. 2010] identified controversial
topics by looking at which ones tend to invoke conflicting sentiment, and [Mejova et al. 2014] analyzed
news using a crowdsourced lexicon that comprises frequent content words for which participants were
asked to judge their controversy. Our work differs from each of these methods in that we try to measure controversy through all the aspects that indicate it, resulting in a more reliable measure. Further
more, we combine both social media, news articles and web pages so that a more complete structure of
a debate can be measured. As this structure may also be unknown and may continuously change, the
state of the art approaches would not be effective for measuring controversy.
3.

TEMPO CONTROVERSY MODEL

From the literature we have identified the following aspects as characteristic aspects of a controversy.
We combine these in our TEMPO controversy model:
—Time-persistence: The debate is persistent over longer stretches of time.
—Emotion: The viewpoints in a debate are typically described with the expression of strong emotions.
—Multitude of actors: The debate typically consists of a multitude of participating actors.
—Polarity: The viewpoints in a debate are typically polarized and not uniform or scattered.
—Openness: The debate is openly exposed to the public
The TEMPO model describes controversy as an emotional and polarized public debate by a multitude
of actors persisting over time. Following this definition, our model can be used in order to facilitate the
process of detecting controversy in news articles and social media. It captures the different aspects
of controversy and their relations and dependencies. We show how all these different aspects can be
extracted, quantified, and integrated with existing approaches on Web content harvesting, text mining,
and network analysis.
In order to identify that a topic or a document is controversial according to this model, we need to
be able to identify a number of opinions and arguments on a common topic and measure it based on
the five criteria above. Importantly, all these aspects can nowadays be assessed and quantified based
on a variety of techniques and data sources. Emotion can be measured and categorized with sentiment
analysis techniques, polarity can be detected through the sentiment distribution across actors, timepersistence can be measured with dynamic network models. Further, the openness of a controversy
and the generality of the web allows us to use web content crawling to retrieve pertinent data on
all dimensions. Finally, popularity can be identified with social network analysis and named entity
extraction across all previously mentioned aspects of controversy.
4.

EXPERIMENTAL SETUP

We evaluated the controversy aspects through a crowdsourcing experiment using the CrowdFlower1
platform. The collected annotations from this experiment were evaluated using the CrowdTruth methodology [Aroyo and Welty 2014] for measuring the quality of the annotations, the annotators, and the annotated articles. The relevance of each of the aspects was collected by asking the annotators whether
they applied to the main topic of a given newspaper article. For this, we used a collection of 5 048
Guardian newspaper articles that were retrieved through the Guardian news API. In order to save
cost and focus on the main topic of an article only the first two paragraphs of each article were used. In
1 http://crowdflower.com
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Controversy
Aspect
Time-persistence
Emotion
Multiple actors
Polarity
Openness

Table I. : Controversy aspect weights
Regression
Pearson
Coefficient
Correlation
Judgments
0.825
0.411
44.1 %
1.717
0.517
55.0 %
0.080
0.270
62.1 %
1.310
0.414
56.8 %
0.790
0.320
70.9 %

Articles
29.0 %
40.3 %
58.5 %
50.4 %
73.0 %
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Aspect
Clarity
0.882
0.900
0.886
0.885
0.914

an initial pilot we used 100 articles to test the use of a five point likert-scale answers versus ”yes/no/I
don’t know” type answers, and additionally whether showing five comments would help annotators
identify whether the topic in an article is controversial. In a second pilot we evaluated with the same
dataset whether rephrasing of the aspects and adding the time-persistence would make the identification more clear.
5.

RESULTS

The results of the first pilot showed that for both settings when showing the article comments the
number of annotators that select ”I don’t know” option is significantly smaller (p-value = 0.003). Additionally, we found that the ”yes/no/I don’t know” setup always finished faster. Although this difference
is not significant (p-value = 0.0519), it may indicate that annotators were more willing to perform
this task. Based on this we conclude that the variant with comments and yes-no answers gave the
best performance in terms of speed and annotation quality. The results of the second pilot showed the
rephrasing of the questions improved the identification as the number of people that selected the ”I
don’t know” option dropped from 15% to 3% with p=0.0001.
In the main experiment 5048 articles were annotated by 1 659 annotators resulting in 31 888 annotations. This dataset is available for download at the CrowdTruth data repository2 . The evaluation
of the controversy aspects was a two-fold: first the Pearson correlation coefficients were measured in
order to identify how strong an aspect correlated with controversy in each judgment. Second, linear
regression was applied to learn the regression coefficient between all of the aspects combined and the
controversy score for a judgment. This value indicates the weight of an aspect with respect to the other
aspects. As can be seen in Table I, the emotion aspect of an article was found to be the strongest indicator for controversy using both measures, while the multitude of actors was the weakest. The openness
was said to be present most in 70.9% of the annotations, was annotated with a majority in 73% of the
articles, and was found to be the most clearly represented aspect.
6.

CONCLUSIONS

In this study we identified five aspects of controversy: the time-persistence, emotion, multiple actors,
polarity and openness. Using crowdsourcing, annotations were gathered on the relevance of these
aspects to 5 048 Guardian articles. The results indicate that each of these aspects is a positive indicator
of controversy, but also that there is a clear difference in their signal strength. Most notably, the
emotion was found to be the highest indicator. Though, all the measured controversy aspects were
found to positively correlate with controversy. These results suggest that the TEMPO controversy
model is accurate and useful for modeling controversy in news articles.
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