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Misinformation spreading, especially on social media, is believed to be responsible for vaccine
hesitancy (Kouzy et al., 2020). It is imperative for public health practitioners to know what
misinformation is spreading as well as who is adopting or rejecting it, such that interventions can be
tailored appropriately. Public health messaging approaches could not only inoculate against
misinformation, but also effectively reach social media users with promise to shift or bolster vaccine
attitudes.
JCurrent language resources (e.g. PHEME, Twitter 15, Twitter 16) do not cover vaccine
misinformation. We were inspired by COVIDLies (Hossain et al 2020), which annotated tweets
evoking 86 known misconceptions about COVID-19, and created VACCINELIies, an annotated
dataset addressing misinformation about:

> The Covid-19 vaccines

> The Vaccines against Human Papillomavirus (HPV)
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VACCINELies consists of:
<]1> Misinformation Targets (MisTs) , addressing misinformation
<]2> the tweet IDs for those tweets that were judged as evoking VT " . 9
. 0 . . IS1S L z 3
any of the MisTs available in VACCINELies; Bvoke 7.152 0230 | 9382
<13 annotation of the stance of each tweet author that evoked Accept 3.720 1,365 | 5,085
a MisT, indicating if they Accept the Mist; Reject it, or they have Reject 2,194 617 | 2811
: anc ,2: X 486
no stance towards it. No Stance 1.238 48 1.486
. , , , Tweets 12.118 2524 | 14.642
<]4> a taxonomy of the MisTs, which enables the interpretation
of the themes and concerns characterizing the vaccine
misinformation available in VACCINELies.
VACCINELies can be considered as consisting of two datasets:
\COVAXLies and HPVAXLies / K
@) ® O
O
Creatine VAGCCINELIies : 1LeaunsSiEeT JLEa e
/<]5TEP 1> Discovering ' N Misinformation Target -
.« . . — - q ~electio Training Data
MISIﬂfOrm athn Ta rgEtS :> U:::::::::th ;E L . f ! \ Testing Data
. o | e [ | - , Misinformation Detection Model )
(MISTS) bt I?E = +E ) Public Health Vaccine-specific CoVaxLies ! !
. Duplicate or Non- Expert MisTs — )| Classical Learnin > oVaxLies
<|STEP 2> Generating a vaccine MisT reets g V) misT ’ e
o ) . . ) Misinformation Target \ — Zero-Shot Learning > j‘f:l_l_ - MisT-
Ta xonomy of et ridence. | Question . - Inference g HPVLies — | Tweets W j o
. .. . Genexal Questions |- T Relevance | _T - . IE \ Pre-Train + Fine Tuning
Vaccine Misinformation e o utn | e | -0 g rweets [ IR wisTs pvp—
. . : L~ Generation a._._-_-_—-— ——-_-_-_H of Tweets public Health Va_c-cjne-spe-cf:ﬁc \ S ot Ledrnin
QSTEP 3> Identlfylng ThemE?{luestmns U;u_c;irFSpe_cTﬁc] f Expert MisTs
. . x---:'*iltter IND_EEJ 4 : Stance Identification Model
Tweets evoking MisTs CoVoxLies _ _
. WJ{’I-I_ ) ‘ Classical Learning = s
Using BM25 and a BERT-RERANK system | weers |y~ IR msrs ST . =TI
. . . 7 1 > Tweets = I MisTs
<|STEP 4> Annotating the Stance of tweets evoking each MisT HPVLies P —— == e [y IR
\ / \ Tweets L :j ~ VisTs y Joint Learning
Vaccine misinformation detection results Stance Identification results
TI@@ E@@S@MSS Results of the BERT Vaccine Misinformation
Evocation Detector (BERT-VMED) utilizing Results of the BERT Vaccine Misinformation Stance Identifier
vaccine transfer learning scenarios: (BERT-VMSI) utilizing vaccine transfer learning scenarios:
] ] , Testing Scenario Macro Accept Reject
MisTs 48 21 69 COVAXLIES | Classical 83.4 81.6 85.5 859 81.5 90.8 80.9 81.8 80.1
Evoke 7152 2.23() 9382 Zero-Shot 725 84.1 64.2 79.0 854 735 65.9 829 5438
“ o | Joint 833 828 84.1 852 819 888 | 814 83.6 794
Accept 3,720 1,365 2,083 Pre-Train 83.6 857 815 | 868 887 850 | 803 827 78.1
Reject 2,194 017 2,811 HpVAXLIES | Classical 79.6 799 79.4 83.1 822 84.0 76.2 777 748
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No Stance 1,238 2438 1,486 Zero-Shot | 746 718 79.7 792 684 939 | 700 753 654
Tweets 12,118 2524 | 14.642 Joint 80.5 80.5 80.6 859 83.8 882 75.0 772 729
Pre-Train 840 851 832 | 881 864 897 | 80.0 837 766




