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Types of Stance Settings

Stance Detection and Mis/Disinformation

Def. (Stance): “A public act by a social

TYPES OF INFORMATION DISORDER actor, achieved dialogically through overt
FALSENESS  INTENT TO HARM communicative means, of simultaneously
evaluating objects, positioning subjects (self , \_ | |
and others), and aligning with other sub- , e | E\ ; _ Topic &
. . . . . Social . ) ,
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Misinformation Disinformation Malinformation fth . /t /f /d,, _ > { _ R ’ ‘
sy or the sociocultural field  Du Bois (2007) News () Claim/Statement¥l
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Def. (Stance Detection): “For an input pedia W _ el Headline/Title @
in the form of a piece of text and a tar- Fact =) o ,
. . . Y . Checks Facts/Snippet ﬁ
get pair, stance detection is a classification \ o :
problem where the stance of the author of “ - - Comment/Fost &
the text is sought in the form of a cate- " L e——

Understanding information disorder gory label from this set: Favor, Against, | R e S P et
Wardle (2020) Neither.” Kiiciik and Can (2020)

Summary Stance Detection Datasets for Mis- and Disinformation Detection
What is included: Sources: W Twitter, B News, Wikipedia, @ Reddit. Evidence: (5] Single, 888 Multiple, $ Thread.
e Holistic overview of the
role that different formula- Dataset | Source(s) Target Context  Evidence #lnstances Task
tions .of stance det-ection English Datasets
play in the detection of Rumour Has It Qazvinian (2011) Y Topic Tweet - 10K Rumours
false content PHEME Zubiaga (2016) v Claim Tweet Q45K Rumours
Settings for mis- and Emergent Ferreira and Vlachos (2016) =E Headline Article 222 2.6K Rumours
disinformation identifi- FNC-1 Pomerleau and Rao (2017) =E Headline Article = 75K Fake news
cation to which stance RumourEval 17 Derczynski (2017) Y mplicit weet (2 7.1K Rumours
detection has successfully FEVER Thorne (2018) W Claim Facts - 185K Fact-checking
been applied (datasets Snopes Hanselowski (2019) Snopes  Claim Snippets 3 19.5K Fact-checking
and task formulations) RumourEval '19 Gorrell (2019) v O Implicit Post ¢ 8.5K Rumours
Current  state-of-the-art COVIDLies Hossain (2020) . Claim Tweet = 0.8K Misconceptions
approaches,  systems, TabFact Wenhu et al. (2020) W Statement  WikiTable g5t 118K Fact-checking
and applications Non-English Datasets
Lessons learned and im- Arabic FC Baly et al. (2018) == Claim Document = 3K Fact-checking
portant future trends DAST (Danish) Lillie (2019) & Submission Comment & 3K Rumour
Out of scope: Croatian Bosnjak and Karan (2019) EE Title _C_omment = 0.9K Claim verif!ability
e Surveying stance detection ANS (Arabic) Khouja (2020) == Claim itle = 3.8K Claim verification
holistically, without a spe- Ara(bic)Stance Alhindi (2021) =E Claim Title = 4K Claim verification

cific focus on veracity

e Other closely related NLP
tasks, e.g., sentiment anal-
ySis &% Integration:

We argue for a tighter integration between stance and fact-checking.

Lessons Learned and Future Trends

Stance Detection Formulations = Dataset Size: & Data Mixing:
. . . . . . R/ .
— A major limitation when training models .
i oti veracity — The vast majority of datasets contain onl ~ (an compensate for small dataset sizes
Stance Prediction Prediction JOrtY y — Not trivial, task definitions and label in-
4 ERETN N a few thousand examples . |
Topic 5G Towers can : : , ventories vary (Schiller, 2021; Hardalov, 2021)
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Fact-Checki (exception: Vamvas and Sennrich (2020)) memetic Warfare)
a) as Fact-Checkin - . . . .
(a) 5 — Cultural norms play a crucial role — The wisdom of the crowd in social media

can be an additional information source

& Shades of Truth:

(Rumous 56 Towers can spread covip-19) — Missing notion of stance detection, but |« Modelling the Context:
[, (P vou Live near 5 new 55}_“ : o0 N fact-checking goes beyond true/false — The background of the stance-taker, e.g.,
@) (N0, 56 is not going to] | |, 0°°F || Prediction — Fine-grained labels are common for the re- previous activity, network, interests
i give you COVID... i k lated task of Sentiment Analysis — Characteristics of the target, e.g., funding,
Thread Do | Platform |: : : . ‘ SICIL
‘ SR | features |}.. | [?] ! _ previously known biases, credibility
’ #r g‘:’c‘:vi“j_“t#i;;g;ve N 1 . — SIS 5 = Exp|alnab|||ty: == Label S .
1N edia |i “»{9¢|! - - == Label Semantics:
, . | Profiling || (‘&7 — Crucial step towards adopting fully auto- T o
[ this is an | “‘ g - — With time, the definition of stance and the
| izresponsible | : mated fact-checking abel oo h ved
s thing to say ; i h | : L L abel Inventories have evolve
g let's look at ; — There is a need for holistic and realistic R
* the facts.. J ; - - — The labels can share semantic similarities,
explanations of how a fact-checking model _ _
, o ed at it dict but there can be mismatches in the label
(b) as a Component of a Fact-Checking Pipeline arrived at Its prediction

definitions (Hardalov, 2021; Momchil et al., 2022)




