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Introduction

Most people now use social media platforms to 

interact with others, get informed, or simply be 

entertained.1 During the COVID-19 pandemic, 

social lives moved online to a larger extent than 

ever before, as opportunities for face-to-face 

social contact in daily life were limited.

In this chapter, we focus on what can be learned 

about people’s emotional experiences and 

well-being from analyzing text data on social 

media. Such data is relevant for emotion research, 

because emotions are not only internal experiences, 

but often social in nature: Humans communicate 

their emotions in either verbal or nonverbal ways, 

including spoken and written language, tone of 

voice, facial expressions, body postures and other 

behaviors.2 Emotions are often triggered by social 

events: we are sad when we miss someone, happy 

when we meet loved ones, or angry when someone 

disappoints us. Emotions also provide important 

social signals for others,3 informing them of adaptive 

ways to interact given their own motivation and 

goals. Given their valuable social function,  

emotions are regularly shared with other people 

and thereby influence other people’s emotions.4 

For instance, happiness may spread through 

social networks, and give rise to clusters of happy 

and unhappy people.5

Social media continuously captures communication 

between millions of individuals and large groups 

over long periods of time. Data from these  

platforms provide new opportunities to trace 

emotions and well-being of individuals and 

societies at new scales and resolutions. This has 

motivated researchers to use social media data  

to investigate questions around mental health,6 

emotional well-being,7 anxiety,8 collective  

emotions,9 or emotion regulation.10

A particular strength of new computational 

approaches is that they can aggregate emotion 

data at large scales and fast temporal resolutions, 

often relying on text analysis.11 Large social media 

datasets that combine data from many individuals 

are particularly well suited to examine large group 

phenomena at the level of populations, especially 

those involving interactions between individuals. 

For instance, social media has made it possible to 

study collective emotions, which emerge from  

the emotional dynamics in a large group of 

people responding to the same situation at 

proximate points in time.12 Interaction between 

individuals is a key feature of collective emotions, 

which can change the quality, the intensity and 

the duration of emotional experiences.

In the following, we provide an introduction to 

how emotional trends in society at-large can be 

measured using text data from social media. We 

describe two studies assessing whether this social 

media approach in the United Kingdom (U.K.)  

and Austria agrees with surveys on short-lived 

emotional experiences. We also briefly illustrate 

their application to long-term experiences like 

well-being or life satisfaction. We then provide an 

example from the COVID-19 outbreak to illustrate 

how social media text analysis can be used to 

track emotions around the globe. Finally, we 

discuss the advantages and disadvantages of 

social media emotion measures as compared to 

self-report surveys.

Assessing emotional expressions  
in social media data

The language that people use to talk about their 

own and others’ emotions on social media provides 

a possible window into their experiences. In this 

section, we discuss different methods for assessing 

emotional expressions from text, including their 

most important strengths and weaknesses.

Dictionary-based methods

One simple way of assessing emotional expressions 

developed by psychologists are emotion dictionaries, 

that is, lists of words that are usually associated 

with a particular emotion or emotional dimension. 

For example, a dictionary of positive emotions 

could include words like accept, beautiful, carefree, 

easiness, trust, and hope. In contrast, a dictionary 

for sadness may contain expressions like dull, cried, 

gloomy, heartbreak and miss.13 The dictionary 

approach is based on simple word counting: the 

higher the percentage of words associated with an 

emotion, the more a text is thought to express this 

emotion. In this so-called “bag-of-words” approach, 

the order or context of words is largely ignored.P
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Researchers have developed dictionaries for 

discrete emotions (e.g. anxiety, sadness, anger),14 

as well as dictionaries for dimensions of emotions 

such as valence, arousal and dominance.15 The 

expert word lists of LIWC, in particular, have been 

manually translated and evaluated in many 

different languages, such as Chinese,16 French,17 

Spanish18 or German,19 making them particularly 

suitable to investigate emotions around the globe. 

Other approaches that only distinguish between 

negative vs. positive sentiment are SentiSt-

rength20 and VADER.21 They also use counts of 

emotional words, but additionally assign weights 

to words to indicate the strength of sentiment, 

and further apply rules to account for other text 

features like exclamation marks, modifiers like 

“very” or negation of emotional words such as 

“not happy”. These additional strategies make 

SentiStrength and VADER less sensitive to word 

ambiguities.22 Lexicon- and rule-based approaches 

are referred to as unsupervised methods, because 

they do not require training on datasets of text 

examples with emotion labels.

Figure 4.1 depicts the coding of two example 

tweets based on the anxiety and sadness  

dictionaries from LIWC in English. There are two 

common approaches to code the emotional 

expressions in such tweets: (1) to calculate the 

fraction of emotional terms per tweet, and then 

take the average across all tweets per day, week 

or other time period of interest,23 or (2) to calculate 

the percentage of tweets in a given time period 

that contain at least one emotional expression.24 

The latter approach only makes sense when  

the analyzed texts are short, such as in the case  

of tweets.
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Machine learning methods

Machine learning methods for emotion classification 

originated from Natural Language Processing 

research in Computer Science.25 Among them,  

the so-called deep learning models or neural 

networks have the advantage of being able  

to consider not only word frequencies, but  

also information such as word order and other 

features of the context. The usual approach  

for emotion classification in machine learning 

relies on supervised methods, which require 

datasets of annotated texts with emotion labels 

for model training. These text labels are referred 

to as “ground truth”, and try to capture how 

humans would most likely interpret or express 

emotions in text. To train machine learning  

models with such a dataset, the texts contained  

in it need to be transformed to a numerical 

representation. This can be done through word 

embeddings or be constructed from unweighted 

or weighted frequencies for single words or short 

sequences of words (n-grams)26, or from index 

positions of words in vocabulary lists. Current 

state-of-the-art machine learning models for 

emotion classification are deep learning models: 

These models include an unsupervised first 

training step, during which they learn contextual 

embeddings, that is, information about word 

order and context, on large bodies of text without 

labels from general sources such as news or 

Wikipedia. This general training step involves, for 

example, learning to predict words that have been 

masked in sequences or predicting if a sentence 

follows a previous sentence (e.g. the models BERT 

or RoBERTa).27 In a second supervised training 

step, these models are adapted (“fine-tuned”) to 

the particular data source and classification task 

by running the word embeddings of the training 

data set through the pre-trained model and only 

tuning the final layer to predict the labeled classes 

for all text items (e.g., Twitter postings with 

emotion labels).28

While these deep learning models have the 

advantage of using most of the information 

available in text, they have the disadvantage of 

being black boxes that make it hard to explain 

why they predict a particular emotion for a 

particular text. This makes it difficult to check  

for systematic errors. This, in contrast, is very  

easy with dictionary-based methods as well as 

simpler machine learning models based on word 

frequencies as numerical representations. Yet, 

Figure 4.1: Coding of two example tweets based on the anxiety and sadness dictionary 
from LIWC.

Note: The first tweet contains the word anxiety, and 25 words in total. Based on this, one can calculate the fraction of anxiety 
relevant content (4%) per tweet, or simply count the tweet as one anxiety tweet in a large sample of tweets. After splitting hashtags 
into separate words (so called “tokenization”), the second tweet contains 16 words. Two sadness-related terms make up a fraction  
of 12.5%, or the tweet could simply be counted as a sad tweet.
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such approaches can often catch words in  

contexts where they do not express an emotion 

and fail to distinguish between ambiguous  

meanings of words. However, under the right 

conditions, when these errors are not systematic 

and there is enough data (e.g. for population-level 

emotions), or after removing ambiguous words,29 

dictionary- and frequency-based methods can  

still lead to satisfying results.

It is important to keep in mind that all of these 

approaches can only capture expressions of 

emotions presented in text, which may not  

necessarily align with people’s own current 

internal experiences. On social media, people may 

for instance talk about other people’s emotions, 

or reflect on emotions they experienced recently. 

Yet, for research questions about collective 

emotional states, or the emotions of populations, 

talking about the emotions of others may actually  

contribute valuable information about users  

not active on the specific social media platform.30 

Similarly, talking about recent and not current 

emotional experiences is only an issue when 

looking at minute-time scales, but not when daily 

or weekly emotional expressions are measured. 

One has to further keep in mind that social media 

data are not actively designed for research 

purposes, but are the by-product of the use of 

 a technology often designed for profit and 

influenced by technical decisions (“digital traces”). 

This raises problems linked to representativity, 

performative behavior and algorithmic biases.31 

For all of these reasons, it is important to validate 

measures of emotion for the particular use case. In 

the following, we present three studies that test 

which social media emotion measures correlate 

with self-reported emotions and life satisfaction 

at the population-level. These studies provide 

some evidence that certain social media measures 

can be valid indicators for emotional trends and 

well-being in societies at large.

Social media correlates for emotions 
and well-being of populations

We assessed how social media measures for 

emotions at the level of societies are related to 

self-reported emotions and life satisfaction in 

three case studies. They analyzed Twitter and 

survey data, collected at a weekly and daily 

frequency in the U.K. and Austria, respectively.

Weekly emotion measures from the  
United Kingdom

The weekly YouGov survey in the U.K. includes 

questions about how people have felt in the  

last week.32 The sample includes around 2000 

responses per week, and is representative for the 

U.K. population in terms of age, gender, social 

class, region and education. YouGov achieves this, 

first, through active sampling by inviting the right 

proportions per sub-group and allowing only 

invited participants to take the survey, and  

second, through statistically weighting to the 

national profile of all British adults.33 The survey 

started in June 2019, and constitutes one of the 

first opportunities to compare self-reported 

emotions in a large representative survey of the 

population with emotion scores derived from 

social media data.

In our study,34 we correlated weekly emotion 

reports with both dictionary and machine-learning 

emotion measures based on the text of 1.54 billion 

tweets from users in the U.K.. We chose social 

media emotion measures that correspond to three 

emotions assessed in the survey: sad, scared and 

happy. We used both the English LIWC dictionaries 

for sadness, anxiety and positive emotions,35 and 

the most closely related emotion labels from a 

supervised classifier based on RoBERTa (sadness, 

fear and joy).36 We trained the RoBERTa model  

to categorize emotions in a dataset of affective 

tweets from the SemEval’18 emotion classification 

competition,37 before predicting emotion labels on 

our dataset. For more details on model training 

The correlation of social media 
and survey emotions seems  
particularly high for the negative 
emotions of sadness and anxiety.
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and accuracy, refer to the Supplementary  

Information (SI) of our manuscript.38 

Before analyzing the data, we reported our 

hypotheses and our precise analysis plan in a 

so-called pre-registration.39 If results can be 

predicted in advance, this increases confidence in 

the evidence for the particular hypothesis - in our 

case - a positive correlation of social media and 

self-reported emotion measures. We pre-regis-

tered our analysis for two different time periods:  

a retrospective analysis of already existing data 

from June 2019 to October 2020 (the historical 

period), and a predictive analysis for tweets 

posted from November 2020 (the prediction 

period). Given that men are more visible on 

Twitter,40 we used gender information from our 

Twitter datasource (Brandwatch) to rescale our 

emotion measures to be more representative of 

the U.K. population. Specifically, we rescaled for 

gender by conducting separate analyses for each 

gender, before averaging across these results to 

calculate our final emotion scores. This corrects 

the measures for the higher proportion of male 

Twitter users.

Figure 4.2 shows the time-series of emotion 

reports in the survey and emotion scores calculated 

based on Twitter data, for both the dictionary  

and the machine-learning approach. It depicts our 

analysis separated into the historical period, for 

which data already existed when we pre-registered 

our analysis, and the prediction period, for which 

data did not yet exist at that moment. The x-axis 

depicts the gender-rescaled proportion of  

emotion reports in the survey, as well as the 

proportion of all tweets per week containing  

emotional terms, or labeled as emotional by  

our model. To make the time-series visually 

comparable, the figure presents a z-score for  

each proportion, calculated by subtracting the 

mean and dividing by the standard deviation of 

each time-series. Both social media and survey  

measures of sadness and anxiety clearly increased 

during the first COVID-19 outbreak for a relatively 

long time period. The proportion of tweets with 

positive emotional expressions on social media 

changed less, whereas tweets labeled as joy  

by our machine-learning model, as well as self- 

reports of being happy, experienced some sharp 

drops during the outbreak. We discuss emotional 

responses to the COVID-19 pandemic in detail in 

the case example later in this chapter.

Importantly, we observed high correlations 

between self-reported sadness and anxiety with 

Twitter emotion scores for both the historical and 

the prediction time period (see Figure 4.2).  

These correlations were particularly high for time 

periods that included large variations of emotions, 

such as the historical period that included the 

start of the COVID-19 pandemic. In most cases, 

the correlations were similar for dictionary and 

machine-learning based emotion scores. One 

notable exception, however, was for the happiness 

self-reports, which correlate more strongly with 

the machine-learning score for joy, than the LIWC 

dictionary-score for positive emotions. In the 

prediction period, the correlation with the positive 

emotions dictionary-score was non-significant.

In most cases, correlations were very similar  

when not re-scaled for gender. Yet, especially in 

cases where correlations were weaker (i.e., in the  

prediction period for the scores LIWC anxiety, 

supervised fear and LIWC positive emotions), 

rescaling for gender improved the correlation. 

Rescaling for gender may make the measures 

more representative, and remove the gender bias 

present on Twitter, since tweets posted by male 

users account for more than 60% of tweets with 

gender detected in our sample.

The degree of association that we observed 

between self-report and Twitter data is  

comparable to correlations among subjective  

variables detected in past research, such as 

surveys of political attitudes.41 While social media 

measures of emotions are not perfect, this  

analysis demonstrates that they provide a useful 

complementary source of information about the 

emotional state of a population. The relationship 

between social media and survey emotion  

measures becomes most visible in times of  

large variations of emotions, such as during  

the COVID-19 outbreak.

The correlation of social media and survey  

emotions seems particularly high for the negative 

emotions of sadness and anxiety. The supervised 

emotion classifier for joy also revealed good 
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Figure 4.2: Time-series of the weekly proportion of emotion reports in the YouGov survey 
and gender-rescaled emotion-scores on Twitter.
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results, while the LIWC dictionary for positive 

emotions did not. This could be attributed to  

the LIWC positive emotion dictionary not being 

specific to a particular emotion, but including a 

very broad range of positive terms (ranging from 

handsome to heroic, yummy, intelligent, value or 

bonus). In contrast to this dictionary, the classifier 

label “joy” maps directly to the emotion assessed 

in the survey, which likely explains the higher 

correlation. Additionally, this could also reflect a 

dissociation between positive verbal expressions 

and subjective states: People may use positive 

words as a way to bond with others or reassure 

them rather than to express their emotions, 

perhaps particularly so in negative situations.  

A similar deviation between positive emotional 

expressions on Twitter and self-reports has also 

been found in previous research on population- 

level life satisfaction and affective well-being.42

Given that Twitter users are not representative of 

the general population in terms of demographics 

and ideology,43 the positive correlations between 

Twitter and survey emotion measures we observed 

here are somewhat surprising. In contrast, tracking 

public opinion with Twitter data seems to be 

more challenging.44 A potential explanation is that 

emotional responses to crisis events are fairly 

similar across different groups of people, here 

those that use Twitter and those that do not. A 

second explanation for the strong correlations is 

that social media users notice and talk about the 

emotions of other people who are not using these 

platforms.45 This may increase the size and repre-

sentativeness of the group of people whose 

emotions can be captured using social media data.

In addition to the above analyses focused on 

correlating social media with survey emotions, we 

investigated if social media emotion levels would 

reveal potential gender-differences in response to 

COVID-19. Gallup World Poll data46 show that 

women experienced worry and sadness more 

often than men in the years before the COVID-19 

outbreak. The proportionate increases under 

COVID-19 were significant for both genders, and 

slightly larger for females. We analyzed social 

media emotion levels and changes to test if they 

replicate these patterns. To do this, we first 

calculated the proportion of tweets by women 

and men that expressed anxiety or sadness on 

Twitter in a pre and post COVID time period. 

Given that attention on Twitter quickly shifts to 

novel topics, we used a short COVID-specific time 

period instead of yearly emotion levels reported 

for the Gallup World Poll: We compared the first 

ten weeks after the COVID outbreak in the U.K. in 

2020 to a baseline period at exactly the same 

time in the year 2019. These ten weeks start with 

the day with 30 confirmed COVID-cases, namely 

March 1st, and end with May 10th, thereby excluding 

tweets linked to the Black Lives Matter protests 

toward the end of May 2020.

Table 4.1 summarizes the results. The proportion 

of male and female Twitter users in the U.K. who 

expressed anxiety-terms was similar during the 

Table 4.1: Percent of male and female Twitter users expressing anxiety or sadness  
pre- and during COVID, as well as absolute and relative changes between time periods

Pre-COVID During COVID Abs. change Rel. change

m f m f m f m f

LIWC anxiety 4.27 4.28 4.87 5.29 0.60 1.01 14.06 23.66

LIWC sadness 5.96 6.34 6.58 7.50 0.63 1.17 10.50 18.39

RoBERTa fear 6.04 6.46 7.28 7.83 1.23 1.37 20.40 21.25

RoBERTa sadness 14.96 16.24 16.43 18.33 1.47 2.10 9.83 12.91

 
Note: Time periods include data from 1 March to 10 May in 2019 for the pre-COVID period and in 2020 for the period during COVID. 
LIWC denotes the dictionaries with anxiety and sadness words, and RoBERTa the deep learning model used to predict emotion labels.
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baseline, and increased slightly more in women 

(by 23%) than in men (by 14%) during COVID-19. 

The percent of users expressing fear, according to 

the RoBERTa model, was slightly higher pre-COVID 

among women (6.46 vs. 6.04%), but then increased 

similarly in both genders (by 20-21%). For sadness, 

both methods (LIWC and RoBERTa) showed that 

sadness expression was more prevalent in women 

before COVID, and increased more strongly 

among women during COVID-19 (by about 13-18% 

vs. around 10% in men). In summary, our Twitter 

data thus confirm the higher prevalence of sadness 

pre-COVID in women than men. This gender 

difference is also slightly visible for fear, but not 

necessarily for anxiety. During COVID-19, the 

increases in anxiety and sadness are larger for 

women than men in both types of data, to a 

greater extent in the Twitter data than in the 

Gallup survey.

Daily negative and positive sentiment  
measures from Austria

In a similar study using data from Austria,47 we 

compared daily self-reports of negative and 

positive emotions collected in a survey with 

sentiment based on postings from two social 

media platforms. We used data from a daily 

emotion survey conducted on the website of an 

Austrian online newspaper (Der Standard) for 

three weeks in November 2021, and text data 

from the discussion forum on the same website 

with around 25 thousand posts per day on  

average, as well as from Twitter users in Austria.

In the emotion survey, participants reported if 

they had rather positive or negative feelings when 

thinking of the previous day. Based on 268,128 

reports, we calculated the fraction of self-reported 

positive emotions over the total of self-reports in 

a day. As in the U.K. study, we calculated text  

sentiment scores with both emotion dictionaries,48 

as well as a supervised deep learning classifier 

based on BERT (German Sentiment, GS).49 The 

text data included a large number of postings 

from the two social media platforms: around 1.5 

million posts on the forum of Der Standard, and 

around 1.35 million tweets. Despite their large size, 

these datasets are noticeably smaller than the 

ones in the U.K. study above due to the much 

shorter time window (three weeks vs. two years), 

the much smaller country population (8.9 million 

vs. 67.2), because a lower proportion of the total 

population use each social media platform (U.K. 

active Twitter users 29% vs. Austrians with an 

account on Twitter 17% and on Der Standard 

6%).50 We rescaled daily text sentiment  

aggregates by subtracting and dividing by a 

baseline mean. The baseline was defined as the 

time period from the first Austrian COVID-19 

lockdown (March 16th to April 20th 2020), since 

the survey period was also during a lockdown.  

To make text sentiment comparable to the survey, 

we subtracted the rescaled negative emotion 

measure from the rescaled positive emotion 

measure for both LIWC and GS. We also calculated 

an aggregate text sentiment measure by taking 

the average of the resulting scores across LIWC 

and GS. Results reported below used this  

aggregate measure, but Table 4.2 reports results 

separately for each method and the positive  

and negative component.

We found a very strong and robust positive 

correlation between the survey and the Der 

Standard aggregate sentiment (see Figure 4.3A, 

r=0.93, 95% CI [0.82,0.97], p<10-8). The text 

sentiment aggregate explained 85% of the variance 

in the daily proportion of positive emotions (see 

Figure 4.3B). Similarly, when comparing changes 

in the proportion of positive emotions between one 

day and the next, the text sentiment aggregate 

explained 70% of the variance in changes in 

reported emotions (Figure 4.3C).

We tested the robustness and generalizability of 

our results using data from Twitter as a second 

social media platform. This pre-registered analysis 

also found a clear positive correlation between 

the survey on Der Standard and aggregate text 

sentiment on Twitter (r=0.63, 95% CI [0.26,0.84], 

p<0.003). This correlation is already in itself 

surprisingly strong, especially given that the 

survey and the postings come from different 

platforms. Based on our pre-registration, we had 

only included data from non-organisational 

accounts and accounts with fewer than 5000 

followers. When we relaxed this criterion to  

100 000 followers, as in our other studies,51  

the correlation increased to r=0.71 (95% CI  
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[0.39, 0.88], p<.0005). This shows that influential 

accounts in social networks contain crucial informa-

tion to calculate sentiment aggregates, in line with 

the hypothesis discussed above that Twitter users 

may sense the emotions of others.52 We further 

found that the Twitter sentiment signal is lagged 

by a day compared to the emotion survey. Shift-

ing by one day yielded a correlation of r=0.90 

(95% CI [0.75,0.96], p<10–6). While news articles 

are immediately discussed in the online newspa-

per forum, this discussion seems to take a day to 

reach other social media platforms.

Comparing dictionary-based (LIWC) and  

machine-learning based methods (GS) in this study 

with German text data revealed that both methods 

contribute to explaining self-reported emotions (see 

Table 4.2). Positive GS measures correlated more 

strongly with survey emotions, although positive 

LIWC also performed well. Yet, for negative emo-

tions, the best method depended on the platform 

(GS for Der Standard data, LIWC for Twitter data). 

Overall, both of these German negative sentiment 

measures performed worse than the positive 

ones, suggesting some room for improvement.

Figure 4.3: Time-series and correlation of reported emotions and text sentiment in the  
Der Standard online forum.
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Combining negative and positive emotion  

components into one aggregate score proved to 

result in the highest correlations with self-reported 

emotions in the GS case, and for LIWC with data 

from one of the two social media platforms. Table 

4.2 reports results for each component (positive, 

negative) and each method (LIWC, GS) separately.

In conclusion, this second study finds that  

measures of sentiment based on text from the 

online forum of a newspaper track daily emotions 

reported by readers of that newspaper. These 

results also generalize to text sentiment on a 

second and separate social media platform. We 

find strong positive correlations with both levels 

and changes of daily sentiment. When comparing 

machine-learning and dictionary-based methods, 

the supervised classifier shows more consistent 

performance and generally higher point estimates 

(although with overlapping confidence intervals 

and not for LIWC negative on Twitter). Combining 

both methods for Der Standard adds a small 

increase to the already strong correlations of the 

supervised classifier alone.

Longer-term well-being: satisfaction with life  
in the United Kingdom

Affective measures of well-being, like current 

happiness, anger, or sadness, can change on a 

daily basis. For instance, affective measures of 

well-being follow a well-known weekly pattern, 

with more positive emotions on weekends than 

weekdays.53 In contrast, evaluative measures of 

well-being, including life satisfaction, are more 

stable,54 given that they ask people to reflect  

on their life as a whole rather than their current 

affective state. Given that most social media 

interactions are very short-lived, one would 

therefore predict a lower correlation between 

text-based positive or negative emotion measures 

with self-reported life satisfaction than with 

affective measures.

We explored whether social media posts can be 

used to predict changes in life satisfaction using 

YouGov’s U.K. weekly life satisfaction survey in 

which respondents are asked: “Overall, how 

satisfied are you with your life nowadays?” To 

approximate the answer to this question with text 

from social media, we used Twitter data from the 

above study in the U.K.. We calculated a gen-

der-rescaled daily score as dictionary-based 

positive minus negative emotions, as in previous 

Table 4.2: Correlation of positive emotions in the survey with sentiment measures  
based on text from two social media platforms and either dictionary-based (LIWC)  
or machine-learning (GS, German Sentiment) methods.

Correlation with positive 
survey emotions

Der Standard postings  
on the same day

Twitter postings  
one day later

LIWC+GS combined 0.93 [0.82,0.97] 0.90 [0.75,0.96]

LIWC (positive-negative) 0.74 [0.44,0.89] 0.85 [0.65,0.94]

LIWC positive 0.81 [0.56,0.92] 0.80 [0.56,0.92]

LIWC negative 0.03 [-0.42,0.46] -0.74 [-0.89,-0.43]

GS (positive-negative) 0.91 [0.78,0.96] 0.91 [0.79,0.96]

GS positive 0.89 [0.75,0.96] 0.91 [0.79,0.97]

GS negative -0.57 [-0.81,-0.18] -0.39 [-0.71,0.06]

 
Note: The table includes sentiment aggregates (positive minus negative emotions), as well as positive and negative components 
separately. Shift 1 denotes a shift of one day. Brackets indicate 95% bootstrapped confidence intervals.
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research.55 We used LIWC to measure the frequency 

of tweets expressing positive and negative emotion. 

We applied a rolling window of four weeks to 

encode the longer timescale of the question and 

compared the answers to the survey in a given 

week to the Twitter data from the same week and 

the previous three weeks.

Figure 4.4 shows the time series of life satisfaction 

and Twitter sentiment for the historical and 

prediction period defined in the U.K. study. The 

correlation between the Twitter signal and  

satisfaction with life is 0.38 (95% CI [0.14, 0.57], 

p<.01) in the historical period and 0.56 (95% CI 

[0.27, 0.75], p<.001) in the prediction period, 

suggesting that emotional expression on Twitter 

might be partially informative of population-level 

changes in subjective well-being. As anticipated, 

these correlations are smaller than those seen 

between Twitter sentiment and daily or weekly 

emotion measures reported above, which  

aligns with past research on the relative sensitivity 

of affective state measures and stability of  

life evaluation measures.56 That social media 

measures relate to life satisfaction in similar  

ways as self-reported emotions further increases 

the confidence in the validity of social media 

emotion measures.

We must highlight, however, that this analysis 

shows the changes over time within a country  

and does not test whether different levels across 

regions could be explained with social media 

data. Previous research has shown weak or 

inconsistent results when correlating various 

well-being measures with LIWC-dictionary-based 

text analysis results across regions in the United 

States.57 This may hint that these emotion  

measures might not be good to identify differences 

in well-being between places, but can be good 

enough to identify changes over time within the 

same place. In contrast to LIWC, machine-learning 

based emotion scores yielded more robust 

predictions of self-reported life satisfaction in the 

same U.S. study. Future research could investigate 

if LIWC works better for correlating across regions 

when using changes rather than levels of well-being. 

One further explanation for why we observed 

positive correlations with LIWC-emotion measures, 

although Jaidka et al.58 did not, are the strong 

variations of social media emotions and subjective 

well-being during large events like the COVID-19 

pandemic.

Given that life evaluation measures encompass so 

much information, the medium-sized correlations 

with social media emotions we observed are 

impressive, and suggest that further developing 

Figure 4.4: SWL in Yougov and sentiment in Twitter
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social media measures for long-term well-being  

is promising. However, we must note that the  

time span for which the YouGov survey is  

currently available is too short to draw strong 

conclusions about such slowly-changing time 

series. This also calls for future research when 

more data are available.

Given that digital traces from social media seem 

to be valid indicators for the emotional state of 

populations, we will now demonstrate how social 

media data can be used to investigate the evolution 

of emotions around the globe during the early 

outbreak of the COVID-19 pandemic in 2020.

A case example: Emotional  
expressions on Twitter during  
the COVID-19 outbreak

The COVID-19 pandemic exposed people from all 

over the world to unexpected and unprecedented 

health threats and drastic changes to their social 

lives. Using social media data, we tracked people’s 

emotional well-being in countries around the 

world as a new dangerous virus spread, and 

increasingly stricter protection measures were 

implemented. During the first 5 weeks of the 

COVID-19 outbreak, we analyzed data on  

8.3 billion public tweets in six languages, (English, 

Italian, Spanish, German, Dutch and French)  

from 18 countries. These countries included ten 

from Western Europe (Austria, Belgium, France, 

Germany, Ireland, Italy, the Netherlands, Spain, 

Switzerland and the United Kingdom) four from 

Latin America (Chile, Ecuador, Mexico and Peru) 

and four other western industrial countries  

(Australia, Canada, New Zealand and the United 

States). We focused on evolutions of anxiety, 

anger, sadness and positive emotions, because  

we expected the pandemic events to impact 

these emotions, and because all of them may 

be relevant to the management of a pandemic 

outbreak. Anxiety, for instance, develops when 

people lack clear explanations and feel unable to 

cope with a threat,59 and impacts risk perception, 

active information seeking, and compliance with 

recommendations.

Following the methodological approach in earlier 

studies of emotional responses to catastrophic 

events,60 we measured the proportion of emotional 

tweets expressing either anxiety, sadness, anger 

or positive emotions using LIWC,61 a validated 

emotion-dictionary that exists in all of these six 

languages. We matched the text of tweets to the 

word lists from the dictionary, and then calculated 

the daily number of tweets that contained at least 

one of the emotional terms for the time period 

between 1 January 2019 and 15 April 2020. In 

order to allow for comparisons between countries, 

we baseline-corrected the proportion of emotional 

tweets for the average level in 2019 (subtracting 

and dividing by this baseline). In addition to 

investigating the evolution of emotional expressions 

over time, we analyzed associations with real 

world events, including the number of confirmed 

COVID-19 cases62 and the stringency of measures 

against the spread of the virus.63

Anxiety

At the start of the COVID-19 outbreak, we observed 

large increases in the percent of tweets containing 

anxiety terms in all countries. Figure 4.5 illustrates 

this change for anxiety in four example countries 

with different native languages. It shows for 

instance that anxiety-terms increased for the first 

time by more than 40% exactly at the time the 

first case of COVID-19 was diagnosed in Italy. 

They then increased to their highest peak of 96% 

when cases began to rise, shortly before stringent 

measures against the spread of the virus were 

implemented for the first time. The highest 

anxiety peaks in the 18 countries were in between 

20% and 96% increases from the baseline. The 

brief anxiety peak just before the outbreak in 

Germany is a good example for how emotional 

expressions on Twitter usually change in response 

to one-off catastrophic events, here a terrorist 

Anxiety seems not only related  
to cases, but also to the increase 
in the stringency of measures.
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Figure 4.5: Time series of emotional expressions on Twitter in four example countries with 
different languages.

Note: The left y-axis depicts the percentage of tweets containing words for each emotion, as well as the value of the stringency 
increase (range 0-100). For emotions, a value of zero corresponds to the average level per weekday in 2019. The right y-axis depicts 
cumulative number of cases and deaths on a log-scale (the maximal number is different for each country). Colored vertical lines 
depict important events, which were identified by inspecting word frequency plots on the date of the peak. The labelled spikes 
highlight the face validity of the emotion measures: In Germany, anxiety and anger increased after a terrorist attack. In the U.S. and 
Canada, sadness increased in response to reports about Kobe Bryant’s death, whereas anxiety increased as Americans excitedly 
followed the play of their favorite football teams during the Superbowl. Anger and anxiety spiked after the U.S. military assassinated 
Iranian military officer Soleimani, as well as during the election of a prime minister in a politically polarized climate in Spain. The gray 
rectangles at the bottom of each figure depict the time periods this study used for some analyses: a control period from mid-January 
to mid-February, and 5 consecutive weeks after the outbreak in each country (the day with 30 cases).
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attack in Hanau. The higher use of anxiety-terms 

during COVID-19 was much more sustained. 

Figure 4.5 further indicates the time periods used 

for most statistical analysis with gray rectangles 

at the bottom of each panel: A control period 

from mid-January to mid-February, and the first 

five weeks after the outbreak (the day with 30 

cases) in each country. Using the average across 

these five weeks, Figure 4.6A shows that the 

increase in anxiety-terms could be observed in  

all 18 countries in our sample. More specifically, 

during the first five weeks after the outbreak, 

anxiety-related terms were on average between  

5 and 40% higher than during the baseline period 

(the year 2019).

In the first week after the outbreak (defined as 

the day where COVID-cases reached 30 cases in a 

country), the extent of the anxiety increase clearly 

correlated with the growth in COVID-19 cases 

across countries (r=0.52, p=.023, Figure 4.7A). 

Most of the countries with the highest anxiety 

levels were also those with the strongest growth 

in confirmed COVID-cases in the first week, 

including for example Ireland and New Zealand. 

Italy is one exception with a lot of anxiety  

expressions but lower case growth; anxiety in  

Italy was likely influenced by Italy being the first 

country in Europe where cases were diagnosed.

Anxiety seems not only related to cases, but also 

to the increase in the stringency of measures that 

governments implemented to reduce the spread 

of the virus. As the timelines of Italy, Spain and 

the U.S. in Figure 4.5 illustrate, anxiety and the 

stringency increase happen almost in parallel.  

The increase of anxiety-related terms on Twitter 

occured shortly before or at the same time  

as more stringent measures were implemented in 

15 of 18 countries. As Figure 4.5 shows, anxiety 

starts to decrease 2-3 weeks later, once stricter 

measures are in place. This decrease may reflect 

that people relaxed as they felt that governments 

were doing something to cope with the threat and 
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Figure 4.6: Consistency of emotion changes across countries in the 5 weeks after  
the outbreak.

Italy

Netherlands

Belgium

Switzerland

Australia

U.K.

Ireland

Canada

Austria

U.S.

Germany

New Zealand

Spain

Ecuador

Chile

France

Mexico

Peru

Spain

Mexico

Chile

France

U.S.

Belgium

Italy

Netherlands

Switzerland

Canada 

Peru

Ecuador

Australia

U.K.

Germany

New Zealand

Ireland

Austria

Ecuador 

UK

Ireland

Australia

New Zealand

Canada

Switzerland

Netherlands

Italy

Peru

Belgium

Chile

Mexico

Spain

U.S.

Austria

Germany

France

Switzerland

Austria

Netherlands

U.S.

Belgium

U.K.

Germany

Ireland

Spain

Canada

Australia

New Zealand

Ecuador

Peru

Mexico

Chile

Italy

France

A: Anxiety % change

C: Anger % change

B: Sadness % change

D: Positive % change

-20

-20

-20

-20

-10

-10

-10

-10

0

0

0

0

10

10

10

10

20

20

20

20

30 

30 

30 

30 

40 

40 

40 

40 

Note: The x-axis depicts the average percentage change of tweets containing at least one emotion word in the five weeks  
after the COVID-19 outbreak compared to the baseline. Error bars represent binomial 95% confidence intervals calculated with  
the Clopper-Pearson method.



World Happiness Report 2022

93

to protect them. Words like staying (at home), 

buying (of groceries), emergency, health, conta-

gion and information were among the most 

frequent words in anxiety tweets, confirming that 

a large part of people’s worries were directly 

linked to the spread of the virus as well as the 

consequences of lockdowns.

Sadness

Sadness-related expressions increased more  

gradually and later than anxiety-related ones. This 

is visible in Italy, Spain and the U.S. in Figure 4.5. 

On average, sadness reached its highest level 

three weeks after the outbreak, and remained 

stable for the following two weeks (these weeks 

are visually indicated with gray rectangles for the 

four example countries in Figure 4.5). The gradual 

increase of sadness terms occurred a while after 

stringency of social distancing measures  

increased, and remained high about two weeks 

later (Figure 4.7B). Although sadness increased 

less than anxiety, peak increases still ranged from 

7% to 52% among countries. Figure 4.6B illustrates 

that the increase in sadness expressions was  

also quite consistent across countries, with only  

2 countries not showing a significant increase. The 

timing and the duration of the changes in sadness 

terms suggests that sadness may have been a 

response to the loss of contact and daily routines 

during lockdowns. Consistent with this, words 

related to physical distancing (quarantine,  

isolation, confinement, social, lockdown, stay at 

home, going out) were used more often in tweets 

expressing sadness (and other emotions) than in 

other tweets (see the SI of our study).64 In contrast, 

deaths were in general not mentioned frequently, 

Figure 4.7: Associations of emotion levels with COVID-19 cases and measure stringency
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which makes sense given that there were not  

that many casualties during the early stage of the 

pandemic. Altogether, the timing and content of 

tweets with sadness-related expressions suggest 

that changes to people’s everyday life were a 

driving factor of the increase in sadness.

Anger

Anger expressions on Twitter decreased during 

the onset of the pandemic. Similar to sadness, this 

change also occurred gradually, starting around 

the time of the first clear increase in measure 

stringency in most countries. Anger expressions 

significantly dropped in 14 out of the 18 countries, 

and remained less frequent until the end of the 

five weeks we analyzed. The decreases around 

the onset of stringent measures may indicate that 

people were generally not opposed to the actions 

their governments took at this early point in the 

pandemic. In addition, decreases of anger terms 

may also be a consequence of discussions on 

Twitter focusing on COVID-19, and therefore less 

on the many other controversial and political 

topics that are usually discussed on this social 

media platform in many countries. Although 

media discourse might have created the impres-

sion that people were angry about government 

regulations during the first outbreak, they may 

actually have been less angry than about previous 

political decisions. Consistent with this, we ob-

served a shift in topics of conversation from 

political ones in 2019 to pandemic-related issues 

after the outbreak across countries and emotions.

Positive emotions

In contrast to the three negative emotions  

discussed above, expressions of positive emotions 

on Twitter remained relatively stable during the 

first 5 weeks of the pandemic. Average changes 

during this time period were between -5 and +5% 

(Figure 4.6D). In six countries, positive emotion 

terms dropped slightly just at the moment when 

public health measures became more strict (Peru, 

Italy, New Zealand, Mexico, Chile, Spain). This can 

be observed, for example, in the time series for 

Italy in Figure 4.5. This decrease was brief, however, 

possibly because people started to notice positive 

aspects (e.g., of spending more time at home). 

This finding could suggest at least a short-term 

resilience to the challenges during the early phase 

of the COVID-19 outbreak. Yet, it could also be a 

consequence of the broad range of terms included 

in the positive emotions LIWC-dictionaries. Some 

positive emotions may have actually decreased 

more, while others may have increased.

Duration of emotional changes

To assess the duration of emotional changes,  

we counted the number of days in a row during 

which social media emotion measures remained 

significantly above or below their median level  

of the previous year in each country. These time 

periods were much longer during the pandemic 

outbreak than what was observed during previous 

one-off catastrophic events.65 The maximal 

duration of sustained changes in all four emotions 

during COVID-19 were among the longest ones 

since the beginning of 2019 in all countries, and 

the single longest one in the majority of countries 

(see Figure 4.8). Specifically, 16 out of 18 countries 

had not experienced such long periods of elevated 

anxiety and sadness before COVID-19. Ten and 

eleven countries, respectively, also experienced 

the longest sustained periods of decreased anger 

and positive emotions during COVID-19. Longer 

increased anxiety before COVID-19 occurred only 

in two countries during political protests in 2019 

(against social inequality in Chile, and austerity 

measures in Ecuador). Similarly, longer elevated 

sadness occurred in Chile during the same protests, 

and after a political scandal in Austria (the so-

called Ibiza affair).

Conclusion on collective emotions during the 
COVID-19 outbreak

Taken together, our analysis of social media text 

data during the early COVID-19 outbreak revealed 

Anger expressions on Twitter 
decreased during the onset of  
the pandemic.
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the most enduring changes in emotional expression 

observed on Twitter since at least the beginning 

of 2019 in most of the 18 countries. Anxiety-related 

terms increased early and strongly in all countries, 

shortly before the onset of lock-downs. The 

upsurge of anxiety was stronger in countries with 

larger increases in cases. Sadness terms rose and 

anger terms decreased around two weeks later, 

shortly after strict physical distancing measures 

like lock-downs were implemented. Sadness and 

anger expressions remained high and low,  

respectively, until the end of the five weeks we 

analyzed, suggesting that expressions of these 

emotions may have been associated with people’s 

experiences during lock-downs. In contrast, 

anxiety expressions gradually decreased towards 

baseline a while after the onset of strict measures, 

possibly indicating that people got used to the 

new danger and public health measures, or were 

relieved that measures were taken. Positive 

emotions remained relatively stable throughout 

this early phase of the pandemic. Time-sensitive 

analyses of large-scale samples of emotional 

expression such as this one could potentially 

inform mental health support and risk  

communication during crisis.

When to use social media data: 
Strengths and limitations

Social media indicators for emotions are better 

suited to assess emotional well-being in some 

than in other situations. Many features of social 

media data are not clearly disadvantages or 

advantages, but have good and bad sides  

depending on the research question. Although  

we have assigned each feature to either strength 

or limitations below, we highlight both sides and 

compare to survey research where relevant.

Strengths of social media data

Collecting social media data typically requires 

much lower effort and costs than surveys. Digital 

Figure 4.8: Time intervals for which anxiety and sadness remained continuously above 
their median level in 2019 in each country.
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period, while the gray box plot represents the distribution of time intervals before COVID-19. Because most countries only  
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trace data is collected constantly as social media 

are “always on”,66 allowing changes in emotions  

or other measures to be monitored at very short 

time intervals. Their continous historical record 

further allows matching the time course of  

emotional changes to unexpected events, such  

as natural disasters and terrorist attacks.67 Most 

survey research only starts with a considerable 

delay after such events, and therefore lacks a 

baseline measure. In addition to studying rare  

and unexpected events, the large size of social 

media datasets also allows researchers to study 

heterogeneity across regions or time, and to 

detect small differences.68

The above case studies have shown that social 

media data seem to more accurately reflect 

people’s responses in surveys for short-lived 

emotional experiences, than longer-term well- 

being, such as life evaluations. That social media 

data is better suited for more short-lived  

phenomena is true beyond emotion research: 

Long-term analyses of social media data are 

complicated by drift in who uses social media, in 

how it is used, and of the platform system itself 

over time.69

Social media analysis relies on written emotional 

expressions to provide an indirect measure of 

emotions. This is sometimes seen as a disadvantage 

compared to surveys, which directly ask people 

about their internal emotional experiences. Yet, 

indirect measures also have their advantages: 

They are less reactive than direct measures, that 

is, less likely to change behavior.70 Direct ques-

tions make strategic answers more likely, that is, 

respondents can say what others like to hear and 

avoid unpopular answers. In contrast, indirect 

social media emotion measures are less influenced 

by social desirability, the reference group effect, 

and other reporting biases.71 Their continuously 

available measures also reduce memory biases in 

questions about emotions in the past. Furthermore, 

if a more direct measure is required, this can also 

be achieved with social media data by only 

focusing on explicit emotion expressions like  

“I am sad/angry/happy etc”.72

Finally, social media can in some circumstances 

include people that are hard to reach with surveys. 

For instance, they make it easier to include 

non-English speakers as no survey translation is 

necessary, which is especially important when 

studying low-income countries.73

Limitations of social media data

Unlike surveys and experiments, which can be 

tightly controlled and usually include control 

groups, it is much harder to draw causal  

conclusions from observational social media 

studies (low internal validity). In contrast, social 

media emotion measures have potentially high 

ecological validity, and can capture the social 

nature of emotions, as they trace emotional 

expressions in real online social interactions.74

Social media data are usually not representative, 

and the lack of individual demographic data 

makes it hard to study specific population  

sub-groups. Surveys are more suited for research 

questions that require such data. Non-representative 

social media data can still be very useful for 

within-sample comparisons,75 and, as we have 

shown, can correlate with emotional self-reports 

in representative surveys at the population-level, 

providing some evidence for convergent validity. 

Yet, we only provide evidence that social media 

indicators can capture emotions in societies at 

large. It remains to be further investigated under 

which circumstances and with which methods this 

works best. Evidence regarding validity of social 

media emotion measures at the level of individuals 

or small groups is currently weak. Some studies 

on within-person correlations of self-reported 

emotions or life satisfaction with emotion  

expressions in text found higher correlations for 

negative than positive LIWC dictionaries.76 Others 

found no substantial correlations.77 Some of these 

studies work with Facebook posts, others with 

recordings of everyday speech or essays in which 

individuals wrote down their current thoughts 

Social media data seem to  
more accurately reflect people’s 
responses in surveys for short-
lived emotional experiences, than 
longer-term well-being.
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(stream of consciousness). Some use counts of 

words, others look at the size of vocabularies 

individuals use to express each emotion. It  

remains to be explored which methods work  

best, and which types of data contain information 

about emotions.

Although social media data is less influenced by 

reporting biases than surveys, social media users 

know that their postings will be read by others, 

which influences what they say and do not say. 

Social media data are further not designed for 

research purposes, and often do not contain the 

information that would most precisely measure 

the construct of interest.78 Instead, they are much 

more “dirty”79 than traditional social science 

research data, usually including spam and  

postings by bots. Additionally, they are algorith-

mically confounded, meaning that algorithms and 

platform design influence the behavior that is 

observed. Finally, access to social media data is 

controlled by private corporations, and the data 

can sometimes include sensitive information.

Table 4.3 provides an overview of strengths and 

limitations of social media emotion measures 

discussed in this section.80 To provide a guide  

for interested researchers, we published a  

methodological survey of best practice examples, 

as well as common pitfalls of research using  

social media data in affective science.81 When 

used critically and with robust methodologies, 

Table 4.3: Strengths and limitations of social media data, and how these influence the 
validity of social media research

Features of social media data

Strengths Limitations

Low cost and effort for data collection Incomplete: Not designed for research

High time-resolution (down to minute time-scales) “Dirty”: Include spam and postings by bots

Continuous historical record Drift in social media users, ways of using them, and in 

platform design complicates studies of long-term trends

Access to very large samples Non-representative samples

Non-reactivity of indirect measures: not influenced by 

reporting biases

Behavior is not “natural”: People only talk about certain 

things on social media, and avoid talking about others.

Provides access to information from people that  

are hard to reach with surveys (e.g. working population, 

non-English speakers)

Data are sometimes inaccessible and/or sensitive

Data is algorithmically confounded

Influence on validity of social media research

High ecological validity: behavior in real  

online social interactions

Low internal validity: causal conclusions are difficult

Current evidence suggests potential convergent  

validity for measuring emotions of large groups  

(e.g. societies). Yet, evidence differs across different 

emotions and methods.

Evidence for convergent validity of individual-level 

emotion is weak.

Higher convergent validity for short-lived emotional 

experiences.

Lower convergent validity for long-term well-being 

measures like life satisfaction.
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these large-scale observational data can serve  

as valuable complements to traditional  

methodologies in the social sciences.

Conclusion

Three case studies presented in this chapter 

provide evidence that emotion measures based 

on social media postings can track emotions at  

a society-wide level. These aggregate measures 

seem to be more accurate for measuring  

affective experiences at shorter time-scales,  

with correlations highest for short-lived emotions 

reported daily, and lowest for more slowly  

changing measures of well-being like satisfaction 

with life. In both cases, and especially for slower 

well-being trends, more research is needed  

once further data are available. When gender  

information is available, rescaling for gender  

can increase the information available from 

sentiment measures. Dictionary-based as well  

as machine-learning based methods of assessing 

emotions in text seem to contribute some  

information to predict emotions reported in 

surveys at the population level in our case studies. 

Regarding the LIWC dictionaries, this works 

better for anxiety and sadness than positive 

emotions in English, and better for positive than 

negative emotions in German. Finally, in English 

and German, machine-learning measures for 

positive emotions performed better than  

dictionary-based measures.

Social media data can support 
research questions for which  
survey data are not available.
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Social media data can support research questions 

for which survey data are not available, such as 

retrospective analyses, crisis research, or studies 

on populations hard to reach with surveys. We 

have presented one example for crisis research, 

using indicators of emotional well-being in 18 

countries during the COVID-19 outbreak. During 

the first five weeks of the COVID-19 outbreak, we 

observed strong initial increases in expressions of 

anxiety on Twitter, associated with the growth in 

cases and the stringency of measures. A bit later, 

social media measures of emotional expressions 

indicated a gradual increase in sadness and 

decrease in anger, which began at the time where 

stringency measures included strict lockdowns. 

Anxiety gradually relaxed once measures had been 

implemented, suggesting that people habituated 

to the new circumstances or felt reassured by their 

governments’ actions. Anger expressions dropped 

as discourse on social media shifted away from 

politically polarized discussions and focused on 

COVID-19. Sadness seemed more strongly associated 

with  effects of social distancing measures on 

people’s personal lives, and only linked to deaths 

by COVID-19 as these became more prevalent.

The correlation studies presented in the first half  

of this chapter suggest that social media data 

reveal information about the emotional well-being 

of residents of these countries during this early 

pandemic stage. Taken together, social media 

emotion data provide added value in addition  

to representative surveys. The correlations we 

observed in the U.K. study were in the range of 

correlations between surveys, suggesting that 

social media data are suitable as a complementary 

source of information on emotions. Potentially, 

social media and survey data may even contribute 

some unique information to predict outcomes  

like suicide hotline calls, hospital visits, police  

calls, or overdose rates. Future research could 

explore if combining these two sources of data 

could help to better predict and respond to  

such important outcomes.

P
h

o
to

 b
y
 A

d
a
m

 N
ie

sc
io

ru
k
 o

n
 U

n
sp

la
sh



World Happiness Report 2022

100

Endnotes

1 See Shearer (2018), and European Commission (2018)

2 See Rimé (2009)

3 See Hareli and Hess (2012)

4 See Goldenberg et al. (2020), and Rimé (2009)

5 See Fowler and Christakis (2008)

6 See Chancellor and De Choudhury (2020)

7 See Jaidka et al. (2020)

8 See Elayan et al. (2020)

9 See Garcia and Rimé (2019)

10 See Fan et al. (2019)

11 See Golder and Macy (2011) and Dodds et al. (2011)

12 See Goldenberg et al. (2020)

13  examples taken from Linguistic Inquiry and Word Count, 
LIWC; Pennebaker et al. (2007)

14 e.g., LIWC, Pennebaker et al. (2015)

15  National Research Council Valence, Arousal, and Dominance 
lexicon, by Mohammad (2018), and Warriner-Kuperman- 
Brysbaert Affective Norms lexicon by Warriner, Kuperman, 
and Brysbaert (2013)

16 See Huang and Zhang (2012)

17 See Piolat et al. (2011)

18 See Ramírez-Esparza et al. (2007)

19 See Wolf et al. (2008)

20 See Thelwall et al. (2010)

21 See Hutto and Gilbert (2014)

22 See Jaidka et al., (2020)

23 See Garcia and Rimé (2019), and Pellert et al. (2021)

24 See Garcia et al. (2021) and Metzler et al. (2021)

25 See Mohammad (2021)

26  Unweighted word frequencies are referred to as “bag-of-
words”. Weighted frequency techniques include for 
example Term Frequency-Inverse Document Frequency, 
which gives higher weights to words that distinguish one 
type of text from another (see Uther et al. (2011).

27  See Devlin et al. (2019) for BERT, and Liu et al. (2019)  
for RoBERTa

28 See Barbieri et al. (2020)

29 Schwartz et al. (2013)

30 See Garcia et al. (2021)

31 See Salganik (2019)

32 See YouGov, (2022a)

33 See YouGov, (2022b)

34 See Garcia et al.(2021)

35 See Pennebaker et al. (2007)

36 See Barbieri et al. (2020)

37 See Mohammad, Bravo-Marquez, and Kiritchenko (2018)

38 See Garcia et al., (2021)

39 See Nosek et al. (2018)

40 See Nilizadeh et al. (2016)

41 See the SI of our study, Garcia et al. (2021)

42 See Jaidka et al. (2020)
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44 See Conrad et al. (2021)

45 See Galesic et al. (2021)
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49 See Guhr et al. (2020)
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using Twitter in the U.K. (19.5 million). Austrian percentages 
are based on unpublished data from the representative 
survey described in Niederkrotenthaler et al. (2021). 
Participants were asked if they had a Twitter or Der Standard 
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included in all survey waves, 4003 and 3002 participants 
answered questions about Twitter and Der Standard usage, 
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52 See Galesic et al. (2021)
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54 See Diener, Oishi, and Lucas (2003)

55 See Jaidka et al. (2020)
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73 See e.g. Metzler et al. (2021)

74 See Pellert, Schweighofer, and Garcia (2021)

75 See Salganik (2019)

76  Higher correlations for negative than positive LIWC counts 
were found, first, for Facebook posts and self-reported 
long-term life satisfaction (Liu et al., 2015), and second, for 
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in Vine et al., (2020). Vine et al. calculate the size of active 
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posts and in Sun et al., (2020) for audio-recordings of 
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78 See Salganik (2019)
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