Afrikaans, Arabic, Armenian, Bulgarian, Catalan, Chinese, Croatian, Czech, Danish, Dutch, English, Estonian, Finnish,
French, German, Greek, Gujarati, Hebrew, Hindi, Hungarian, Icelandic, Indonesian, Irish, Italian, Japanese, Kannada, Ko-
rean, Latvian, Lithuanian, Malayalam, Marathi, Norwegian Bokmadl, Persian, Polish, Portuguese, Romanian, Russian, Serbian,
Sinhala, Slovak, Slovenian, Spanish, Swedish, Tagalog, Tamil, Tatar, Telugu, Thai, Turkish, Ukrainian, Urdu, Viethamese

Figure 6: The full list of 54 languages supported by all 3 tools in our processing pipeline (Bing translate,
Spacy, and the Twitter API). Tweets in other languages are also included in our TwitterCOVID dataset,
but the filtering step is less accurate for these unsupported languages.
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Figure 7: (top) The distribution of emotions in the subset of TwitterCOVID that contain emojis.
(bottom) The distribution of emotions in the subset of TwitterCOVID that did not contain emojis, and
that we used BERTmot i con to assign predictions for.

translate. (3) We used Python’s spaCy library (Honnibal and Montani, 2017) to tokenize and lemmatize
each of the 400 million geolocated tweets sent between January and June 2020. This is the same time
period that we examined for the TwitterEmoticon dataset, and so we hope that the BERTmot icon
model trained on the TwitterEmoticon dataset will transfer well to this TwitterCOVID dataset.
spaCy supports tokenization in 58 different languages, and for each tweet we used the appropriate
spaCy module for the language specified in the tweet’s metadata. For languages not directly supported
by spaCy, we tokenized on whitespace. (4) Finally, the TwitterCOVID dataset is constructed as the
set of all tweets whose lemmatized text contains any of the search terms from the tweet’s language or
English. We include both languages in this filtering step because it is common for non-English tweets
to use English words like “coronavirus” when referencing the virus. Figure 6 shows the full list of
54 languages that are supported by all 3 services. The TwitterCOVID dataset contains tweets in an
unknown number of other languages, and the filtering procedure for these unsupported languages used
language-agnostic steps, which likely results in less recall. In total, 16.2 million tweets meet the criteria
to be included in the TwitterCOVID dataset.

The other significant dataset of coronavirus related tweets was introduced by Chen et al. (2020). There
are two main differences between our dataset and theirs. First, we only include geolocated tweets,
whereas they include non-geolocated tweets as well. This results in their dataset being about fifteen
times larger than ours, with about 250 million tweets over the same time period. Because their data is not
geolocated, however, it is not suitable for understanding how different countries have reacted emotionally
to COVID-19. The second difference is that our dataset uses a more advanced language-aware filtering
method. They only search for tweets that contain English keywords. Most languages, however, have
few words in common with English, and non-Latin based languages frequently do not even use the word
“coronavirus” to describe the virus. Chinese tweets, for example, commonly refer to COVID-19 with
the string ~ , and Chinese-language tweets containing this string will get included in our dataset but
not in their dataset. As a result of this more advanced processing, the fraction of non-English tweets
is much larger in our dataset than theirs (48% versus 38%). Capturing as many non-English tweets as
possible about COVID-19 is important for ensuring that our analysis is not unfairly skewed towards
English-speaking countries.

3.2 Results

Only 15.11% percent of tweets in the TwitterCOVID dataset contain an emoticon. We used the
BERTmot icon model to label the remaining tweets. Figure 7 shows the distribution of tweets present
in the dataset vs those we predicted. The anticipation, disgust, joy, surprise, and trust emoticons appear
less frequently in the predicted dataset, and the anger, sadness, and fear emotions appear more often in
the predicted set. We hypothesize that this difference is due to the fact that more-formal Twitter accounts
(such as for newspapers or government organizations) are less likely to use emoji in their tweets, and
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Figure 8: The emotional content of tweets in the TwitterCOVID dataset changes over time and reacts
to major news events. The shaded bar plot in the background shows the total number of tweets in the
TwitterCOVID dataset sent on a particular day (left y-axis scale), and the colored line charts show the
fraction of tweets in a particular day that correspond to each emotion on the Plutchik wheel or the mask
emoji (right y-axis scale). We can see clear emotional reactions to the news events labelled with vertical
lines.

these formal accounts also tweet about different topics than more informal accounts of ordinary people.

Our main result is shown in Figure 8. For each day, we calculate the fraction of tweets that represent
each emotion from the Plutchik wheel (see Figure 2), and we can observe a strong correlation between
the emotional content of tweets and important COVID-19 news. For example, on March 11, the World
Health Organization (WHO) declared COVID-19 a worldwide pandemic. At the same time, we can see a
large spike in tweets about the coronavirus, and in particular we see an increase in sadness and a decrease
in joy. Since sadness and joy are at opposite ends of the Plutchik wheel of emotions, it makes sense that
a rise in one would cause a fall in the other. As another example, on May 28, the United States had its
one hundred thousandth death to the coronavirus. At the same time, we see spikes in anger and disgust.
The following tweet from this time period is a representative example:

How do we tolerate 3000 Americans dying everyday from #COVID19? THREE. THOUSAND.
EVERY. DAY.

This tweet was not originally sent with any emoticons, but our BERTmot i con model was able to label
it with 2, =, = %. As another example, notice that the mask emoji usage increases in mid-January. In-
terestingly, at that time little information was available about COVID-19 and protecting yourself against
it. Finally, in early February some important news-events that circulated in Twitter were the Diamond
Princess Ship being placed under quarantine and the death of Doctor Li Wenliang (a Chinese doctor who
issued a warning about the coronavirus before the pandemic was officially recognized). At that point we
notice a spike in anger and disgust.

4 Conclusion

We introduced the BERTmot icon model for multilingual emoji prediction, and used this model to
better understand how Twitter users responded emotionally to news about the coronavirus. In follow
up studies, we hope to analyze how different countries and language communities reacted differently to
events, and have designed our TwitterCOVID dataset and BERTmot icon model to facilitate these
cross-sectional analyses. We also hope that the BERTmot icon model will prove useful for analyzing
the emotions of text in other contexts outside of COVID-19, and we make the model available in an easy
to use Python package to facilitate this process.
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