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FAKE NEWS Intentionally False

Deliberate injection of misinformation and spread via traditional news or online social media

Fake news is in every domain of news including politics, health, science, business
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‘INFODEMIC’ a new term coined by WHO

‘INFODEMIOLOGY’ is defined as the science behind managing infodemics

‘Fake news threatens our democracy. Fake medical news threatens our lives’ - NYTimes

2020



HEALTH FAKE NEWS (HFN) & EMOTION

 Health fake news originates in online websites

 The core point of the news is conveyed through long, nuanced textual narratives

 Abundance of anecdotes, conceivably to appeal to the readers’ own experiences or
self-conscious emotions

 Scientific claims or content exaggerated or distilled either knowingly or maliciously
(to attract eyeballs)

 Empathic Media – the use of personally and emotionally targeted news produced
by journalism
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RELATED WORKS - FAKE NEWS DETECTION

Major research efforts has focused on political domain within microblogging
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RELATED WORKS - FAKE NEWS & EMOTIONS

 [Bhutani et al., 2019]: Make use of sentiment scores.

 [Guo et al., 2019]: Works within microblogging platforms and extensively exploit
the usage of publisher emotions and social emotions.

 [Paschen et al., 2019]: Reports significantly more negative emotions in the titles of
the fake news
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EXAMPLE: HFN HEADLINE AND EXCERPT
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EMPIRICAL SETTINGS
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 Our focus: Exploit the differences in emotional content of the fake and real news through

word-addition-based text transformations.

 The identification of the nature of differences is outside the scope of the current study



EMOTIONIZING TEXT - METHODOLOGY
Inputs:

 News document: 𝐷
 Emotion lexicon: 𝐿 (NRC Intensity Emotion Lexicon [Saif M Mohammad, 2017])

o 3-tuples, [𝑤, 𝑒, 𝑠]

o 𝑤: word

o 𝑒: emotion

o 𝑠 ∈ [0, 1] : intensity quantified

Example: [death, sadness, 0.915], [death, fear, 0.843] & [death, anger, 0.574]

 Threshold: 𝜏

Output:

 Emotionized document 𝐷′
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EMOTIONIZING TEXT - METHODOLOGY
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Wi-Fi A Silent Killer 

That Kills Us Slowly

𝜏 = 0.8

Wi-Fi ∉ L Wi-Fi



EMOTIONIZING TEXT - METHODOLOGY
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Wi-Fi A Silent Killer 

That Kills Us Slowly

𝜏 = 0.8

A ∉ L Wi-Fi A



EMOTIONIZING TEXT - METHODOLOGY
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Wi-Fi A Silent Killer 

That Kills Us Slowly

𝜏 = 0.8

Silent ∉ L Wi-Fi A Silent



EMOTIONIZING TEXT - METHODOLOGY
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Wi-Fi A Silent Killer
That Kills Us Slowly

𝜏 = 0.8

Killer ∈ L Wi-Fi A Silent

[ killer, fear, 0.962]



EMOTIONIZING TEXT - METHODOLOGY
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Wi-Fi A Silent Killer
That Kills Us Slowly

𝜏 = 0.8

Killer ∈ L Wi-Fi A Silent Killer fear

[ killer, fear, 0.962]



EMOTIONIZING TEXT - METHODOLOGY
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Wi-Fi A Silent Killer 

That Kills Us Slowly

𝜏 = 0.8

That ∉ L Wi-Fi A Silent Killer fear 

That



EMOTIONIZING TEXT - METHODOLOGY
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Wi-Fi A Silent Killer 

That Kills Us Slowly

𝜏 = 0.8

Kills ∈ L Wi-Fi A Silent Killer fear 

That

[ Kills, fear, 0.962]



EMOTIONIZING TEXT - METHODOLOGY
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Wi-Fi A Silent Killer 

That Kills Us Slowly

𝜏 = 0.8

Kills ∈ L Wi-Fi A Silent Killer fear 

That Kills fear 

[ Kills, fear, 0.962]



EMOTIONIZING TEXT - METHODOLOGY
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Wi-Fi A Silent Killer 

That Kills Us Slowly

𝜏 = 0.8

Us ∉ L Wi-Fi A Silent Killer fear 

That Kills fear Us



EMOTIONIZING TEXT - METHODOLOGY
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Wi-Fi A Silent Killer 

That Kills Us Slowly

𝜏 = 0.8

Slowly ∉ L Wi-Fi A Silent Killer fear 

That Kills fear Us Slowly



EMOTIONIZING TEXT - METHODOLOGY
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Emotionized Health Fake News Excerpt (added emotion labels in bold)



EMPIRICAL STUDY - DATASET

We curated a new dataset HWB, of fake and legitimate news articles within the topic
of health and well being

- 500 Real news - CNN, NYTimes, New Indian Express, etc.

- 500 Fake news - BeforeItsNews, Nephef, MadWorldNews, etc.
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https://dcs.uoc.ac.in/cida/resources/hwb.html



EMPIRICAL STUDY - SUPERVISED SETTING
Conventional Classifiers:

 Naive Bayes (NB)

 k-Nearest Neighbour (KNN)

 Support Vector Machine (SVM)

 Random Forests (RF)

 Decision Tree (DT)

 AdaBoost (AB)

Neural Networks:

 Long Short Term Memory (LSTM)

 Convolutional neural network (CNN) [Yoon Kim, 2014]
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EMPIRICAL STUDY - SUPERVISED SETTING
Input Data:

 𝐷 = {. . . , 𝐷, . . . }: corpus of all news articles

 𝐷′ = . . . , 𝐷′, . . . : corresponding emotionized corpus

 DBOW doc2vec used to build vectors over two corpus of vectors, 𝑉 and 𝑉′

 𝑑 =  
dimensionality of the document vector, for the conventional classifiers

dimensionality of the word vectors, for the CNN and LSTM classifiers

Actual Labels:

 Each document is labeled as either fake or not (0/1)

Evaluation Measure:

 Accuracy: 𝐴𝑐𝑐(𝐷) & 𝐴𝑐𝑐(𝐷′)
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SUPERVISED SETTING - RESULTS
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EMPIRICAL STUDY - UNSUPERVISED SETTING

Clustering methods: K-Means & DBSCAN

K-Means: Top-down approach

 𝑘 = Desired number of output clusters

DBSCAN: bottom-up approach

 𝑚𝑠 = Minimum samples to form a cluster

Evaluation Measure: Clustering Purity: 𝑃𝑢𝑟(𝐷) & 𝑃𝑢𝑟(𝐷′)
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UNSUPERVISED SETTING – RESULTS
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K-Means
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DBSCAN

UNSUPERVISED SETTING – RESULTS



EMOTIONIZATION & COVID-19 FAKE NEWS
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An example of Emotionized COVID-19 Fake News 

(added emotion labels in bold)



FUTURE WORK

 Emotion-aware end-to-end methods by blending the emotion cues with collective
behavior heuristics [Gangireddy et al., 2020]

Considering the use of lexicons learned from data itself [Bandhakavi et al., 2014]

 Exploring the usage of the affective content of responses to social media posts
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SUMMARY

 Considered the utility of the affective character for the task of HFN detection

 Procured a new dataset HWB for the task

 Proposed a simple method to emotionize text using external emotion intensity lexicons

 Empirically evaluated the representations and noteworthy gains were observed

 Firmly establishes the utility of emotion information in improving HFN detection
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