
What is it? The deliberate spread of 
false information, satire, outdated or 
revived content, hoaxes, clickbait, 
propaganda, & disinformation 

Why is it a problem? To date, real 
vs. fake differentiation relies on human 
moderation or social media integration.

How do we help? We develop an 
automated fake news classifier that 
relies only on linguistic features.

Research Question: What linguistic 
cues can be used to differentiate real 
news from fake news/propaganda?
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Ø Identify which linguistic cues serve as the 
best predictors for social media engagement 
with a piece of news
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LIWC 2015 Differences
(Examples)

t-SNE of Top 70 LIWC Singular Values 
(Headlines)

t-SNE of Top 70 LIWC Singular Values 
(Articles)

Ø While there are statistically significant 
differences between real and fake news 
headlines, they do not give us the full story.

Ø Article texts are better for differentiating 
between real and fake news.

Ø Linguistic channels alone carry a strong signal 
that can be used to predict the credibility of 
online content.

Ø Article based classifier exhibited up to 86% 
accuracy on validation sets, AUROC = 0.93

Text Corpora
11, 568 Fake news headlines

11,568 Fake news articles
10,998 Real news headlines

6,081 Real news articles

Table 2. T-tests comparing fake and real article language
LIWC 2015 Variable p d
focuspast ≈ 0 -0.75
focuspresent ≈ 0 0.64
Analytic 1.98E-159 -0.43
you 1.09E-119 0.37
we 2.14E-112 0.36
they 2.09E-16 0.13

Accuracy and Loss Per Training Epoch (Articles)

Accuracy and Loss Per Training Epoch (Headlines)

Table 1. T-tests comparing fake and real headline language
LIWC 2015 Variable p d
WC ≈ 0 0.52
Quote 1.36E-128 0.32
Exclam 5.78E-51 0.2
certain 1.72E-43 0.18
Analytic 7.43E-27 -0.14
swear 2.34E-17 0.11

Receiver Operating Characteristic
(Articles)

Receiver Operating Characteristic
(Headlines)

Ø Deep neural network model

Ø Input is 93 raw dimensions of LIWC 
2015 output for a given article

Ø Weight update equations penalized 
using L2 regularization to prevent 
overfitting

Ø Output interpretable as classifier 
certaintyCohen’s d calculated 

using :

Ø Experimental approach examining and 
classifying EEG data of subjects reading fake 
vs. real news

How do articles and headlines cluster in linguistic space?
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Table 3. F-tests for headline features predicting shares (fake)
LIWC 2015 Variable F p
tentat 147.75 1.09E-33
differ 137.76 1.52E-31
OtherP 90.44 2.50E-21
conj 52.76 4.13E-13
Table 4. F-tests for headline features predicting shares (real)
LIWC 2015 Variable F p
WC 76.21 2.91E-18
WPS 51.50 7.60E-13
female 32.15 1.46E-08
social 27.10 1.97E-07


