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Abstract

This paper introduces a multilingual dataset of
COVID-19 vaccine misinformation, consisting
of annotated tweets from three middle-income
countries: Brazil, Indonesia, and Nigeria. The
expertly curated dataset includes annotations
for 5,952 tweets, assessing their relevance to
COVID-19 vaccines, presence of misinforma-
tion, and the themes of the misinformation.
To address challenges posed by domain speci-
ficity, the low-resource setting, and data im-
balance, we adopt two approaches for devel-
oping COVID-19 vaccine misinformation de-
tection models: domain-specific pre-training
and text augmentation using a large language
model. Our best misinformation detection mod-
els demonstrate improvements ranging from 2.7
to 15.9 percentage points in macro F1-score
compared to the baseline models. Additionally,
we apply our misinformation detection models
in a large-scale study of 19 million unlabeled
tweets from the three countries between 2020
and 2022, showcasing the practical application
of our dataset and models for detecting and
analyzing vaccine misinformation in multiple
countries and languages. Our analysis indicates
that percentage changes in the number of new
COVID-19 cases are positively associated with
COVID-19 vaccine misinformation rates in a
staggered manner for Brazil and Indonesia, and
there are significant positive associations be-
tween the misinformation rates across the three
countries.

1 Introduction

Affluent countries have enjoyed ample supply of
COVID-19 vaccines but distribution to low- and
middle-income countries were slow. The void cre-
ated by a slow vaccine roll out may create a space
for misinformation to further flourish. Misinforma-
tion on social media is already documented to con-
tribute to vaccine hesitancy in developed countries
(Puri et al., 2020), but comparatively few studies
have focused beyond high income settings (Hagg

et al., 2018). Given that middle income countries
(MIC) make up 75% of the world’s population and
62% of the world’s poor (World Bank, 2022), study-
ing vaccine misinformation in MIC is important
to preparing for future pandemics especially be-
cause global uptake to vaccines is needed to end
pandemics (Asundi et al., 2021). Importantly, the
impact of misinformation on vaccine hesitancy ex-
tends beyond COVID-19 in that there has been a
precipitous decline in childhood vaccination rates
in MIC (Guglielmi, 2022). The residual effects
of vaccine misinformation on vaccine hesitancy
presents a global health problem for containing
infectious diseases.

In this study, we focus on three middle-income
countries: Brazil, Indonesia, and Nigeria, which
have the majority of their population using social
media (Schumacher and Kent, 2020) and where
vaccine confidence has eroded in recent years
(De Figueiredo et al., 2020). In addition, each
of these three countries are population hubs from
three distinct regions in the world. While the ma-
jority of the population in these countries use so-
cial media (Guglielmi, 2022), social media usage
is still projected to grow in these MIC countries
whereas usage has plateaued in high-income coun-
tries (Poushter et al., 2018). This presents a unique
opportunity to study the impact of social media on
vaccine misinformation in MIC.

The development of an automated system that
can detect vaccine misinformation will allow for
epidemic surveillance in three heavily populated
countries in distinct parts of the world. This will
allow government agencies, health agencies, and
researchers to monitor misinformation and coordi-
nate intervention strategies to deter emerging infec-
tious diseases. In addition, the automatic system for
misinformation detection allows for identification
of shared misinformation themes across three dis-
tinct countries/regions, which would enable health
organizations to tailor health messages.
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In this work, we make two main contributions.
Firstly, we have curated a new multilingual dataset
of COVID-19 vaccine misinformation from MIC,
where social media misinformation is understud-
ied. This dataset1 is the first of its kind in several
aspects: it is geolocated, in multiple languages,
carefully curated, covers a wide time range from
2020 to 2022, and includes not only domain-expert
annotations of misinformation, but also the iden-
tified themes based on a previous study of glob-
ally circulating COVID-19 vaccine information on
online platforms (Islam et al., 2021). Secondly,
utilizing this dataset, we have trained models that
effectively detect misinformation and its associated
themes, outperforming competitive baselines, in-
cluding GPT-3 models. We apply our best models
in a large scale study to analyze the trend of mis-
information in the three MIC between 2020 and
2022. Our analysis yields interesting findings re-
garding the relationship between COVID-19 cases,
vaccine misinformation rates, and variations across
the three countries.

2 Related Works

While there have been studies on vaccine misin-
formation, no prior study has examined misinfor-
mation across countries or studied shared misin-
formation themes across MIC. Studies on vaccine
misinformation utilizing Twitter data tend to be
country-specific, predominantly focused on the
United States (Pierri et al., 2022), restricted to the
English language only (Featherstone et al., 2020),
or lack specified geolocations (Argyris et al., 2022).
Moreover, these studies are conducted during lim-
ited periods in 2021 (Pierri et al., 2022; Argyris
et al., 2022), or in 2020 (Featherstone et al., 2020).
Similarly, most previous works introducing new
datasets related to COVID-19 misinformation pri-
marily focus on English content from specific target
locations (Hayawi et al., 2022; Muric et al., 2021;
DeVerna et al., 2021; Weinzierl and Harabagiu,
2022b, 2021, 2022a; Hong et al., 2023), while
Mubarak et al. (2022) released an Arabic tweet
dataset covering countries in the Arab region.

Studies on vaccine misinformation are impor-
tant as misinformation exposure contributes to in-
creased vaccine hesitancy and reduced behavioral
intention to get vaccinated (Lee et al., 2022; Dubé

1The dataset and annotation codebook, which contains the
operational definitions and examples of annotation variables
including the misinformation themes, are available at https:
//github.com/zzoliman/covid-vaccine-misinfo-MIC

et al., 2013). Media plays a prominent role in
spreading misinformation. For instance, a longi-
tudinal study on mother’s attitudes towards MMR
vaccines reveals a link between media-published
misinformation, their perception of vaccine safety,
and vaccination rates among children in the United
Kingdom (Smith et al., 2007). Similarly, negative
press in local media in the UK was associated with
a decline in MMR vaccinations (Mason and Don-
nelly, 2000). The impact of misinformation on
vaccination coverage is not limited to Europe; it
is observed globally. A well-documented case is
polio in Central and West Africa, where in the late
1990s and early 2000s misinformation about the po-
lio vaccine spread within Muslim communities in
Northern Nigeria, Benin, Burkina Faso, Cameroon,
Central African Republic, and other neighboring
countries (Jegede, 2007), leading to leaders refus-
ing vaccination and subsequent outbreaks of the
disease (WHO, 2006).

3 Dataset

We collect all publicly available Twitter posts in
Brazil, Indonesia, and Nigeria that contain vaccine-
related terms from January 2020 to December 2022
(N = 18,809,231). We use the hydration process
(Arafat et al., 2021) where we use Brandwatch API
to scrape IDs of tweets that contained predefined
vaccine-related terms, then apply Twitter API to
retrieve tweet contents.

Brandwatch enables us to scrape tweets specific
to geolocations associated with the three focal coun-
tries. There are no language exclusions. In addition,
we include "shot" as a search term because it is of-
ten used to describe vaccine, but we set limits to
reduce data noise, particularly from references to
parties and alcohol that are synonymous with the
term "shot". Our complete list of search query is
listed in Appendix A.1. In addition, we include
country-specific terms including "vacina," "inje-
cao," and "Zé Gotinha" for Brazil; and "vaksin" and
"suntik" for Indonesia per the Oxford Languages
Word for Vax (Oxford Languages, 2021).

For data annotation, we employ Quantitative
Content Analysis (QCA) in communication re-
search (Krippendorff, 2018) where a representa-
tive sample of the data is drawn and on which two
or more trained coders (i.e., annotators) apply a
codebook protocol that contains all the variables
for annotation and their definitions. Similar to (Liu
et al., 2019; Guo et al., 2021), prior to coding the
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Q yes (%) no (%) uncertain (%) total
Q1 3,666 (61.6) 2,286 (38.4) - 5,952
Q2 655 (17.9) 3,011 (82.1) - 3,666
Q3 1,119 (37.2) 1,596 (53.0) 296 (9.8) 3,011
Q4a 186 (16.6) 933 (83.4) - 1,119
Q4b 539 (48.2) 580 (51.8) - 1,119
Q4c 26 (2.3) 1,093 (97.7) - 1,119
Q4d 412 (36.8) 707 (63.2) - 1,119
Q4e 106 (9.5) 1,013 (90.5) - 1,119
Q4f 93 (8.3) 1,026 (91.7) - 1,119
Q4g 272 (24.3) 847 (75.7) - 1,119
Q4h 29 (2.6) 1,090 (97.4) - 1,119

Table 1: The statistics of annotated tweets for each ques-
tion. Q1: relevance to vaccine; Q2: mentions of specific
non-COVID vaccine; Q3: presence of misinformation;
and misinformation themes: Q4a: vaccine development,
availability, or access; Q4b: safety, efficacy, or accep-
tance; Q4c: infertility; Q4d: political/economic mo-
tives; Q4e: mandatory vaccine and ethics; Q4f: vaccine
reagents; Q4g: vaccine morbidity or mortality; and Q4h:
vaccine alternatives.

entire sample independently, coders are trained on
the codebook and their agreement on how to apply
the codes is measured with inter-coder-reliability
(ICR), where high values imply that the coders con-
sistently annotate the data and signal the high valid-
ity of the annotations. Once they reach an accept-
able ICR, coders code the rest of the sample inde-
pendently. We use GWET’s ICR measures (Gwet,
2008) where agreements are considered substan-
tial (between 0.61–0.8) or near-perfect (between
0.81–0.99) (Landis and Koch, 1977).

To apply QCA, we randomly sample 5,500
tweets, stratified by the distribution of tweets col-
lected in each of the three focal countries. Two
communication graduate students are trained as
coders to examine the tweets for: (Q1) rele-
vance to vaccine (yes/no), (Q2) mentions of spe-
cific non-COVID vaccine (such as the MMR vac-
cine) (yes/no), (Q3) presence of misinformation
(yes/no/uncertain). Content deemed to be misin-
formation is labeled further for its themes based
on a pre-identified list of COVID-19 vaccine mis-
information themes (Islam et al., 2021), which in-
cluded misinformation pertinent to (Q4a) vaccine
development, availability or access; (Q4b) safety,
efficacy, or acceptance; (Q4c) infertility; (Q4d) po-
litical/economic motives; (Q4e) mandatory vaccine
and ethics; (Q4f) vaccine reagents; (Q4g) vaccine
morbidity or mortality; (Q4h) vaccine alternatives.

To assess inter-coder reliability, 550 posts are
randomly selected from the data (N=5,500) and
both trained coders independently code the selected
posts. The mean reliability for the variables in our
study is .88, with the following scores: (Q1) rel-

evance (0.98); (Q2) non-COVID vaccine (0.97);
(Q3) misinformation (0.72). For misinformation
themes: (Q4a) vaccine development, availability,
or access (0.88); (Q4b) safety, efficacy or accep-
tance (0.88); (Q4c) infertility (0.89); (Q4d) po-
litical/economic motives (0.87); (Q4e) mandatory
vaccine and ethics (0.88); (Q4f) vaccine reagents
(0.87); (Q4g) vaccine morbidity or mortality (0.88);
and (Q4h) vaccine alternatives (0.89). Upon deter-
mination that human coding is reliable, the trained
coders independently code the remaining posts. Fi-
nally, tweets annotated with "uncertain" for misin-
formation are reviewed by our expert public health
panel who make the final determination.

To balance the data for misinformation, we iden-
tify more tweets that contain misinformation, re-
sulting in the final annotated dataset of N=5,952.
Table 1 shows the statistics of the annotated dataset.

4 COVID-19 Vaccine Misinformation
Models

In this section, we describe how we develop our
COVID-19 vaccine misinformation models and
present the experiment results.

4.1 Classification Models
To conduct a study on the large-scale tweets we
collected using our vaccine-related query terms
(§3), we first train a vaccine relevance model to
distinguish tweets that are truly relevant to vac-
cines from the dataset. This model is trained using
the annotations for Q1 (Table 1). Next, we train
a COVID-19 vaccine relevance model to identify
among vaccine-relevant tweets, tweets that are spe-
cific to COVID-19 vaccines. This model is trained
using the annotations for Q22. Then, we train a
model to detect tweets containing COVID-19 vac-
cine misinformation. Training for this model was
based on annotations for Q3. Tweets that were
annotated to contain misinformation (Q3) were fur-
ther annotated for whether they are related to a
specific theme (Q4a to Q4h). We develop 8 binary
classification models to identify themes of misin-
formation using the corresponding annotations.

4.2 Tweets Preprocessing
The labeled dataset was preprocessed before being
used to train the models. All mentions of username

2The assumption made was that tweets that do not mention
a specific non-COVID vaccine are COVID-19 vaccine-related
tweets. This assumption takes into account that the tweets
were collected during the COVID-19 pandemic.
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were replaced with "@user" and all URLs were
replaced with "http".

4.3 Pre-trained Model and Domain-specific
Pre-training

In our experiment, we use XLM-RoBERTa (Con-
neau et al., 2020, XLM-R), which is a Transformer-
based multilingual language model pre-trained on
large multilingual corpus, as our base encoder for
all our classification models. This model is chosen
since our dataset contains tweets written from vari-
ous languages including English, Portuguese, and
Indonesian. English is the official and most widely
spoken language in Nigeria and is also widely used
in Brazil and Indonesia. Portuguese and Indone-
sian are the official and national language of Brazil
and Indonesia, respectively.

Given that our experiment focuses on domain-
specific data, specifically texts from tweets that are
related to COVID-19 vaccine, we recognize the
importance of using a pre-trained model optimized
for this type of data. Therefore, we further pre-train
the XLM-R3 on the entirety of tweets we collect
using our vaccine-related query terms and use it as
another base encoder for our experiments. We refer
to classification models that are fine-tuned on this
encoder as XLM-R+. By pre-training the model
on the domain-specific dataset, we aim to improve
its performance and ability to accurately classify
COVID-19 vaccine-related tweets. This approach
has been shown to be effective in improving the
performance of natural language processing models
on domain-specific texts (Gururangan et al., 2020).

4.4 Text Augmentation

To alleviate the issue of imbalanced dataset when
training models for classifying misinformation
(Q3) and themes (Q4a to Q4h), we leverage GPT-
34 (Brown et al., 2020), a large language model,
to augment the training data for each model. In
particular, given the limited availability of labeled
positive examples, i.e., tweets containing misinfor-
mation and tweets associated with specific themes
of misinformation (Table 1), we employ an augmen-
tation technique to amplify the positive examples.
Drawing inspiration from the work of Sahu et al.
(2022), we employ a straightforward prompt-based
approach to generate additional data. As illustrated

3The model is initialized with the weights of xlm-roberta-
base from HuggingFace

4We use GPT-3 text-davinci-003 with a temperature of 0.5
to generate tokens.

in Figure 1, we prompt GPT-3 with a set of 10 ex-
ample tweets belonging to the same category and
append a new example line for GPT-3 to generate
tweet that is aligned with the target category and
the examples provided. For each generation, the
example tweets are randomly selected from posi-
tive examples in the training set. We refer to the
model that is based on XLM-R+ fine-tuned on the
annotated and augmented data as XLM-R+_AUG.

Figure 1: Data augmentation process using GPT-3 with
example input and generated output. Given a category
and 10 example tweets, the prompt is constructed fol-
lowing the template above. The prompt is then fed into
GPT-3 to obtain generated tweet to augment our dataset.

4.5 Evaluation Setting

In order to train and evaluate our model, we employ
5-fold cross validation. For hyperparameter search,
we experiment on the combinations of batch size
{8, 16, 32}, learning rate {1e-5, 2e-5, 3e-5, 4e-5,
5e-5}, and training epochs ranging from 1 to 10.
The final models used in our large-scale study are
trained on the entire annotated data with the best
hyperparameters determined during the cross vali-
dation process. When applying text augmentation
(described in §4.4), we combine the augmented
data from each fold with the annotated data for
training the final models.

We employ the macro F-1 score (averaged over
the 5-folds) as the performance metric to evaluate
our models as the classification accuracy is not a
reliable measure for evaluating model performance
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when the distribution of class labels in the dataset
is highly skewed such as in our dataset (Table 1).

4.6 Experiment Results
Table 2 shows the performances for vaccine rele-
vance (Q1) and COVID-19 vaccine relevance (Q2)
models. Both models achieved high macro F-1
scores (i.e., a score of 97.8 and 92.9 for Q1 and
Q2 respectively, when fine-tuning XLM-R+). Due
to the high performance of the baseline XLM-R
model and the relatively larger size of the dataset
compared to the misinformation-related dataset
(i.e., Q3 and Q4a to Q4h), the performance gain
from domain-specific pre-training (i.e., XLM-R+)
is smaller compared to the misinformation-related
results presented in Table 3.

XLM-R XLM-R+ Gain

Q1 97.0 97.8 0.8

Q2 91.6 92.9 1.3

Table 2: Macro F-1 Score for vaccine relevance (Q1)
and COVID-19 vaccine relevance (Q2) models. Best
performance for each question is in bold.

As shown in Table 3, the models combining
domain-specific pre-training and text augmenta-
tion strategy (i.e., XLM-R+_AUG) significantly
outperform the baseline models (XLM-R), with
the performance gain ranging from 2.7 to 15.9
percent points. In particular, we observe that the
performance gain from text augmentation is more
pronounced when the original annotated data is
extremely imbalanced (i.e., Q4c and Q4h). This
highlights the effectiveness of text augmentation
using large language models to address challenges
posed by imbalanced datasets.

GPT-3 ZS GPT-3 FS XLM-R XLM-R+ XLM-R+_AUG Gain

Q3 57.0 75.5 76.6 81.1 81.2 +4.6

Q4a 45.5 53.1 77.9 80.7 80.6 +2.8

Q4b 34.2 56.8 76.5 79.5 80.2 +3.6

Q4c 49.4 58.1 83.8 84.9 87.7 +3.9

Q4d 48.6 61.1 76.5 78.0 79.2 +2.7

Q4e 55.5 78.2 80.1 84.0 85.0 +4.9

Q4f 47.9 51.1 79.7 82.3 83.8 +4.2

Q4g 43.1 67.8 77.7 80.6 81.8 +4.2

Q4h 49.3 48.4 59.4 65.7 75.4 +15.9

Table 3: Macro F-1 Score for GPT-3 Zero-Shot (GPT-3
ZS) and Few-Shot (GPT-3 FS), XLM-R, XLM-R+, and
XLM-R+_AUG for Q3 and Q4a to Q4h. Best perfor-
mance for each question is in bold.

We also evaluate GPT-3’s zero-shot and few-shot
classification performance on our dataset, averaged
over the same 5-folds (§4.5). In the few-shot set-
ting, we use K (=5) examples of tweets and label

pairs to construct an input prompt. To ensure that
both positive and negative examples are evenly in-
cluded in the input prompt, three (or two) positive
examples and two (or three) negative examples are
randomly chosen from the training set. The exam-
ples and details of the input prompts are described
in Appendix A.2. Table 3 leftmost columns show
the results for GPT-3 zero-shot (GPT-3 ZS) and
few-shot (GPT-3 FS) classification performances.
Our fine-tuned models (XLM-R+_AUG) outper-
form GPT-3 model performance on the dataset.

Total w/ CI Brazil Indonesia Nigeria

Q1 97.85 (± 0.44) 97.26 97.00 98.34
Q2 92.89 (± 0.94) 96.36 92.41 92.99

Q3 81.25 (± 1.88) 72.25 76.99 81.05
Q4a 80.60 (± 2.85) 79.67 68.49 76.27

Q4b 80.16 (± 1.19) 77.54 75.44 82.19
Q4c 87.66 (± 7.73) 96.34 77.77 89.87

Q4d 79.15 (± 3.15) 80.80 74.95 81.84
Q4e 85.04 (± 3.05) 68.89 81.71 89.85
Q4f 83.84 (± 2.47) 69.87 77.85 83.93
Q4g 81.83 (± 3.95) 78.23 76.54 85.66
Q4h 75.36 (± 15.15) 78.79 81.38 77.90

Table 4: Macro F-1 Score of the best-performing model
on the total dataset (with 95% Confidence Interval) and
on each country-specific dataset. For Q1 and Q2, the
best-performing model is XLM-R+, and for the rest is
XLM-R+_AUG. For each Question, the country with
the highest performance is in bold.

As we conduct an extensive analysis of tweets
collected from three middle-income countries (§5),
we also present per-country evaluations, focusing
on the best-performing model for each question:
XLM-R+ for Q1 and Q2, and XLM-R+_AUG for
Q3 and Q4a to Q4h. As shown in Table 4, perfor-
mance varies across countries. Notably, most mod-
els perform best on tweets from Nigeria, followed
by Brazil and Indonesia. Further analysis suggests
that this performance is closely linked to the lan-
guage distribution of tweets within each country.
Specifically, for Nigeria, 99.37% of the tweets were
in English, followed by Brazil at 77.16%, and In-
donesia at 45.59%. The enhanced performance,
correlated with a higher English tweet ratio, can be
attributed to the significant proportion of English
in 1) the corpus used for XLM-R pre-training, 2)
the tweets employed during the further pre-training
of XLM-R+, and 3) the annotated tweets utilized
in fine-tuning the base encoders.
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Brazil Indonesia Nigeria

2020 2021 2022 Country Total 2020 2021 2022 Country Total 2020 2021 2022 Country Total Total

# of Tweets Collected 722,494
(100)

1,407,079
(100)

3,395,071
(100)

5,524,644
(100)

1,574,567
(100)

4,321,465
(100)

1,563,274
(100)

7,459,306
(100)

2,827,268
(100)

1,925,233
(100)

1,072,780
(100)

5,825,281
(100)

18,809,231
(100)

# of Tweets Relevant to
Vaccines

211,081
(29.2)

853,138
(60.6)

2,733,095
(80.5)

3,797,314
(68.7)

674,589
(42.8)

3,103,959
(71.8)

793,079
(50.7)

4,571,627
(61.3)

375,667
(13.3)

758,348
(39.4)

148,089
(13.8)

1,282,104
(22.0)

9,651,045
(51.3)

# of Tweets Relevant to
COVID-19 Vaccine

201,536
(95.5)

837,323
(98.1)

2,580,232
(94.4)

3,619,091
(95.3)

646,823
(95.9)

3,061,968
(98.6)

746,436
(94.1)

4,455,227
(97.5)

333,055
(88.7)

709,080
(93.5)

119,881
(81.0)

1,162,016
(90.6)

9,236,334
(95.7)

# of Tweets Relevant to
COVID-19 Vaccine Misinformation

54,034
(26.8)

210,237
(25.1)

1,040,556
(40.3)

1,304,827
(36.1)

146,668
(22.7)

502,708
(16.4)

217,025
(29.1)

866,401
(19.4)

100,989
(30.3)

169,146
(23.9)

32,683
(27.3)

302,818
(26.1)

2,474,046
(26.8)

Table 5: Summary of prediction results on the total collected tweets.

5 Analysis

For the final models, the best-performing model
for each question, discovered during the cross-
validation process (Table 2 and Table 3), is trained
on the entire labeled data. Final models for Q3
and Q4a to Q4h are trained on the combination of
labeled data and augmented data from all folds (as
described in §4.4 and §4.5).

Subsequently, these final models are applied
step-by-step from Q1 to Q4 to ∼19 million col-
lected tweets. First, we predict whether a tweet is
relevant to vaccines using our vaccine relevance
classification model (Q1) and filter out tweets that
are not relevant to vaccines. Then, we filtered out
tweets that are predicted to mention non-COVID
vaccines (Q2). Next, we use our COVID-19 vac-
cine misinformation classification model (Q3) to
predict whether tweets contain misinformation.
Through these sequential predictions, we extract
COVID-19 vaccine misinformation from the col-
lected tweets, and perform analysis on them.

5.1 Statistics of prediction results
Table 5 shows the summary of prediction results us-
ing our final models. In Nigeria, among the tweets
collected, only 22.0% of tweets were predicted as
relevant to vaccines. Upon further examination, in
October 2020 in particular, we find that most of the
tweets that contain the term "shots" are related to
the EndSARS protest, which was a protest against
the illegal violence by the Special Anti-Robbery
Squad (SARS) that has spread throughout Nige-
ria. This shows that relying solely on the search
query terms to identify vaccine-related tweets has
limitations of including posts that are not actually
relevant to the topic; highlighting the need for ma-
chine learning-based classification system.

Also, compared to the other two countries, Nige-
ria has a relatively lower proportion of COVID-19
vaccine-related tweets: 90.6% of vaccine-related
tweets. Tweets related to non-COVID vaccines
mention vaccines for HIV, Hepatitis B, HPV, Mon-
keypox, etc. This shows that Nigeria faces signifi-
cant public health challenges beyond COVID-19,

with diseases such as HIV and Hepatitis B posing
risks to the public.

5.2 Percentage changes in new COVID-19
cases and COVID-19 vaccine
misinformation

This section aims to examine the impact of daily
percentage changes in new COVID-19 cases on
the daily rate of COVID-19 vaccine misinforma-
tion in Brazil, Indonesia, and Nigeria. Our anal-
ysis entails a causal interpretation of the findings,
contingent upon the fulfillment of standard assump-
tions inherent to a distributed lag model, including
the exogeneity of (contemporaneous and lagged)
daily rates of misinformation. The absence of the
assumptions implies that the outcomes should be
construed merely as indicative of an association.
The model is as follows:

yt = β0+β1xt+β2xt−1+...+β15xt−14+ut (1)

The above model was separately ran for each
country. Subscript t represents date, and yt is
COVID-19 vaccine misinformation rate, defined
as #tweets with vaccine misinformation

#tweets with any vaccine information in date t. xt is de-

fined as 100 ∗ #new cases in date t
#new cases in date t-1 , and ut is an error

term. In addition to considering the immediate
number of newly infected individuals, the histor-
ical number of cases may also contribute to the
propagation of misinformation. Thus, we have in-
corporated lagged percentage changes up to the
15th day (or 14th lag) for each country. The num-
ber of new cases are drawn from WHO COVID-19
data (OWID) .

We exclude the early time periods in which the
total number of COVID-19 cases in each country
had not yet surpassed 1,000. This exclusion is nec-
essary due to the lack of a well-defined percentage
change in new cases during these periods with nu-
merous instances of zero new cases. Furthermore,
for this analysis, we truncate the data after the first
quarter of 2022, as the increasing trends in misin-
formation rates suggest potential structural changes
that undermine the stationarity assumption of the
distributed lag model. However, it is worth noting
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Figure 2: Weekly Time Series of Misinformation Rate and % Change in News Cases

(a) (b) (c)
Figure 3: Dynamic Effect of 1% increase in the Number of New COVID-19 Cases

that the inclusion of these later periods does not
significantly alter the qualitative results, and the
Augmented Dickey-Fuller test confirmed that all
six time series depicted in Figure 2 are stationary at
a 0.01 significance level. Heteroskedasticity- and
autocorrelation-consistent (HAC) standard errors
are used for the inference.

Figure 3a illustrates the dynamic effect in Brazil
with 95% confidence interval for each lag. The
% changes in new cases take more than a week
to affect misinformation rate in Brazil, and the ef-
fect subsides. For the early lags up to 7th lag, we
cannot reject that the regression coefficients are
jointly 0 (p=0.3896). However, the coefficients
for 8th to 14th lags are jointly different from 0
(p-=0.0248). Specifically, the 10th lag has coeffi-
cient of approximately .0001, and it interprets as
1 percent increase in the number of new cases to-
day increases misinformation rate by .0001 after
10 days. The coefficient is statistically significant
but not effectively large in magnitude, considering
that the mean and the standard deviation of misin-
formation rate in Brazil during the sample period
are .2655 and .1101, respectively.

Figure 3b indicates that the % changes in new
cases contributes to misinformation in Indonesia
at a rate faster than Brazil. The magnitude of the
dynamic effect increases until the 2nd lag and sub-
sides to lose statistical significance from the 6th lag.
The effect is much larger in magnitude, even when
we only consider the early lags with statistical sig-
nificance. The model estimates that 1% increase

in the number of new cases today increases mis-
information rate by 0.0029 during the first 6 days.
This is sizable compared to the mean and the stan-
dard deviation of misinformation rate of Indonesia,
which are .1996 and .0936, respectively, where
32% increase in new cases amounting to almost 1
standard deviation increase in the misinformation
rate. The coefficient increases again from the 8th
lag and subsides after 11th lag, but we cannot reject
that the coefficient for 8th to 14th lag are jointly 0
(p=.2951).

Figure 3c shows some coefficients with statisti-
cal significance, but these are small in magnitude
and their signs are alternating. This inconsistent
finding is likely attributed to the Nigerian govern-
ment banning Twitter from 2021-2022 which re-
stricted Nigerians from accessing Twitter. The gov-
ernment ban was due to political and economic
factors and was lifted when Twitter agreed to legal
and financial terms (BBC News, 2022).

(1) (2) (3) (4) (5) (6)
BRA BRA IDN IDN NGA NGA

BRA 0.189∗∗∗ 0.261∗∗∗

(0.045) (0.047)

IDN 0.261∗∗∗ 0.200∗∗

(0.084) (0.083)

NGA 0.288∗∗∗ 0.164∗∗

(0.048) (0.067)

Constant 0.214∗∗∗ 0.194∗∗∗ 0.149∗∗∗ 0.159∗∗∗ 0.174∗∗∗ 0.203∗∗∗

(0.016) (0.013) (0.014) (0.016) (0.012) (0.016)
Observations 703 674 703 674 674 674
Note: BRA, IND, and NGA indicate the misinformation rate of Brazil, Indonesia, and
Nigeria, respectively. Column variables are dependent variables, and row variables are
independent variables. Each column represents a different regression. HAC standard
errors in parentheses. * 0.10 ** 0.05 *** 0.01.

Table 6: Coefficients from OLS Regressions Using
COVID-19 Vaccine Misinformation Ratios
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Figure 4: Trends of COVID-19 Vaccine Misinformation Themes by Country (Counts)

Figure 5: Trends of COVID-19 Vaccine Misinformation Themes by Country (Proportion)

5.3 Association of COVID-19 vaccine
misinformation between countries

We hypothesize a positive association for vaccine
misinformation rates across the three countries. We
employed a simple linear regression model with
HAC standard errors. The same data truncation is
applied as in § 5.2, yielding different number of
observations across specifications in Table 6. The
truncation of the observations that are second quar-
ter of 2022 or later should decrease the coefficients
due to the co-rising trends in the period illustrated
in Figure 2. Nonetheless, misinformation rates are
positively associated at least at the .05 significance
level in the truncated period.

5.4 Qualitative Analysis of Tweets

Figure 4 shows the number of tweets containing
COVID-19 vaccine misinformation on a monthly
basis, along with the monthly COVID-19 con-
firmed cases. The peak months for the number of
tweets containing misinformation vary across coun-
tries and often coincide with different periods of
rapid increase in confirmed COVID-19 cases, sug-
gesting that the prevalence of misinformation may
be correlated with the number of cases. This ob-
servation aligns with previous studies which have
observed how misinformation thrives where people
have little control over their environmental threats,
which include the global pandemic (Nyilasy, 2019);
or how misinformation tends to be more prevalent
in the time of crisis when there is a lack of in-
formation needed to make emergency decisions

(Muhammed T and Mathew, 2022). It is also worth
noting that a qualitative study of COVID-19 mis-
information in Indonesia has observed that misin-
formation were prevalent during the early times of
the pandemic where there was a lot of uncertainty
about the disease and later on during the peak of
the Delta-variant crisis that brought about a lot of
cases and deaths (Sodikin, 2022). Understanding
this phenomenon can potentially inform effective
models for mitigating misinformation.

Figure 5 illustrates the monthly proportion of
each misinformation theme. In all three countries,
the proportion of the vaccine development, avail-
ability, and access theme rises and declines over
time. This can be attributed to the prevalence of
unverified information regarding vaccine develop-
ment, trials, trial participants, and procurement
prior to the introduction of vaccines (Jan - March
2021). Additionally, the safety, efficacy, and accep-
tance theme was the most dominant across all three
countries. This may reflect concerns surrounding
the rapid development of COVID-19 vaccines and
their emergency use authorization.

In addition, we analyze tweets belonging to dif-
ferent themes and examine variations across coun-
tries. The analysis revealed that even within the
same theme, there are cultural and political differ-
ences among countries that contribute to variations
in tweets. This highlights the need for customized
measures tailored to local circumstances to effec-
tively address vaccine misinformation.

Tweets falling under political and economic mo-
tives often mentioned profit-driven pharmaceutical
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companies developing vaccines despite the exis-
tence of potential COVID-19 treatments. Some
tweets also suggested intentional virus spread by
certain countries to enhance their negotiation power.
In Indonesia, there was a significant number of
tweets attributing the source of misinformation to
domestic individuals or regions, indicating a fair
amount of misinformation being produced and dis-
seminated within the country. This has implications
for public agencies, emphasizing the importance of
not only addressing misinformation from external
sources but also engaging with internal sources. On
the other hand, in Nigeria, there were numerous
tweets expressing distrust towards the government
or political elites, suggesting that the government
would misuse vaccines for personal or party-related
purposes. This is contrary to the focus on misin-
formation regarding foreign countries or pharma-
ceutical companies in the other two countries. It
serves as an important example demonstrating how
different content within the misinformation theme
can gain attention due to local political factors.

Furthermore, we discover distinct variations in
the content of tweets belonging to the vaccine
reagents/ingredients misinformation theme across
countries. In Brazil and Nigeria, a considerable
number of tweets discussed the topic of microchips
embedded in vaccines to read people’s minds or
track individuals. In contrast, in Indonesia, there
was a unique trend where tweets mentioned the use
of vaccine ingredients that were religiously pro-
hibited (not halal). Such misinformation reflects
specific anxieties within the Indonesian context,
where halal certification holds great importance for
the Muslim population. It serves as a reminder
that combating vaccine misinformation requires
tailored and culturally sensitive approaches.

6 Conclusion

In this work, we present a multilingual dataset of
tweets from three middle income countries anno-
tated with their relevance to COVID-19 vaccines,
the presence of misinformation, and themes of
misinformation. Our method leveraging domain-
specific pre-training and text augmentation demon-
strate performance improvement for detecting mis-
information and its themes. We also show appli-
cations of our COVID-19 vaccine misinformation
system by conducting extensive analysis on a large
corpus of tweets from 2020 to 2022. Distributed lag
model indicates that % changes in the number of

new COVID-19 cases increase misinformation rate
over time for Brazil and Indonesia. We find pos-
itive association in misinformation rates between
Brazil, Indonesia, and Nigeria. Additionally, our
qualitative content analysis on tweets shows that
vaccine misinformation can be contingent on local
factors. We believe our dataset would allow pub-
lic health communicators and researcher to discern
the types of misinformation that are prevalent in
each country and facilitate targeted communica-
tion strategies that are specifically tailored to local
circumstances.

Limitations

Twitter ban in Nigeria

We acknowledge that there may be inaccuracies in
analysis of data from Nigeria for the period from
2021 to 2022 due to the Twitter ban imposed by the
Nigerian government (§5.2). Therefore, we plan to
collect additional data on countries in the African
region that are geographically, economically, and
culturally similar to Nigeria (e.g., Ghana) in the fu-
ture. This will enable comparative analysis of how
communication on social media regarding misin-
formation differs between Nigeria, where there was
external intervention in Twitter usage, and coun-
tries where such intervention did not occur.

Suboptimal Model

Furthermore, while our models have outperformed
competitive baselines including GPT-3 models and
while we have qualitatively examined a large num-
ber of our model’s predictions in our qualitative
analysis (§ 5.4), we recognize that the model’s per-
formance may still be suboptimal. This is likely be-
cause our current methodology relies solely on the
linguistic and semantic features of tweets. There-
fore, in the future, we plan to benchmark method-
ologies that leverage external knowledge (Hu et al.,
2021) or consider the external context surround-
ing tweets (Sheng et al., 2022), in addition to their
inherent properties, on our data.

Data Alterations for Analysis in §5.2 and §5.3

26 observations are interpolated to generate %
change in new COVID-19 cases variable and to
estimate HAC standard errors. These are 25 ob-
servations with zero new cases (2 from Brazil and
23 from Nigeria) and 1 missing observation (from
Brazil). We used smoothed number of new cases
to replace the zeros, and took an average of neigh-
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boring number of new cases to replace the missing
value. However, we believe that the influence of
this alteration scheme should be marginal at best.
Observations from Nigeria suffers more severely
from the issue of zero new cases after the first quar-
ter of 2022, but these were not used for the analysis.

Causal Interpretation for Analysis §5.2 and §5.3

The coefficients in §5.2 can be interpreted as
(lagged) effects in a causal sense, given that the
standard assumptions for the model are satisfied.
We have made efforts to ensure that some of the
assumptions are satisfied by truncating the analysis
periods and running relevant tests. We do not in-
tend the result in §5.3 to be interpreted as causal,
because existence of confounding factors cannot
be ruled out.
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A Appendix

A.1 Vaccine-Related Query Terms
We used the following search query: "vaccine OR
vaccines OR vaccination OR vaccinate OR vac-
cinated OR jab OR jabs OR vax OR vaxxed OR
anti-vax OR anti-vaxxer OR antivax OR antivaxxer
OR inoculate OR vaxes OR vaxing OR vaxxes OR
vaxxing OR vaxxie OR (shot NOT (party OR par-
ties OR drinking OR drunk OR booze OR vodka
OR tequila OR whisky OR alcohol OR wine OR
beer OR hangover OR wasted OR hungover OR
cocktail))OR (shots NOT (party OR parties OR
drinking OR drunk OR booze OR vodka OR tequila
OR whisky OR alcohol OR wine OR beer OR
hangover OR wasted OR hungover OR cocktail))"
We also included country-specific terms including
"vacina," "injecao," and "Zé Gotinha" for Brazil;
and "vaksin" and "suntik" for Indonesia per the Ox-
ford Languages Word for Vax (Oxford Languages,
2021).

A.2 Input Prompts for GPT-3 zero-shot and
few-shot classification

Figure 6 and Figure 7 show the examples of the
input prompts for detecting misinformation and
themes of misinformation, respectively. For brevity,
the few-shot examples and the corresponding labels
are replaced with placeholders.

Figure 6: Input prompts for misinformation classifica-
tion

Figure 7: Input prompts for classifying themes of misin-
formation
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