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Abstract

The COVID-19 pandemic disrupted peoples’ daily lives and dominated the public discourse. It thus displaced people’s attention to and concerns
about climate change. We analyze 13.5 million tweets by 3.2 million distinct users on climate change posted before and after the onset of the
pandemic (2018–2021) and show that attention to climate dropped substantially in 2020 with the onset of the pandemic. While research has
helped to explain this drop in the context of issue attention theory, our analysis highlights a remarkable recovery in attention in 2021 towards
pre-pandemic levels. Moreover, our large-scale, transformer-based text analysis reveals important thematic shifts during this period. In particular,
we show a sustained drop in attention to activist movements and subsequently an increased focus on climate causes and climate solutions. Activist
movements, such as the school protests that have mobilized millions around the globe in 2019, have measurably lost traction on Twitter. However,
in parts due to increased awareness of causes and solutions, the climate change discourse in general recovered from the COVID-19 pandemic.
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1. Introduction

Public attention plays a key role in driving social change
and shaping the political agenda. Researchers have therefore
closely tracked attention to climate issues [1], including on so-
cial media [2], on the basis that continued public interest and
concern provides an important foundation for climate action
and policy [3]. Indeed, attention to climate change is constantly
growing with an ever increasing amount of advocacy, reporting,
and policies.

People feel inclined to voice their opinions on issues and
share them with others. Social media platforms provide a sim-
ple and widely accessible forum for such exchange. Alterna-
tively, they may demonstrate their support or opposition via
street protests, petitions or referenda. In 2019, millions went
to the streets and protested for climate action as part of the Fri-
days for Future protests and were key to bringing climate issue
to the top of the political agenda.

The outbreak of the COVID-19 pandemic led to widespread
disruptions—spurring public debates about disease control and
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dealing with the social and economic repercussions of public
health measures. This would seem to confirm issue attention
theory: that our capacity to digest information is limited, and
new salient issues tend to supersede prior ones [4, 5, 6]. If so,
it may be challenging to maintain public attention on climate
change, as new national and global issues are emerging all the
time. Investigating the past allows us to better understand which
topics withstand major shifts and may thus be most important
to people, as these issues prevail within a finite pool of worry.

In this article, we analyse trends in public attention to climate
on social media. Large-scale surveys are typically perceived as
the gold standard to measure attitudes but require significant
resources and take a long time. Complementary data-driven or
bottom-up analyses of news reports, publications, social me-
dia, or protests can provide relevant indicators in a more timely
fashion—a route that we take for Twitter.

Climate change on Twitter has been the subject of many stud-
ies [7], using methods such as sentiment analysis [8] and net-
work analysis [9? ]. Recent studies show a decline of climate
related tweets in many English and Spanish-speaking coun-
tries [10] and that they are largely displaced by COVID-19 is-
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sues in Switzerland [11]. This decline has been related to the
increasing worry about COVID-19 [2? ]. Loureiro et al. [? ]
provide a more in-depth overview of such worries expressed on
Twitter early on during the pandemic. Climate action-related
tweets saw a shift in focus from government actions to environ-
mental behaviours [12]. Tweets on climate activism and pub-
lic protests strongly decreased in Germany [13]. These studies
only analyse higher-level quantitative shifts.

Our analysis of 13.5M tweets by 3.2M distinct users extends
this literature by covering the entire period between 2018 and
2021 and providing further evidence that COVID-19 occupied
public attention at the expense of climate issues on Twitter. To
the best of our knowledge, such an in-depth topical analysis at
this scale has not been done before. In particular, we improved
an existing approach [14] in order to be able to perform this
large-scale, transformer-based text analysis.

This enabled us to explore larger themes but also fine-grained
topics over time and to show that the overall shift in attention
impacted specific climate topics unequally. While the drop in
attention associated with the onset of the pandemic was largely
sustained for topics around activist movements, such as Fridays
for Future, we observe an increased focus on climate causes
and climate solutions as attention to climate issues recovers on
Twitter.

2. Methods

The Twitter dataset used in this paper was retrieved via the
official API (v2) between December 14th and 24th, 2021. We
queried for tweets containing “climate change” posted between
2018 and 2021 which resulted in 20,213,783 tweets (excluding
retweets). Our analysis is based on 13,506,789 tweets (66.82%
of the original dataset) that were left after filtering (see ap-
pendix for exclusion rules). In this work we focus on the impact
of the COVID-19 pandemic on the climate change discourse.
To this end, we explicitly exclude 2022 with the invasion of
Ukraine and resulting economic and energy crises. We chose
the four year time-frame symmetrically centred around the start
of the pandemic.

Although there are several tweets in our dataset that mention
COVID-19, these are only the ones that also mention climate
change. For a more complete picture, we additionally retrieved
the total number of daily tweets on COVID-19 using the Twitter
count API. Furthermore, we use this API to estimate the overall
volume of daily English-language tweets.

The topic modelling approach for our analysis of cli-
mate change related tweets is based on the method described
by BERTopic [14]. The general idea is to project high-
dimensional document embeddings of the input texts into a
lower-dimensional space and apply a clustering algorithm.
Contrary to traditional topic models [15], each tweet is asso-
ciated with exactly one topic (cluster) and is not represented as
a distribution of topics. Scalability issues prevented us from us-
ing the reference implementation.To this end, we developed our
own processing pipeline that enabled us to include all tweets
in the topic model. Links to source code and data provided
in supplemental material. Our implementation also allows us

to better control the grouping of tweets, which we adjust to be
fine-grained enough to pick out small topics but also retain their
wider semantic relationships.

For our analysis, we manually screened all 983 topics iden-
tified by the algorithm and deliberatively derived six broader
themes: Causes, Impacts, Solutions, Politics, Movements, and
Contrarianism. In addition, we group COVID-19 topics and
non-specific topics as Other. Note, that topics in the COVID-19
theme were detected automatically by our model and are not
linked to the COVID-19 tweet counts discussed before. The
manual curation of topics into themes was performed by five an-
notators using a custom interface for screening a random sam-
ple of tweets per topic with additional statistics, the temporal
distribution of tweets, and frequent keyphrases.

We provide further details on the datasets, topic modelling
approach, and manual topic curation in the supplementary ma-
terial.

3. Results

Our analysis of climate change tweets is two-fold. First,
we describe the dataset from a quantitative perspective and
show how attention to climate change—measured as tweets per
day—has grown to an all-time high in 2019, dramatically de-
clined with the onset of the pandemic, and almost fully re-
bounded in 2021. Secondly, we describe the thematic shifts
based on our topic model, showing that activist movements
were impacted most by the pandemic and focus shifted towards
causes and solutions during the rebound.

Substantial drop in attention to climate change on Twitter

The COVID-19 pandemic struck at the all-time peak of at-
tention to climate issues on Twitter. After a period of stagnant
levels (average of 8,716 daily tweets 2016–2018), the number
of climate-related tweets grew from an average of 7,980 daily
tweets in 2018 to 15,914 tweets per day in 2019 (Figure 1a; Ta-
ble 1)—higher than ever before in the history of the platform.
We refer to the supplemental material for more details.

Table 1: Quarterly (Q1-4) and annual (YR) counts for tweets containing “cli-
mate change” as shown in Figure 1a

Year Q1 Q2 Q3 Q4 YR

2018 6,544 5,439 7,070 12,810 7,980
2019 14,175 15,507 18,367 15,565 15,914
2020 14,780 6,603 10,865 10,274 10,630
2021 10,548 10,463 15,910 17,235 13,564

With the spread of the COVID-19 pandemic, there was a
sharp and extended drop in attention to climate change on Twit-
ter. This coincides with a surge of up to 1.5M tweets per day
on COVID-19 in the early months of the pandemic (Figure 1c).
Compared to 2019, the average daily number of tweets on cli-
mate change decreased by 58% to 6,603 in the second quarter
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Figure 1: a: Number of daily tweets containing “climate change”, c: COVID-19, and b: estimated total number of English-language tweets. Orange dots show
the number of tweets per day and the black line-plots their 14-day moving average. Solid vertical lines separate the years, the orange shaded area marks the time
between the first COVID-19 case (2019-12-18) and the declaration as a pandemic by the WHO (2020-03-11). The sum and average of daily tweets is shown in
numbers per year, the averages is drawn as horizontal dashed lines. Grey bars in panel a additionally show the quarterly averages. The red dash-dot line plot in
panel c shows the world-wide new COVID cases per day (same axis).

of 2020, coinciding with the start of lockdown policies in sev-
eral countries. Lower levels of attention remain for the second
half of 2020 (daily average in Q3 at 68.3% and Q4 at 64.6%
of 2019 average) and continue into the first half of 2021 (Q1 at
66.3% and Q2 at 65.7% of 2019 average). This drop in atten-
tion at the beginning of the COVID-19 pandemic takes places
despite a simultaneous, sharp increase in the number of overall
English-language tweets by 40% of 2019-levels and remains
high as shown in Figure 1b. In the second half of 2021, at-
tention rebounds to 2019 levels by matching the 2019 annual
average of daily tweets in Q3 2021 (+49% of 2020 average)
and surpassing it by 8% in Q4 2021 (+62.1% of 2020 average).
Overall, there were an average number of 13,596 tweets per day
in 2021. Hence, attention in 2021 was not much lower than in
2019 and considerably higher than in most other years before
the pandemic—an important observation that has been largely
overlooked in the related literature [2, 13, 12, 11, 10].

Divergence in the recovery for different themes

We explore how the upheavals during COVID-19 have af-
fected the themes in the climate conversation by combining
unsupervised text mining—clustering of BERT [14] embed-
dings reduced in dimensionality—with rigorous manual vali-
dation and annotation. We group the 983 topics identified by

the algorithm into six broader themes: Causes, Impacts, So-
lutions, Politics, Movements, and Contrarianism. Two supple-
mental themes group COVID-19 topics or non-specific topics
as Other. Thematic shifts discussed in this section are based on
the daily proportion of tweets per theme as shown in Figure 2.
The proportions are relative to the daily number of tweets on
“climate change”, excluding those assigned to the Other theme.
Alternative frames of reference are in the appendix.

In the first half of 2020, up to 10% of the attention of climate
change tweets rapidly shifts to the newly emerged COVID-19
theme (2.2% overall in 2020 and 1.3% in 2021). After the initial
drop during 2020 Q2, the subsequent trends of each theme di-
verge: Causes, Impacts, and Solutions have tended to increase,
while Politics, Movements, and Contrarian have tended to de-
crease.

For the years leading up to the pandemic, attention to the
Movements theme saw steady growth, reaching an all time high
of 5.9-6.2% in Q3/Q4 2019 following climate impact events
(e.g. Australian wild fires, July 2020), political debates (e.g.
Greta’s speech at UN: “How dare you!”, Sept. 2019), as well
as climate protests (e.g. Extinction rebellion in London, Oct.
2019). However, presumably due to protests and meetings in
person no longer being possible, attention dropped in Q1/Q2
2020 to a below average share of 3.1%. Even though the situ-
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Figure 2: Daily share of tweets on climate change per theme (in %). The dashed horizontal line indicates the overall share of tweets contained per theme and the
areas between the curves and that line are shaded to highlight the deviations of attention over time. Larger shifts are shown as linear trend lines with a standard
deviation band of the years before (blue) and after the onset of the pandemic (orange). The grey shaded area marks the time between the first COVID-19 case
(2019-12-18) and the declaration as a pandemic by the WHO (2020-03-11). Note, that the vertical scale is not shared across panels. All plots are smoothed with
a 14-day moving average. Values across panels for a particular day may not add up to 100% as the Other theme, to which 35.1% of all tweets are assigned, is not
shown here.

ation began to normalise in many countries, we are not able to
identify signs of major recovery. Note, that the observed time-
frame does not include most recent “Last Generation” protests.

The two largest themes in our dataset are Contrarian and
Politics with each 16% of all tweets. The Contrarian theme
covers tweets expressing skepticism or denial of the scientific
consensus on climate change. Its annual share dropped from
17% 2018-2020 to 14.2% in 2021 and the main topics are the
denial of climate change or discourses of delay [16]. This sud-
den reduction in attention can be attributed to controversies re-
lated to Donald Trump, which dropped in 2021 after he left
office. In the years before the pandemic, Politics has shown a
similar growth pattern as Movements, with peaks in attention
slightly behind. Topics mainly cover policy initiatives, reac-
tions to statements by politicians, but also political aspects of
climate-related disasters, which remain a major driver of cli-
mate change debate. After a steady growth to a quarterly share
of 18.5% in 2020 Q1, attention dropped to the level of 2018.
The share temporarily recovered to 18% in 2020 Q4 and 2021
Q1 driven by topics covering the US presidential elections and
winter storms in Texas, before declining back to around 15.3%.

The third largest is the Impacts theme (9% of all tweets)
where we observe substantial shifts in the long-term dynamics
of the thematic distribution. Attention already declined before
the pandemic from 10.5% to 8.2% in 2019 and stabilizes at an
annual average of 9% after the pandemic. Tweets on extreme
temperatures (heat and cold) lead to seasonality effects with Q1
and Q3 being the strongest quarters in all four years (1-2 per-

centage points above yearly average). In general, we noticed
a shift from “distant” impacts on animals (such as diminishing
habitats for ice bears and penguins) to massive natural disas-
ters like floods, wild fires, or droughts. Although 2021 was a
record year in climate-related disasters [17], this is not reflected
in the attention to the Impacts theme, indicating that Twitter
users seem to have other priorities in the climate change dis-
course, or that many regional events are not picked up in our
English-language sample.

The Causes theme had a share of 3.9% before the pandemic,
dropping to an all time low of 3.3% in 2020 Q3 to then con-
tinuously grow to 5.6% in 2021 Q4 (5.2% overall in 2021).
The highest co-occurring keywords and phrases of topics and
manual screening, Causes themed tweets tend to blame capi-
talism and corporate greed as the culprit for climate change or
delay of climate action. In 2021, more specific topics appeared
or grew, for example fracking, use of private jets, and court
cases against Exxon Mobil condemning environmental impacts
caused by them.

Attention to Solutions grew from 7.1% of annual tweets in
prior years to 8% in 2021. Solutions themed tweets often dis-
cussed specific tree planting projects, philanthropists pledging
to donate money, or celebrities raising awareness. The over-
all trend was slightly negative before the pandemic, although
the theme displayed a particularly high share in Q4 2020 to Q2
2021, which has subsequently declined.
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4. Discussion

We provide new evidence supporting the hypothesis that
the COVID-19 pandemic distracted attention away from cli-
mate change. While it is crucial to discuss the attention
drop [18, 2, 19, 10? ? ], the remarkable recovery towards
high pre-pandemic levels in Q4 2021 has been neglected so far.
However, these trends on Twitter should not be unconditionally
extrapolated to the general public—particularly in a global con-
text, since we only looked at English-language tweets. Also,
active Twitter users may not be representative sample of the
general public. Our analysis based on 13.5M tweets posted by
3.2M unique Twitter users across four years. Given this scale,
and the rigorous validation of our topic model, we are confident
in the findings we presented. Furthermore, we carefully chose
to only report on strong, large-scale trends we discovered.

The recovery after the COVID-19-related drop was accom-
panied by important thematic changes of tweets on climate
change, such as a stronger focus on climate Solutions and an up-
ward trend in Causes as a theme. This may indicate increasing
public discontent with those seen to be causing the climate cri-
sis and a greater public engagement with the steps governments
are taking to mitigate climate change. A renewed focus on cli-
mate solutions, particularly in the period during which COVID-
19 recovery packages were being discussed, may demonstrate a
greater public engagement with the steps governments are tak-
ing to mitigate climate change.

Our dataset as a whole is similar to datasets that have been
provided previously [20] and we are confident in the general
trends observed. Whereas other works mostly focus on quan-
titative analyses, we employed an advanced, transformer-based
topic modelling technique. This allows us to efficiently allo-
cate tweets to topics at a highly granular level, capturing dis-
courses and mini-discourses around isolated events. Future re-
search should adapt these approaches to explore other social
media sources and develop a more comprehensive view of pub-
lic discourses on climate.

The keyword-based search commonly used in the literature
has important limitations, as climate relevant discourses can
also take place in the absence of these keywords. Extending
the list of keywords will likely never be complete, while, at the
same time also capturing an increasing number of non-related
tweets, which would obfuscate the analysis. Hence we argue,
that any social media analysis—given the chosen keywords are
specific, yet general enough—can only provide a snapshot of
the wider discourse on a particular topic. However, it can still
serve as an indicator of the relative volume of posts and reveal
relevant themes. Importantly, other research using Twitter data
is often using hashtags to query for tweets. This may result in
a wider range of languages and broader geographic coverage.
At the same time, it also picks up significantly more automated
tweets or attention-seeking tweets that use trending hashtags for
an improved change of increasing visibility.

In order to provide a clear understanding of the impact of
COVID-19 on attention to climate change, we deliberately fo-
cus our analysis on the two years before and after the onset of
the pandemic. We do not extend our analysis into 2022 in light

of the war in Ukraine as the related energy crisis has strongly
affected the climate discourse. The impact of the Ukraine con-
flict on energy systems around the world has precipitated shifts
in new investments in both fossil fuel and green infrastruc-
ture which have profound implications for international climate
goals. Any signal (e.g. number of tweets on a topic) derived
from the analysis of data after 2021 would come with large un-
certainties, as user behaviour may have changed due to a multi-
tude of external factors, particularly the many other geopolitical
conflicts that have since unfolded and acquisition of the Twitter
(now X) by Elon Musk in 2022, which has significantly im-
pacted how and which people use the platform.

Understanding how this subsequent crisis has affected atten-
tion and attitudes towards climate change is an important matter
for future research.

Data Availability

The source code for all our analyses is available on GitHub
via https://github.com/TimRepke/twitter-climate.
The list of tweet ids, topic assignments, and our
topic to theme annotations is available on zenodo via
https://doi.org/10.5281/zenodo.7778199.
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Appendix A. The climate change tweets dataset

The Twitter dataset used in this paper was retrieved via the
official API (v2) between December 14th and 24th, 2021. Miss-
ing tweets for the remainder of 2021 were added in October of
2022, tweet counts for 2010–2022 were retrieved in Decem-
ber of 2022. Even though we focus on 2018–2021 in this
paper, we looked at the wider context to verify that the ob-
served time-frame is not an “outlier” in the overall timeline. We
queried for “climate change” from 2018 to 2021 which resulted
in 20,213,783 tweets (excluding retweets). For our analyses,
we filtered this dataset down to 13,506,789 tweets (66.82% of
the original dataset) using the following rules:

• 3,633,551 (17.98%) tweets were duplicates, meaning they
had the exact same text.

• 2,594,789 (12.84%) tweets did not contain our search term
directly, but it was part of a URL.

• 881,409 (4.36%) tweets were not written in English.

• 451,554 (2.23%) tweets were too short, meaning they had
less than four tokens.

• 215,860 (1.07%) tweets had more than five hashtags.
Based on our preliminary manual analysis, such tweets
provide very little value and could mostly be considered
as “spam”.

Note, that multiple rules may apply to a single tweets, thus these
numbers may not add up to the actual difference. In order to
verify we do not introduce biases in the temporal distribution
of our dataset, we computed the monthly share of tweets that
are affected by these filtering rules. This share is consistent
throughout time for each rule and the combined rule-set.

We compared our simple query with more comprehensive
queries from the academic literature [? ] and non-academic
datasets (e.g. https://www.kaggle.com/leonshangguan/
climate-change-tweets-ids-until-aug-2021) that are
comprised of several climate related hashtags and other search
terms. This resulted in slightly higher numbers of tweets
(28,088,904 tweets compared to our 20,213,783 tweets). How-
ever, we found that our simple search strategy led to very sim-
ilar time series (Pearson correlation coefficient: 0.990). The
more recently published climate change twitter dataset [20]
only contains 15M tweets spanning 13 years.

Appendix B. Additional tweet counts

Twitter does not officially provide the total number of
daily tweets. In order to distinguish larger trends in the
usage of the platform from actual changes in attention
to climate change, we develop an indicator that estimates
the daily number of English-language tweets. To do so,
we query “-wrbvjxxuqgekwmyvoufhogx (the OR be OR
...) lang:en -is:retweet -is:quote” the academic
Twitter /2/tweets/counts/all API for all English-language
tweets that contain one or more of the top 100 most used words

in English, according to the Oxford English Corpus. Since
the API requires at least one non-stopword, we add a negative
clause for a random string of characters. Furthermore, we ex-
clude retweets and quoted tweets to dismiss duplicates, analo-
gous to our dataset of “climate change” tweets.

Similarly, we estimate the number of tweets related
to COVID-19 by querying the Twitter /counts API for
“COVID”, “COVID-19”, “COVID19”, “ncov” (which stands
for novel COVID), “ncov19”, “ncov2019”, “sars-cov-2”,
“sarscov2”, “wuhanvirus” (used only in [21]), other keywords
such as “corona” have been shown to yield too many false posi-
tives, also “wuhan” (used by [22]), “quarantine” (used in [23]),
“pandemic”, which is too general. The number of news articles
on climate change and global warming was derived from the
dataset compiled by [19].

Appendix C. Topic modelling based on BERT

The topic modelling approach for our analysis of climate
change related tweets is based on the method described by
BERTopic [14]. The general idea is to project document em-
beddings of the input documents into a lower dimensional space
and apply a clustering algorithm. Contrary to traditional topic
models, each tweet is associated with exactly one topic (cluster)
and is not represented as a distribution of topics. Scalability is-
sues prevented us from using the reference implementation.To
this end, we developed our own processing pipeline in order to
include all tweets in the topic model.

After embedding all 13.5M tweets using a pre-trained trans-
former model, we selected every second tweet (ordered by
time) and applied tSNE [24, 25] in two stages:First, a random
sample of 150k tweets from the subsampled 7M tweets is used
to initialise the projection two-dimensional space with a per-
plexity of 300 and a high learning rate. The affinities of the re-
maining tweets are computed and projected into the initialised
space, which is then further fine-tuned with a lower perplexity
of 20 and a small learning rate. By setting the degrees of free-
dom to 0.6, the resulting two-dimensional layout of the data
results in more dense clusters with a larger distance between
clusters. The dimensionality reduction helps to improve the
performance of the clustering algorithm and limit the impact
of potentially over-specific document embeddings. Originally,
BERTopic uses UMAP [26] to project the embeddings into a
lower-dimensional space. We opted to use tSNE for its ability
to better represent large document collections [27].

In order to find these clusters, we use HDBSCAN [28]. Each
cluster found by HDBSCAN is then interpreted as a topic.
We determined the ideal hyper-parameters by performing a pa-
rameter sweep with the goal of limiting the number of tweets
HDBSCAN identified as outliers and keeping the size of the
largest topic as small as possible. We found a cluster selec-
tion ϵ = 0.009, minimum samples for cluster seeding 10 and
minimum cluster (leaf) size of 200 to work best by perform-
ing a parameter sweep with the goal of keeping the number of
tweets HDBSCAN identified as outliers small as well as keep-
ing the size of the largest topic as small as possible. The pre-
viously excluded second half of the dataset is merged into the
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(a) Absolute counts and relative differences between quarters of subsequent years. (b) Share of total Twitter and relative change to 2019 baseline.

Supplementary Figure S1: Quarterly number of tweets on climate change.

model by assigning tweets to clusters by finding their 30 nearest
neighbours in the embedding space and determining the major-
ity class. Alternatively using the nearest cluster centroid did not
provide satisfying results.

Appendix D. Manual curation of topics

Our topic model, described in the previous section, identi-
fied 983 clusters. In order to draw any higher-level conclusions
from that, we manually annotated each topic by assigning it
to a theme. The themes were determined by consolidating the
candidates proposed in an initial open-domain round of anno-
tations by three annotators. Following that, each topic was la-
belled by one of six annotators based on reading a sample of
tweets from that topic to one of the eight themes: COVID-
19, politics, movements, impacts, causes, solutions, contrar-
ian, and others. We also marked 113 topics (1,025,877 tweets,
7.6% of the dataset) as not relevant. Most of those are con-
sidered spam as the topics contained virtually identical tweets
with only slight variations in wording, clearly indicating bot
activity across a few days, months, and sometimes even years.
Supplementary Table S2 provides an overview of the number
of topics per theme, the average topic sizes, number of tweets,
and at what point in the observed time-frame the most tweets
were posted. It is important to note, that our dataset does not
allow any comparative statements of how the pandemic and the
climate crisis are discussed on Twitter. Instead we can only ex-
plore tweets in the COVID-19 theme in the context of tweets
that mention climate change.

Appendix E. User behaviour

Supplementary Figure S7 shows ratios between the cumula-
tive number of tweets and the cumulative number of users over

time per theme. A steep incline of the curve indicates that a
fixed group of users is posting regularly, while convergence or
flatting of the curve indicates that only few users tweet repeat-
edly. Note, that users may be more active on the platform in
general, but we are limited to the perspective of only including
tweets mentioning climate change. Only few users tweet re-
peatedly about the pandemic in the context of climate change.
For most of the themes, the number of tweets per user initially
grows but converges over time. Interestingly, this ratio climbs
the highest and the longest in the politics and contrarian themes.
With the onset of the pandemic, the growth stagnates for over
a year until it starts growing again towards the end of 2021. In
contrast, the ratio for tweets on movements initially grows fast
but then quickly converges to 1.5 tweets per user.

Supplementary Figure S6 shows the overlapping themes
users post in. note, that some topics are labelled with more
than one theme, thus there’s an overlap by double-counting

8
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Supplementary Table S1: Quarterly (Q1-4) and annual (YR) tweet counts for “climate change” as shown in top panel Figure 1

Daily average

Year Q1 Q2 Q3 Q4 YR

2018 6,544 5,439 7,070 12,810 7,980
2019 14,175 15,507 18,367 15,565 15,914
2020 14,780 6,603 10,865 10,274 10,630
2021 10,548 10,463 15,910 17,235 13,564

Total count

Year Q1 Q2 Q3 Q4 YR

2018 589,000 494,915 650,401 1,178,497 2,912,813
2019 1,275,775 1,411,105 1,689,744 1,431,972 5,808,596
2020 1,344,968 600,829 999,548 945,200 3,890,545
2021 949,337 952,106 1,463,710 1,585,646 4,950,799

Supplementary Table S2: Statistics for themes showing the number of topic clusters (and the proportion of topics assigned to that theme), the number of tweets in
that theme (and the respective overall proportion), the average number of tweets per topic (and standard deviation), the month in the observed time-frame with the
most tweets, the number of spot-topics (and proportion of all spot-topics), and the ratio of spot-topics to topics and ratio of tweets in spot-topics to tweets per theme.

Theme Topics Tweets Tweets/Topic Peak month Spot-topics Ratios

NotRelevant 113 (11.5%) 1,025,877 (7.6%) 189 (1142.5) 2019-09 5 (8.2%) 4.42% / 0.4%
COVID-19 19 (1.9%) 115,760 (0.9%) 127 (531.2) 2020-03 1 (1.6%) 5.26% / 0.5%

Politics 227 (23.1%) 2,156,793 (16.0%) 198 (1211.4) 2020-01 25 (41.0%) 11.01% / 2.6%
Movements 59 (6.0%) 501,651 (3.7%) 177.1 (1106.9) 2019-09 6 (9.8%) 10.17% / 2.5%

Impacts 224 (22.8%) 1,211,292 (9.0%) 112.7 (742.0) 2020-09 14 (23.0%) 6.25% / 4.9%
Causes 33 (3.4%) 574,621 (4.3%) 362.8 (1405.0) 2021-11 2 (3.3%) 6.06% / 0.2%

Solutions 132 (13.4%) 989,239 (7.3%) 156.1 (532.3) 2021-11 6 (9.8%) 4.55% / 1.1%
Contrarian 191 (19.4%) 2,177,538 (16.1%) 237.5 (1279.4) 2019-09 7 (11.5%) 3.66% / 2.2%

Other 198 (20.1%) 4,744,306 (35.1%) 499.2 (6129.0) 2021-11 10 (16.4%) 5.05% / 0.3%

TOTAL 983 13,506,243 286.2 (3147.9) 2019-09 61 — / 0.9%

9
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Supplementary Figure S2: Two-dimensional projection of the dataset. Each dot corresponds to a tweet that is placed near its semantically similar neighbours.
Colours correspond to the theme assignments. Isolines based on the kernel densities of the distribution of dots per theme.

Supplementary Figure S3: Absolute number of tweets per theme per year and distribution of themes per year.
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Supplementary Figure S4: Analogous to Figure 2 with absolute numbers and shared y-axis.
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Supplementary Figure S5: Analogous to Figure 2 showing the share of tweets per day per theme (in %) in relation to the total number of tweets per theme.
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Supplementary Figure S6: Number of users posting in more than one themes.
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Supplementary Figure S7: Average number of tweets per user over time.
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