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Lies and Language: Understanding how context can improve
the automated early detection of fake news.
Noah Rose Ledesma, Final Draft, 1602 Words
Abstract
Due to the explosive growth and inﬂuential power of fake news, the demand for
methods that accurately detect fake news, and intervene before it propagates, has
dramatically increased. Human fact-checking cannot keep up with the quantity of
disinformation entering the web. Hence automated systems have been developed.
Preliminary evidence suggests that, for such systems, analyzing the text of an article alone
may not be suﬃcient for distinguishing real from fake news. Other research has
established a set of style features that are eﬀective indicators of fake news on sample
datasets. In this study, I bring these two ﬁndings together to investigate the relative
eﬀectiveness of diﬀerent style features at distinguishing real from fake news across
multiple areas of news. My research proposes questions such as “Can the number of
words in a sentence be used to distinguish real from fake news?” and “Is the number of
words in a sentence a better indicator of real vs. fake news in politics or sports articles?”
Experiments conducted using language processing software on a real-world data set of
N=400 articles indicate that the eﬀectiveness of these language indicators does vary by
news type. These variances could prove particularly useful for the development of novel
early detection systems focused on textual content.
1.1. INTRODUCTION
The world is facing an age of disinformation. With Russian troll armies, vast
networks of social media bots, and fake news stories running rampant on the web, new
methods are being used to undermine democracies and disrupt political systems
(Pomerantsev, 2019). In a survey conducted by Mitchell et al. (2019) fake news and
disinformation were found to have had a great eﬀect on American’s conﬁdence in each
other and in government. To combat the presence of disinformation online, fact-checking
websites such as PolitiFact, Snopes, Fiskkit, and TextThresher have emerged. While the
accuracy and utility of these services are profound in establishing ground truth, manual
fact-checking cannot scale with the volume of disinformation entering social media.
Additionally, when overloaded with deceptive information, a human’s ability to detect
deception is only slightly better than chance (Rubin, 2010). Hence, there has been a great
deal of research in developing automated systems for detecting disinformation. Such
systems can be classiﬁed as using propagation-based and content-based methods.
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Propagation-based methods for detecting disinformation online leverage how fake
news propagates farther, faster, and deeper on social networks than real news (Vosoughi
et al., 2018). While proposed propagation-based models exhibit good performance on
real-world articles, they perform poorly on articles that have yet to become widespread
(Jin et al., 2014). For the purposes of detecting fake news, and intervening before it goes
viral, one must turn to content-based methods.
Content-based methods for detecting fake news analyze the text of an article under
the assumption that fake statements diﬀer from real ones in writing style. This assumption
is known as the Undeutsch hypothesis and has been the subject of much research in
forensic psychology. Analysis of textual content can take place on many levels such as
lexicon, syntax, semantic, and discourse. A survey of detection methods conducted by
Zhou & Zafarani (2018) provides a detailed description of these levels.
However, content alone may not be suﬃcient for distinguishing fake from real
news. Rather, content-based methods may be improved by factoring in the context of an
article (Pierri, 2018). In this study, I analyze how the eﬀectiveness of language features
used by content-based methods vary across diﬀerent areas of news. If the eﬀectiveness of
these language features diﬀers among news types, I propose that content-based detection
methods should include the area of news as a feature within a machine learning
framework. Such methods would be considering both content and context.
2. METHODS
As fake news potentially diﬀers from real news in writing style, A dataset compiled
by Pérez-Rosas et al. (2018), containing 400 real-world news articles labeled as Real or Fake,
have been analyzed for use of language features. In addition to being labeled as Real or
Fake, each of these articles has been labeled as belonging to one of the following areas:
business, education, entertainment, politics, or sports. As suggested by Zhou et al., I
investigate the diﬀerence in writing style between real and fake news by counting the
frequencies of language features relative to the total number of words in an article.
Features used in this study are deﬁned by and measured using Linguistic Inquiry and Word
Count 2015 (Pennebaker et al., 2015). A detailed description of the language features used
in this study is provided in Pennebaker et al. (2015). Using the Complementary Cumulative
Distribution Function (CCDF) of attribute distributions, I will identify common patterns of
language features across diﬀerent areas of news. Then, I will establish statistical
signiﬁcance to the diﬀerences between the presence of these language features using a
two-sample Kolmogorov-Smirnov goodness-of-ﬁt hypothesis test.
2.2. TERMINOLOGY
Before delving into my experimental design, some terminology should be clariﬁed.
By “language feature” I mean any output variable produced by LIWC2015. This includes
Summary Language Variables, Linguistic Dimensions, Psychological Processes, and Grammar
as they are deﬁned by Pennebaker et al. (2015). When I refer to language features that are
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representative of writing style, I am referring to all of the aforementioned categories
excluding Grammar.
3. RESULTS
The results of my experiment are summarized in Appendix A. The eﬀectiveness of
each lanugage feature in diﬀerent areas of news was determined by the p-value of the
aforementioned Kolmogorov-Smirnov test. A p-value of 0.05 or less was considered strongly
signiﬁcant and a p-value of 0.1 or less was considered signiﬁcant. My ﬁndings indicate that
i) some language features may be eﬀective in distinguishing real from fake news and ii)
the eﬀectiveness of these language features varies by news area. In addition to language
features that relate to writing style, I also found that the frequency of punctuation may be
an eﬀective indicator.
4. DISCUSSION
Our ﬁndings indicate that while the polarity (positive vs. negative) of an indicator
tends to remain constant across multiple areas of news, it’s strength varies. To illustrate,
while the percentage of regular verbs in an article seems to be a strong indicator for news
in general, it is a better indicator in sports and politics than it is in business news.
Additionally, the frequencies of regular verbs in real education and entertainment news
were not found to be signiﬁcantly diﬀerent than their fake counterparts. Noteably, I found
that i) of the language features which were strong indicators fake news tends to have a
higher frequency of these features than real news and ii) real news tends to have a higher
frequency of punctuation and numbers.

CCDF of the frequency of function words across all
news types

CCDF of the frequency of auxillary verbs across all
news types
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CCDF of the frequency of punctionation across all
news types

CCDF of the frequency of numbers across all news
types

Two such language features which were identiﬁed as being strong indicators that
an article is fake were the frequency of function words and the frequency of auxillary
verbs. The ﬁgures above plot the probability that the frequency of a feature was at least a
certain percentage. For example, for the frequency of function word plots, the probablity
that a real news article was composed of at least 40% function words was less than 50%.
However, the probability that a fake news article had at least 40% function words was
greater than 50%.

CCDF of the frequency of dashes across all news types

The most eﬀective indicator of fake news across all areas of news was not a
language feature relating to writing style. Rather, it was the frequency of dashes. The
frequencies of other types of punctuation were also found to be eﬀective indicators as
well. The ﬁndings that I have noted here are consistent with that of Zhou & Jain et al.
(2019) Matsumoto & Hwang (2015) and several other studies in a survey by Zhou &
Zafarani (2018). This suggests that content-based detection systems may be improved by
considering the quantity of punctuation in addition to traditional content features.
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Additionally, it may be that the use of punctuation, regardless of quantity, is an eﬀective
indicator of fake news.
While this study only considers ﬁve diﬀerent areas of news, my ﬁndings suggest
that style assessed at the lexical-level varies among types of news. As such, existing
methods for the content-based detection of fake news may be improved by including the
area of news as a feature in machine learning models. It is important to note that this
study only examines style at the lexicon-level. There are several more layers on which style
may be analyzed, including but not limited to: syntax-level, semantic-level, and
discourse-level as suggested by Zhou & Jain et al. (2019). Based on my ﬁndings at the
lexicon-level, I hypothesize that style at higher levels varies across diﬀerent areas of news.

5. CONCLUSION
In this study, I analyze how the presence of certain language features varies
between real and fake news across multiple areas of news. Experimental results on a
real-world dataset suggest that while language features may be positive or negative
indicators of fake news, the eﬀectiveness of these indicators does vary based on the area
of news. Additionally, fake news tends to have a higher presence of language features that
relate to writing style than real news. I acknowledge that eﬀective use of this my ﬁndings
remains an open issue and that I have not provided evidence that a detection method that
considers this information will outperform existing methods. Further research is needed
to explore the role that context plays in the content-based detection of fake news.
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Appendix A
+:

The feature is a positive indicator of fake news

++:

The feature is a strong positive indicator of fake news

-:

The feature is a negative indicator of fake news

--:

The feature is a strong negative indicator of fake news
Empty cells indicate that the feature was not an eﬀective
indicator
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