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Abstract

Toxicity is rampant on social media platforms. In this study,
we use COVID-19 datasets discussing the use of face masks,
vaccines, 5G, and Bill Gates conspiracy theories to examine
the contagiousness of tweets with hateful or toxic content.
While the majority of people believe that face masks or vac-
cines are effective in fighting against COVID-19, a smaller
minority do not. Another major issue during the pandemic
was the conspiracies surrounding 5G technology and Bill
Gates. Studies indicate that the worries surrounding mobile
technology have fueled certain conspiracy theories linking
5G and Bill Gates with the COVID-19 virus. Using these po-
larizing datasets, we measure the type and intensity of hate
speech in each dataset. Then we propose a definition for a
toxicity contagiousness score to study the propagation of tox-
icity in each dataset. Our study revealed that in the 5G dataset,
low toxic content has a positive correlation with the conta-
giousness score. Highly toxic content in the Bill Gates and
pro-mask datasets also showed a positive correlation. How-
ever, in the anti-community dataset, such as anti-mask and
anti-vaccine, highly toxic content had a negative correlation
with the contagiousness score. These findings shed light on
how different types of content and contexts can influence the
spread of toxicity in online communities.

Introduction
Social media platforms have transformed the way people

interact and share information with each other. However, the
use of these platforms has led to the proliferation of toxic
behaviors, which poses significant challenges for both users
and social media companies. The toxic content on social me-
dia focuses on “threats, obscenity, insults, and identity-based
hate” and also be included harassment and socially disrup-
tive persuasion, such as misinformation, radicalization, and
gender-based violence. (1) Toxicity stifles communication
and connection and makes it difficult for people to con-
nect with each other. This problem has been amplified by
the COVID-19 pandemic, which has sparked heated debates
and controversies regarding face masks and the COVID vac-
cine. Moreover, there were a large number of conspiracy
theories regarding 5G and Bill Gates spread on the inter-
net. These theories encompass a wide range of claims, from
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the assertion that 5G weakens people’s immune systems to
the notion that 5G technology can alter people’s DNA, mak-
ing them more vulnerable to catching COVID-19. However,
the widespread occurrence of toxic behavior related to 5G
technology and Bill Gates on these platforms has become a
significant problem for both users and communities. It is es-
sential to identify toxicity and its spread in social media, as
the presence of toxicity hinders users’ ability to interact and
freely express themselves and negatively affects the overall
well-being of the online community. To address this issue,
researchers have analyzed tweets to evaluate the extent of
the toxicity and its propagation during the COVID-19 pan-
demic. This study focuses on topics such as mask, vaccine,
5G, and Bill Gates. More about keywords will be mentioned
in the data collection section.

Our results indicate that in the 5G dataset, we found a pos-
itive correlation between the contagiousness score and aver-
age toxicity for low toxic content. This means that low-toxic
content is more likely to be contagious and widely shared
in this context. In contrast, the Bill Gates dataset shows
highly toxic content is widely shared and has a strong con-
tagiousness score. Similarly, the pro-mask dataset suggests
that highly toxic content in that community is also widely
shared and has a positive correlation with the contagious-
ness score. However, In the anti-community against masks
and vaccines, highly toxic content is less contagious and has
a negative correlation with contagiousness score, possibly
due to differing opinions and beliefs. Next, we discuss the
relevant literature.

Literature Review
Toxicity in Social Media: In several former studies, var-

ious Machine learning approaches have been used to de-
tect toxicity in social media. Fan et al. (3) propose a model
for detecting toxicity and classification in Twitter using
the Bidirectional Encoder Representations from Transform-
ers (BERT). Obadimu et al., (4) to assign a toxicity score
for comments on YouTube, used Google’s Perspective API.
Then, by applying Latent Dirichlet Allocation (LDA), they
found the topics that the toxic contents were posted. In a
similar research, Noor et al., (5), aim to evaluate the level of
toxicity present in discussions related to COVID-19 on Twit-
ter, Parler, and Reddit. To determine the platform with the
highest toxic content, he compares the toxicity scores across



the three social media platforms. In a similar study, DiCi-
cco et al. (6) detected and compared the level of toxicity
in two different platforms regarding COVID-19 discourse.
Then they attempt to analyze the network of highly toxic
users. In another study, Chakrabarty (7) proposed a model
to detect various types of toxicity, such as threats, insults,
obscenity, and identity-based hatred. P. A. Ozoh et al., (8)
developed a model to detect toxicity by differentiating toxic
contents from non-toxic contents. In this research, we im-
plement Detoxify algorithm (12) to detect the toxicity and
its various categories.

Toxicity Propagation: Obadimu et al. (9) developed
a technique for toxicity detection and proposed features
that propagated the toxicity contents on YouTube. Further,
Obadimu et al. (4) proposed a novel approach to explain the
propagation of toxicity on YouTube using epidemic meth-
ods. They concluded that toxicity propagation is comparable
to the spread of a contagious disease. Mathew et al. (10) fo-
cus on the diffusion dynamics of the content of hateful users
and non-hateful users and find out that the propagation of
content made by hateful users is faster than by non-hateful
users. In another research, Lopez-Sanchez (11) investigated
hate speech propagation on social networks using agent-
based modeling. They modeled three countermeasures: ed-
ucation, deferring hateful content, and cyber activism, and
tested their effectiveness in combating hate speech. Our re-
search investigates the propagation of toxicity by focusing
on the effect of retweets, replies, and likes, which has not
been reported in previous literature. Next, we describe our
research methodology.

Methodology
Here, we discuss our research methodology, including

data collection, toxicity assessment, and developing a tox-
icity propagation score.

Data Collection: Data collection is one of the critical
tasks in the analysis and propagation of toxicity. Twitter
Academic API and different hashtags are used to collect
COVID-19 related tweets for our datasets. After analyz-
ing some contemporary tweets’ hashtags at that time, we
have selected some keywords that portray the scenario of
the tweets, whether it is posted by pro-community or anti-
community. Our datasets for 5G, Bill Gates, Anti Vaccine,
and Pro Vaccine cover the period from February 2020 to
June 2021. And Anti Mask and Pro Mask extend from Jan-
uary 2020 to December 2020. The attributes in each dataset
are Tweet (The original tweet); Created at (Time when
a tweet is posted); Retweet count (Number of retweets);
Quote count (Number of quotes); Reply count (Number of
replies); Like count (Number of likes). Data preprocessing
steps included removing missing values, emojis, symbols,
and URLs, and converting uppercase letters to lowercase.
Once the preprocessing step is complete, the number of
tweets available for analysis are as follows: 33,403 for the
5G dataset, 67,780 for the Bill Gates dataset, 474,534 for
the anti-vaccine dataset, 601,565 for the pro-vaccine dataset,
40,674 for the pro-mask dataset, and 35,333 for the anti-
mask dataset.

Toxicity Detection: This section describes the technique
and method used in our research to detect toxicity. The Un-
biased Detoxify Model is used to compute the toxicity score
for each tweet. Detoxify is a model created by Unitary AI
(https://github.com/unitaryai/detoxify) (12). Detoxify uses a
Convolutional Neural Network trained with word vectors to
detect the toxic language in tweets. It provides a probabil-
ity score between 0 and 1 for each input. The output of the
Detoxify model is a set of probabilities related to various la-
bels that indicate the likelihood of the input text containing
toxic language. These labels correspond to different types of
toxicity, such as Toxic; Severe toxic; Obscene; Threat; In-
sult; and Identity hate. Therefore, the probability value in-
dicates the likelihood that the input text contains language
that falls into that category. For example, the toxic label rep-
resents the probability that the text is generally toxic. The
probability score ranges from 0 to 1, with a higher score
indicating a greater likelihood of the text being toxic. The
tweets are classified into two groups based on a threshold
for the toxicity score (4) (14).

Toxicity Contagiousness Score: There are various ways
a toxic tweet can propagate. The most significant way is
by retweeting the toxic post. Retweeting a post means that
different users have shared the post through their account
with all their followers. The more a toxic tweet is retweeted,
the more the toxicity propagates. Additionally, the act of
sharing a tweet again while adding one’s own comment is
known as quoting the tweet. Another way to accelerate the
propagation of toxicity is by replying to a toxic tweet. In
this case, the followers of the user who replies to the toxic
tweet are exposed to toxicity. One more factor that impacts
toxicity propagation is the number of likes the toxic tweet
gets. Tweets with a higher number of likes are shown more
than those with fewer likes (13). Developing a quantitative
understanding to study the contagiousness of toxicity will
give us better insight, indicating how the toxicity will
spread. To this end, we propose the Toxicity Contagiousness
Score (equation 1). The toxicity contagiousness score is a
sum of the retweet count, quotes count, reply count, and
like count of a tweet.

ContagiousScore = RetweetCount+QuoteCount+
ReplyCount+ LikeCount

Results
The research findings are presented in this section. First,

we describe our findings from the toxicity assessment, fol-
lowed by the findings from the toxicity contagiousness
score.

Toxicity Assessment: As mentioned before, we used the
Detoxify model to analyze tweets from our datasets, result-
ing in a toxicity score between 0 and 1. A threshold was set
to distinguish highly toxic content from less toxic content.
Saveski et al,. (14) examined a threshold level of 0.531 to
differentiate between toxic and non-toxic tweets. They man-
ually classified 3000 tweets and chose 0.531 as the thresh-
old. In our study, we rounded the score to 0.5. In this work,
posts of tweets that have a toxicity score of 0.5 or more
are considered highly toxic, while anything less than 0.5 is



considered less toxic, according to Saveski et al. Our study
shows that the average toxicity of highly toxic tweets is con-
sistent across all six datasets, ranging from 0.79 to 0.88.
However, due to a higher number of posts, the Pro-vaccine
and Anti-vaccine datasets had a slightly lower average tox-
icity score of 0.79. The average toxicity levels across all
tweets in the six datasets are also similar, ranging from 0.03
to 0.1. However, Number of highly toxic posts in datasets:
5G (1,799), Bill Gates (4,670), anti-vaccine (24,694), pro-
vaccine (11,322), pro-mask (2,872), anti-mask (4,184). The
findings show that although the number of individuals shar-
ing highly toxic posts may be lower in these cases, the toxi-
city scores of their posts are still quite high. In addition, the
result indicates that people share more highly toxic posts in
the anti-community than in the pro-community. In general,
we can mention that the anti-Mask dataset has the highest
toxicity score among all the datasets. Our findings show that
the average toxicity scores of all datasets are significant and
comparable. The Insult subcategory had the highest scores
among all categories, ranging from 0.53 to 0.64, indicating
a trend among users to share highly toxic content related
to insults. Additionally, the second-highest scoring category
was Obscene, ranging from 0.31 to 0.43.

Contagiousness of Toxicity: In this section, we calcu-
late the contagiousness score, which measures the spread of
content on Twitter. The score is calculated by determining
the number of retweets, quotes, replies, and likes for each
tweet, as outlined in equation 1 from section 3. We applied
MinMaxScaler from sklearn library to scale each score to
the same range.

Figures 1 and 2 display the correlation between the av-
erage toxicity and the average contagiousness score, broken
down by month from February 2020 to June 2021 for the
5G and Bill Gates datasets. Figure 1 focuses on less toxic
content in the 5G dataset, revealing a positive correlation
between the average toxicity of low toxic content and the
contagiousness score. Fluctuations in the average toxicity
align with corresponding fluctuations in the average conta-
giousness score, indicating a direct correlation between the
two. As the average toxicity of less toxic content increases or
decreases, the average contagiousness score does the same,
demonstrating people’s tendency to share non-toxic con-
tent. The correlation score between the two is approximately
0.59. Subsequently, we analyzed tweets with highly toxic
content as well. The findings do not indicate a strong corre-
lation between the contagiousness score and the average tox-
icity of highly toxic posts. In fact, the contagiousness score
remains largely low, suggesting that people are unlikely to
spread highly toxic posts that are related to 5G. This indi-
cates that despite the presence of highly toxic content, it does
not possess the contagiousness required for it to be widely
shared among individuals.

In contrast to the analysis of 5G, figure 2, which is fo-
cused on highly toxic content, reveals a correlation between
the average toxicity and the contagiousness score. Data from
April 2020 to January 2021 shows a direct relationship be-
tween the two (correlation score close to 0.43), indicating
that highly toxic content related to Bill Gates is more likely
to be shared among individuals. Afterward, the less-toxic

Figure 1: Average low toxicity vs. average contagiousness
score for 5G

Figure 2: Average high toxicity vs. average contagiousness
score for Bill Gates

contents were analyzed for the Bill Gate dataset. The re-
sults demonstrate the absence of a correlation between the
contagiousness score and the average toxicity of low toxic
content related to Bill Gates. With the exception of a peak
in the contagiousness score observed during the two-month
period from December 2020 to February 2021, the majority
of the time, the contagiousness score remains low, suggest-
ing that low toxic content related to Bill Gates is not widely
shared among individuals.

Subsequently, analysis and comparison of the correla-
tion between the contagiousness score and the toxicity score
will be conducted in the contexts of both anti-community
and pro-community. Figures 3 and 4 demonstrate how the
contagiousness score and the toxicity score are related to
one another in anti-community. Figure 3 shows that while
the average toxicity score for anti-mask data decreased be-
tween June 2020 and September 2020, there was a signifi-
cant increase in the average contagiousness score. However,
from September 2020 to November 2020, there was a de-
crease in the contagiousness score as the toxicity score in-
creased. Subsequently, figure 4 pertains to the Anti-Vaccine
community. The figure illustrates that between January and
February 2020, as the average toxicity score increased, the
contagiousness score decreased. After that, there was not a
significant change in the contagiousness score for several
months until December 2020. Starting in December 2020,
the COVID-19 Vaccine was released, and there were fluc-
tuations in the toxicity score from December 2020 to June
2021. During this period, as the average toxicity score fluc-
tuated, either increasing or decreasing, the contagiousness
score changed in the opposite direction, exhibiting a -0.32
correlation.

The findings of this study suggest that in anti-
communities, the contagiousness score fluctuates in the op-
posite direction as the average toxicity score increases or de-



Figure 3: Average high toxicity vs. average contagiousness
score for Anti-mask

Figure 4: Average low toxicity vs. average contagiousness
score for Anti-vaccine

creases. This indicates that individuals in these communities
are less likely to share and spread posts with toxic content.

In figure 5, which pertains to the pro-mask dataset in the
pro-community, there is a correlation between the average
toxicity score and the average contagiousness score. This
means that the contagiousness score changes in correspon-
dence to the fluctuations in the average toxicity score, ei-
ther increasing or decreasing accordingly. This suggests that
individuals in the pro-mask community are more likely to
share and spread posts that contain high levels of toxic con-
tent. To determine whether there is a link between the con-
tagiousness of content and its toxicity level, we used a sta-
tistical test called the Granger causality test. The Granger
Causality test will examine the potential dependence of the
contagiousness score on the toxicity score. To ensure the va-
lidity of the Granger causality test, it is important to first
determine if our data is stationary and it is not changing
significantly over time. This is done by running the Aug-
mented Dickey-Fuller (ADF) test, which helps us determine
whether the data is exhibiting a stable statistical pattern over
time. The test result of -19.13 indicates that there is strong
evidence to support the idea that the time series data is sta-
tionary. In other words, if the ADF test statistic has a larger
negative value, it provides stronger evidence that the null hy-
pothesis of non-stationarity is incorrect. The null hypothesis
is a statement we assume to be true until proven otherwise.
Thus, we can proceed with applying the Granger Causality
test. Following that, the basic idea of the Granger causality
statistical method is that if one time series can cause another
time series, then variations in the former should be able to
predict changes in the latter. Our null hypothesis stated that
the toxicity score does not apply a Granger-causal effect on
the contagiousness score. Our findings indicate that for four
distinct lags of one month, the corresponding p-values ex-
ceed 0.7, which suggests that the observed effects are un-

likely to have occurred by chance. Thereby rejecting our
null hypothesis. Therefore, we claim that the toxicity score
within our pro-mask dataset shows a causal impact on the
contagiousness score. On the other hand, in the pro-vaccine
dataset, there were no significant changes observed in the
contagiousness score until April 2021 to June 2021. During
this period, with an increase in the average toxicity score,
the contagiousness score also increased.

Figure 5: Average high toxicity vs. average contagiousness
score for Pro-mask

Conclusion
Covid-19 led to a rise in conspiracy theories about 5G,

Bill Gates, and the virus, while people disagreed on the ef-
ficacy of masks and vaccines and discussed these topics on
social media. Our analysis reveals interesting insights into
the correlation between the contagiousness score and aver-
age toxicity levels of different content in different datasets.
The results indicate that in the 5G dataset, there is a correla-
tion between the contagiousness score and average toxicity
for low toxic content. And for the Bill Gates dataset, we ob-
served a correlation between the average toxicity of highly
toxic contents and the contagiousness score. Similarly, a
positive correlation was observed in the pro-mask dataset
between the contagiousness score and the average toxicity
level of highly toxic content. As the toxicity score increased,
the contagiousness score also increased, indicating that peo-
ple were more likely to share and spread these contents. On
the other hand, when the toxicity score decreased, there was
a decrease in the likelihood of people sharing the content.
This could be due to the fact that highly toxic content could
be seen as more provocative or attention-grabbing, which
could also contribute to its increased contagiousness score.
Conversely, within our anti-community, which includes anti-
mask and anti-vaccine, the average toxicity score and con-
tagiousness score are negatively correlated. This means that
within the anti-community, the more toxic content is on av-
erage, the less likely it is to be widely shared. In other words,
toxic content that is particularly aggressive or harmful tends
to be less widely shared among those who are against masks
and vaccines.

Future work could involve expanding data and consider-
ing different hashtags and keywords, categorizing data into
neutral, mildly toxic, and highly toxic groups, comparing the
results with existing methods, applying models to other plat-
forms like YouTube and TikTok, and using Twitter’s new
feature for calculating contagiousness scores.
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