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Associations of affect in large-scale social media aggregates and a
12-wave representative survey during the Covid-19 pandemic in Austria

Damian Erik Bednarz!

I University of Vienna

Large-scale surveys are costly, effortful to conduct and suffer from a range of biases when
assessing a population’s emotional state. Therefore, alternative efficient and easily accessi-
ble ways of measuring emotional changes - especially during the Covid-19 pandemic - are
warranted. This thesis investigated whether patterns in a 12-wave mental health survey with
representative Austrian samples during the 2020 pandemic can be linked to sentiment measures
based on postings from Twitter and the Austrian newspaper forum Der Standard. More specif-
ically, we correlated self-reported depression, anxiety and anger with various dictionary-based
Linguistic Inquiry and Word Count (LIWC) scores and two deep learning-based German Sen-
timent (GS) scores. Apart from LIWC anger, all Spearman’s rank correlations between survey
and social media variables were positive and medium in size. Yet, they were not significant,
which may be related to the limited sample size caused by the small number of survey waves.
Further exploration with Twitter data points to a substantial confounding effect of gender and
federal state, which may explain a large part of the variation in the self-reported emotions. Gen-
erally, we found inconsistent evidence concerning the comparison between machine learning-
based and dictionary-based methods and cannot back the claim that the former outperforms the
latter in German. Our results further indicate that volatile emotional variables like anger are
better understood by keeping the time window for which social media data is included short. In
contrast, mental health variables that evolve more slowly in time, such as depression, are more
strongly associated with survey measures when this time window is longer. Further exploratory
analyses mostly affirm existing literature on the association between survey emotions and sen-
timent measures, although the current associations tend to be smaller. Hence, the results partly
support recent research concerning the validity of emotion and sentiment measures but call
for replications with higher statistical power by implementing repeated surveys at smaller time
intervals.

Keywords: Social Media, Sentiment Analyses, Mental Health Survey, Covid-19

Understanding Emotions in Times of Increased Risk and
Uncertainty

The Covid-19 pandemic puts considerable emotional
strain on people worldwide. In parallel to negative socio-
economic (Nicola et al., 2020) and physical (World Health
Organization, 2022) effects, mental health diseases have in-
creased rapidly during the early stages of the pandemic (e.g.,
Daly et al., 2020; Xiong et al., 2020). Especially certain
populations’ mental health is affected. For Covid-19 patients
and medical staff the risk for developing depression, anx-
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iety or insomnia increased considerably compared to non-
medical populations (Wu et al., 2021). Hence, understanding
the impact of such extreme events and related political regu-
lations, not only on the physical health in a given population,
but also on their psychological well-being and emotions is
crucial. Moreover, for the governmental measures to be ef-
fective, affected citizens need to confide in the responsible
stakeholders to comply with the preventive measures (Fan-
court et al., 2020; Rubin et al., 2009). To effectively commu-
nicate regulations to citizens and build trust, understanding
their emotions is a potential premise to finally mitigate risk
(Ahn et al., 2021; Meadows et al., 2019). Significantly, reac-
tions to pandemics are often linked to emotional changes, es-
pecially in anger and anxiety (Huang, 2021; Oh et al., 2021).
Pandemics symbolize a threat to many, and anxiety increases
when people do not feel sufficiently prepared to cope with
resulting challenges (Frijda, 1986). In the months following
the onset of the pandemic in Austria in February 2020, vari-
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ous governmental preventive measures such as lockdowns or
the mandatory use of face masks were enforced. The success
of these regulations is tightly linked to the compliance of the
population. Importantly, self-reported anxiety is a meaning-
ful predictor of people’s degree of conformity. For example,
Bults et al. (2011) presented results linking increased levels
of anxiety to compliance with government-advised preven-
tive measures during early stages of the Influenza A virus in
the Netherlands. Moreover, anger is induced when people are
confronted with negative obstacles in their lives (Berkowitz,
1993). Indeed, in a pandemic situation, anger potentially
motivates behavior that counteracts governmental measures
(Huang, 2021) as these might be perceived as the origina-
tor of one’s own worsening situation (Frijda, 1986). Con-
trarily to anger, sadness is not experienced directly after the
confrontation with negative conditions but rather slowly as
negative consequences due to the pandemic, such as loss or
governmental regulations, become more apparent (Oatley &
Johnson-Laird, 2014). Accordingly, emotions constitute a
central part in helping public-health stakeholders foster effi-
cient mitigation strategies that increase the population’s well-
being. Notably, this is even more clearly for situations like
the Covid-19 pandemic in which governmental communica-
tion plays a crucial role in how the population reacts and
adapts to preventive measures (e.g., Chou & Budenz, 2020).

Theory of Emotions

To leverage knowledge concerning the affective state of a
population and guarantee its valid assessment a thorough un-
derstanding of emotional affect is warranted. Scherer (2010)
suggested a typology for affective states, ranging from emo-
tion, mood, interpersonal stance to attitude and personality
traits. Emotions describe a rather strong reaction to an event
that mostly only endures a short period of time (Scherer,
2010).

Historically, an important branch in psychological research
has tried to determine basic emotions. Tracy and Randles
(2011) reviewed four prominent theories about basic emo-
tions, three of which claimed that, among others, anger, sad-
ness and fear represent such emotional entities. As described
above, these emotions play a detrimental role in analyzing
the reactions to health crises such as pandemic situations.

An important counterpart of the categorical basic emotion
theories is a dimensional approach to describing emotions
most prominently represented by the circumplex model of af-
fect. It categorizes specific emotions into a two-dimensional
space spanned by two bipolar dimension, an emotion’s de-
gree of arousal and pleasure (Russell, 1980). Ortony (1988,
pp. 29-32) further underlines the importance of valence and
ascribes each emotion a degree of positivity or negativity.
Both theoretical backgrounds influenced the development of
techniques to assess affect on a population level.

Surveys and Sentiment Analyses

Knowledge concerning emotions, trust and attitudes con-
cerning public health measures build an important, never-
theless lacking, foundation for communication strategies for
responsible stakeholders. Michie et al. (2020) motivated
a behavioral science research agenda to fill this knowledge
gap that should help to reduce the negative consequences of
crises. Lang et al. (2021) followed these recommendations,
and conducted an online survey investigating the attitudes to-
wards governmental preventive measures and Covid-19 vac-
cines. Indeed, surveys are a commonly accessed method
to capture emotional climates and attitudes within a society
in public health and psychological research (see e.g., Fis-
chhoff et al., 2018; Niederkrotenthaler et al., 2022). Even
though providing stakeholders with valuable insights, one is-
sue of this method is its feasibility. Surveys are often time-
consuming for participants and researchers and economically
costly. Moreover, surveys suffer from a diverse range of bi-
ases that limit the quality of further analyses (Sackett, 1979).
A prominent example of bias in retrospective study designs is
the recall bias that describes the decrease of accuracy in the
retrieval of past events. Therefore, other methods that can
keep track of emotional change in society would be an asset
to complement or substitute surveys and potentially reduce
bias.

In recent years the domain of computational social sci-
ence has been offering the opportunity to gather and han-
dle social media data as a live readout of peoples emotional
states (Lazer et al., 2009). In particular, the field of language
processing widened drastically and enables the assessment
of different types of affect (see Scherer, 2010) depending on
the goal of the analysis. In psychological research, emotions
are the usual focus of interest. In line with this, extracting
emotions from online data employs the ideas developed by
the two families of theories of emotions presented above, a
categorical approach to basic emotions (Tracy & Randles,
2011) and a dimensional approach including emotional va-
lence (Russell, 1980). Techniques in language processing
provide the means to capture emotional valence via senti-
ment analyses or identify emotions via emotion detection
(Nandwani, 2021). More specifically, both valence or po-
larity association lexica and affect association lexica are in
use (Mohammad, 2021). They successfully match text, for
instance social media postings, to expert-created dictionaries
containing words that are associated with a given emotion or
emotional valence. Mental health is one domain that could
potentially gain further insights on the macroscopic transi-
tions in emotions and well-being via large-scale longitudinal
social media data. These tools enable researchers to inves-
tigate changes in mood on a population level by analyzing
the interplay between temporal changes in language and psy-
chological outcomes (Correia et al., 2020). Gongalves et al.
(2015) compared the performance of several computational
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techniques for language processing in text that can broadly
be categorized into dictionary-based and machine learning-
based tools. On the one hand, dictionary-based tools like the
Linguistic Inquiry and Word Count (LIWC, Pennebaker et
al., 2015) associate text with various emotions. These tools
are built on a dictionary of words related to certain emo-
tional states like anger, anxiety and sadness that are then
matched with a given text. LIWC is a prominent example
of such an approach that was already adapted for its use in
German text (Wolf et al., 2008). Amongst others, LIWC
aims at assessing certain emotions like anger, anxiety, sad-
ness, but also constructs like prosociality or positive emo-
tions. To provide a few examples, Aggression (aggression) or
hassen (hate) are part of the anger-related dictionary, words
like aufgeregt (excited) or dngstlich (anxious) correspond
to the anxiety library and depressiv (depressive) or einsam
(lonely) are incorporated in the sadness library. Ashokku-
mar and Pennebaker (2021) conducted research employing
the English version of LIWC (Pennebaker et al., 2015) by
examining the transformation of the emotional climate in the
US after the outbreak of the Covid-19 pandemic. Whilst sad-
ness and anxiety increased right after the first death related to
Covid-19 in the US, both positive emotions and, surprisingly,
anger decreased, thereby providing a picture of the emotional
states during the onset of a pandemic leveraging live, lon-
gitudinal, and introspective data. On the other hand, ma-
chine learning-based text processing algorithms can provide
an alternative way of assessing sentiment. The GermanSen-
timent (GS) tool is a transfer and deep learning-based model
specifically tuned for German text (Guhr et al., 2020). Com-
pared to LIWC, automated text processing methods like GS
have a higher coverage of terms that are associated with the
respective sentiment (Mohammad, 2021). Generally, dif-
ferent methods to perform sentiment analyses work on dif-
ferent levels of text. Many dictionary-based methods fo-
cus on single words, thus neglecting sentence structure. On
the contrary, GS was trained to find low-dimensional con-
tinuous representations of sentences and can therefore as-
sess context-dependent word representations within text doc-
uments. When provided with a specific set of training data,
for instance solely consisting of movie reviews, it singles out
the meaning of words in this context. This quality differen-
tiates many machine learning-based from dictionary-based
sentiment techniques (Mohammad, 2021). Importantly, GS
does not assess specific emotions but rather emotional va-
lence. GS outputs probabilities mirroring the model’s de-
gree of certainty that a given text is either negative, posi-
tive, or neutral (Guhr et al., 2020). Thus, it maps text onto
an emotional valence dimension. Hence, existing tools of-
fer the possibility to investigate psychological states using
social media data and effectively analyze the impact of cer-
tain events on emotional climates. Sentiment analyses have
found their place in domains as diverse as marketing, econ-

omy, politics, and health. Indeed, the latter field tends to lack
behind the others since domain-specific data is usually not
made publicly available (Zunic et al., 2020). Nonetheless,
past research successfully examined health-related emotional
transitions on a macroscopic level. Prominent examples are
the analyses of the reaction of societies to traumatic events
such as natural disasters or terrorist attacks. Twitter data
has been shown to be able to capture the emotional transi-
tions, specifically in negative emotions but also in solidar-
ity after events that impacted local or global societies as a
whole, for example after the Paris terrorist attacks in 2015
(Garcia & Rimé, 2019). Furthermore, during the Covid-19
pandemic, Saha et al. (2020) investigated the development
of psychosocial characteristics using Twitter postings. More
specifically, mental health outcomes such as anxiety, depres-
sion, stress, suicidal ideation as well as emotional and in-
formational support increased from March to May 2020 in
the United States, hence providing an overview of the pan-
demic’s psychological effects. Another study conducted by
Metzler et al. (2021) provided insights that whilst anxiety
and sadness related Tweets increased in the initial phases
of the Covid-19 pandemic consistently across 18 different
countries and six languages, anger related tweets decreased
compared to pre-Covid times.

Substituting Surveys by Social Media Data?

Although research based on social media data should be
handled with care and its validity cannot be taken for granted
(see e.g., Chancellor & De Choudhury, 2020), the potential
of creating monitoring or diagnostic tools for mental health
outcomes and providing guidance for public health messag-
ing is promising. Considering the capability to capture large-
scale characteristics on social media this efficiently, the ques-
tion arises whether traditional approaches like large-scale
representative polls can eventually be substituted by text pro-
cessing of social media data in case fast access to information
is warranted. Different domains already tried to provide an
answer whether these two methods measure the same con-
structs. Especially in the fields of economics, recent studies
analyzed whether social media data can complement or even
substitute surveys. Pasek et al. (2018) found that certain eco-
nomic variables measured by surveys, specifically the per-
ceptions of societal economic change, were related to Twitter
data. Another study investigated previously reported associ-
ations between consumer sentiment and social media data
by exploring different ways of analyzing this link (Conrad
et al., 2019). Whereas the outcome was sensible to various
micro-decisions in the data-analyzing process, for example
the choice of the smoothing intervals, they generally could
not replicate the original results. In the domain of emotion
research, a recent study by Pellert et al. (2021) compared
daily self-reported short-term emotional states on the web-
site of the Austrian newspaper Der Standard to sentiment
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measures of the same online platform’s as well as Twitter
postings. Indeed, they observed convincing associations be-
tween the affective states of the users as measured by survey
and sentiment analysis.

The Present Study

This thesis investigates the prospect of current text pro-
cessing techniques to measure changes in important psycho-
logical outcomes and their potential convergence with survey
characteristics. Similar to the research on collective emo-
tional responses during the first months of Covid-19 con-
ducted by Metzler et al. (2021), this study primarily focuses
on anger, anxiety and sadness as indicators of change due
to the pandemic situation. This research aims at answering
the question whether representative surveys that assess the
emotional climate of a society measure the same constructs
as dictionary-based or alternatively machine learning-based
sentiment analyses. To investigate this, potential commonali-
ties of affect-measures of a repeated cross-sectional Austrian
representative survey conducted by Niederkrotenthaler et al.
(2022) with aggregates of affective expressions on social me-
dia are analyzed. Compared to the research conducted by
Pellert et al. (2021), this study investigates the association
with a survey that is representative for the Austrian popula-
tion, and not uniquely for the online social media community.
Furthermore, whereas the study by Pellert et al. (2021) used
one concise question as a self-reported measure, various vali-
dated scales assessed psychological constructs in this study’s
survey. Since the same social media platforms as well as the
same text processing methods (LIWC and GS) are employed,
it is of interest whether this study’s results converge with the
ones of Pellert et al. (2021).

Specifically, the present study examines the adequacy of
both Twitter and forum postings of Der Standard - an Aus-
trian newspaper - in complementing or substituting surveys
as a polling method for macroscopic affective states. The
survey data contained in this study had been conducted ev-
ery three weeks from April to December 2020, resulting in
12 waves. Like the research by Ashokkumar and Pennebaker
(2021), the authors surveyed various emotional and health-
related characteristics in the Austrian population during a
time of repeating lockdowns and following relaxations (see
Niederkrotenthaler et al. (2022) for thorough analyses on the
survey data set). Firstly, this thesis studies the associations
between self-reported anger, anxiety and depression and the
sentiment and emotion scores of Austrian Twitter and Der
Standard forum users in a confirmatory approach. Second,
it investigates the effect of the time window for which we
included the social media data on the aforementioned associ-
ation and the link between further self-reported positive and
negative life outcome variables and LIWC and GS scores in
an exploratory manner.

Hypotheses

This thesis’ main hypotheses were pre-registered. Gener-
ally, the aim of the study is to deepen the understanding of the
association between survey data and aggregates of social me-
dia sentiment measures. Specifically, the confirmatory anal-
yses aimed at shedding light on the following hypotheses:

1. Anger in survey positively correlates with the anger
LIWC score from a) Der Standard and b) Twitter data.

2. Anxiety in survey positively correlates with the anxi-
ety LIWC score from a) Der Standard and b) Twitter
data.

3. Depression in survey positively correlates with the
sadness LIWC score from a) Der Standard and b) Twit-
ter data.

4. Anger in survey positively correlates with the negative
affect GS score from a) Der Standard and b) Twitter
data.

5. Anxiety in survey positively correlates with the nega-
tive affect GS score from a) Der Standard and b) Twit-
ter data.

6. Depression in survey positively correlates with the
negative affect GS score from a) Der Standard and b)
Twitter data.

Methods
Study Design

The study design is observational in nature and not ex-
perimental. It exploits three sources of data: representative
Austrian surveys, Twitter, and the online forum of Der Stan-
dard. The analysis consists of a pre-registered confirmatory
part, as well as an exploratory part. The preregistration is
available at https://aspredicted.org/AYJ_LQL, and all code
and aggregated data to reproduce the results can be found at
https://github.com/dambedn/Thesis_Master.git.

Survey

The first data source was derived by a 12-wave online
survey that was conducted from April 23 to December 23,
2020. It looked at the evolution of various mental health in-
dicators and emotional characteristics in the Austrian popu-
lation throughout that period. Whereas the first survey wave
corresponded to the first strict lockdown in Austria, the fol-
lowing eight survey waves were conducted during phases of
relaxations and lower incidence. This was followed by a soft
lockdown from November 3 to 16 corresponding to wave ten.
From November 17 to December 6 a second hard lockdown
was implemented (wave eleven). After this second lockdown
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Table 1

Total Number of Participants per Survey Wave
Wave (dates)

Number of participants

1(23.4.-5.5.) 1,001
2(15.5.-28.5.) 1,005
3(5.6.-17.6.) 1,001
4(26.6.-8.7.) 1,000
5(17.7.-30.7.) 1,000
6 (7.8.-22.8.) 1,002
7 (28.8.-14.9.) 1,002
8(18.9.-29.9.) 1,000
9 (9.10.-21.10.) 1,007
10 (30.10.-11.11.) 1,005
11(20.11.-28.11.) 1,004
12 (11.12.-22.12.) 1,002

Note. These are the numbers of participants before select-
ing the first 75% of the respondents for each survey wave.

and during the 12th survey wave most of the preventive mea-
sures remained in place (Niederkrotenthaler et al., 2022). Ta-
ble 1 portrays the initial number of participants and the exact
duration of the survey waves. There were no exclusion cri-
teria regarding the survey data. Nonetheless, following the
pre-registration we only included the first 75 % of the partic-
ipants per survey wave in the analyses, to restrict the period
of data collection for each wave. This way, we accounted
for the short-lived nature of the two social media platforms:
For instance, Pellert et al. (2021) found that survey emotions
most strongly correlate with sentiment measures from Der
Standard and Twitter based on data from a three-day period
centred around the same and the following day, respectively.
Table 2 depicts the number of participants per gender and
federal state. Furthermore, Niederkrotenthaler et al. (2022)
surveyed social media usage in some of the waves. Infor-
mation concerning whether a person owned a Twitter or Der
Standard account was available for waves three to seven or
four to seven respectively. 17.70% of all surveyed partici-
pants in these waves reported to own a Twitter account whilst
6.40 % reported to own a Der Standard account. For this sub-
sample, a demographic profile could be computed. Among
the self-reported owners of a Twitter and Der Standard ac-
count 62.90% and 64.30 % respectively were male, 36.60 %
and 34.90 % respectively were female and 0.60 % and 0.80 %
respectively were diverse. Moreover, Tables 3, 4 and 5 dis-
play the proportion of Twitter and Der Standard users within
each age category, income category and region respectively.
The survey data thence portrays similar demographic profiles
for Twitter and Der Standard users.

Table 2

Number of Surveyed Participants Grouped by Federal State
and Gender

Female Male Sum

Upper Aus- 4, 752 1,453
tria

Salzburg 278 309 587
Styria 649 613 1,262
Tyrol 320 308 628
Vienna 943 1,054 1,997
Sum 2,891 3,036 5,927

Note. These are the numbers of participants after includ-
ing only 75% of the respondents for each survey wave and
the federal states that passed the exclusion criterion for the
Twitter data.

Table 3

Age Characteristics of Surveyed Participants Owning a
Twitter / Der Standard Account in %

Twitter Der Standard
16-29 Years 29.46 24.03
30-39 Years 17.16 13.95
40-49 Years 16.14 15.12
50-59 Years 10.95 16.67
60-69 Years 12.30 11.24
70+ Years 14.00 18.99
Twitter

We derived the Austrian Twitter postings between Jan-
uary 2019 and December 2020 from the analytic company
Brandwatch. 1In a first set of analyses, we only included
German tweets from Austria (for further information on lo-

Table 4

Income Characteristics of Surveyed Participants Owning a
Twitter / Der Standard Account in %

Twitter Der Standard
-500 € 5.87 5.04
500 € - 1.000 € 9.03 543
1.000 € - 1.500 € 15.69 18.60
1.500 € -2.000 € 18.96 13.95
2.000 €-3.000€ 21.11 20.93
3.000 €-4.000€ 15.80 20.93

4.000 €-5.000€ 8.13 9.30
5.000 € + 5.42 5.81
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Table 5

Regional Characteristics of Surveyed Participants Owning a
Twitter / Der Standard Account in %

Table 6

Number of Postings Grouped by Federal State and Gender
in 2020

Twitter Der Standard Female Male Sum
Burgenland 3.05 2.33 Upper Aus-
Carinthia 4.97 6.20 tria 32,396 54,065 86,461
Lower Austria 18.17 13.18 Salzburg 27,668 66,042 93,710
Upper Austria 17.16 18.60 Styria 41,998 145,550 187,548
Salzburg 6.21 4.65 Tyrol 14,597 61,990 76,587
Styria 14.67 9.69 Vienna 1,123,293 2,009,408 3,132,701
Tyrol 9.14 10.85 Sum 1,239,952 2,337,055 3,577,007
Vorarlberg 4.40 3.88 . ;
Vienna 2223 30.62 Note. These are the numbers of postings after all the inclu-

cation classification by Brandwatch, see Vermeren, 2015).
Furthermore, retweets and tweets from accounts classified as
organizations by Brandwatch were excluded (Jaume, 2013).
In order to eliminate both spam tweets and those generated
by mass-media, we removed users with below 100 or above
5,000 followers like in earlier research (Pellert et al., 2021).
In total, 5,732,663 Twitter postings in 2020 and 3,898,554 in
2019 met these inclusion criteria. The 2019 data functioned
as a baseline. Moreover, information concerning the gender
and the federal state was available for most of the Twitter
users. Similar to the location algorithm, gender was based
on a Brandwatch algorithm that analyzes Twitter username
and profile biography (Jaume, 2013). These demograph-
ics were used as confounding variables. In a second set of
analyses grouped by gender and federal state, we included
only states with a total volume of tweets exceeding 100,000
tweets in 2020. This way, only sample sizes that allow for
robust sentiment estimates were included, which resulted in
tweets originating from Burgenland, Carinthia, Lower Aus-
tria and Vorarlberg to be removed. For the analyses grouped
by federal state and gender, tweets without gender or federal
state information were excluded. The resulting number of in-
cluded postings grouped by gender and federal state in 2020
are pictured in Table 6.

Der Standard

Besides Twitter, we leveraged a second social media data
source. Pellert et al. (2021) derived the postings of interest
by web scraping one of the major Austrian online newspa-
pers Der Standard. To infer a picture of its user base’s demo-
graphics as assessed by the surveys conducted by Niederkro-
tenthaler et al. (2022), see Tables 3, 4 and 5. In total we
included 10,004,281 postings from 2020 and 8,230,740 post-
ings from 2019. We included all comments below normal ar-
ticles, only comments below live tickers were excluded, be-
cause these types of frequently updated articles did not exist

sion criteria were applied.

during the entire analyzed period. The demographic charac-
teristics of the users were not available, hence we were not
able to perform analyses split by federal state with Der Stan-
dard data. Equivalently to the Twitter data, we calculated the
baseline with the 2019 data.

Survey Variables

Niederkrotenthaler et al. (2022) surveyed various demo-
graphic, socio-economic and mental health-related variables.
Among others, they assessed depression with the PHQ-9 (Pa-
tient Health Questionnaire) (Kroenke et al., 2001), anxiety
with a subscale of the Hospital Anxiety and Depression Scale
(HADS) (Zigmond & Snaith, 1983) and anger with a ques-
tion regarding how angry participants felt during the past
week. The PHQ-9 consists of nine items assessing depressive
symptoms on a scale ranging from O (not at all) to 3 (nearly
every day). The subscale of the HADS measured severity of
anxiety with the aid of seven items on a scale ranging from 0
to 3. Regarding the extent of anger felt during the past week,
participants were able to choose from five possible responses
ranging from not at all to very much. The items of the anger
and anxiety scales refer to the emotional state in the past
week, whilst the items of the depression scale refer back two
weeks. We defined an indicator of each participant’s level
of self-reported depression and anxiety as the mean of the
respective items. For further exploratory analyses the fol-
lowing survey constructs were used: Suicidal ideation was
assessed by the short form of the Beck Scale for Suicidal
Ideation (Beck & Steer, 1993), some items assessed the de-
gree of conflicts during the last week, both at work and at
home, and the experience of physical and psychological vi-
olence in the last week. The severity of the conflicts was
assessed on a 5-point scale, ranging from 0 (not at all) to
5 (very much). The last conflict-related variable measured
the change in the number of conflicts compared to pre-Covid
times. Furthermore, participants were asked to specify which
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aspects of their life they perceived more positively compared
to pre-Covid times. The unstandardized survey questions are
listed in the Appendix. Niederkrotenthaler et al. (2022) pro-
vide an extensive descriptive summary of the sample’s de-
mographic composition and other surveyed variables.

Sentiment Analyses

We analyzed both Twitter and Der Standard postings em-
ploying a dictionary-based (Linguistic Inquiry and Word
Count, LIWC, Wolf et al., 2008) and a machine learning-
based sentiment analysis tool (German Sentiment, GS, Guhr
et al., 2020). Matching of the text of postings with LIWC
dictionaries, and calculation of GS probability scores per
posting had already been performed for a previous project
(Pellert et al., 2021). This thesis’ analyses thus began with
raw counts of emotional words per posting (LIWC), or prob-
ability scores per sentiment category (GS).

Linguistic Inquiry and Word Count

LIWC is one of the most prominent dictionary-based
tools, more specifically, a manually created affect associa-
tion lexicon. Since these analyses only focus on German text
we employed the German version of the LIWC (Wolf et al.,
2008). In the present study, we included the LIWC scales
for anger, anxiety, sadness, and positive emotionality. The
sum of the anger, anxiety, and sadness scores is defined as
the score for negative emotionality. Dictionary-based senti-
ment techniques count the number of words in a given text
contained within each dictionary. Since some categories are
hierarchical or overlapping, specific words are included in
more than one dictionary. In the following analyses, we di-
chotomized the count data, taking the value 1 if there was at
least one word associated with the respective emotion and 0
otherwise. We then calculated the proportion of tweets con-
taining at least one emotion term per day.

German Sentiment

GS is a sentiment analysis tool based on bidirectional
encoder representations from transformers (BERT), a deep
learning model trained by Google Al (Devlin et al., 2019).
The BERT model was trained to predict masked words in text
(masked word prediction), or to predict if a sentence does or
does not follow a given previous sentence (next sentence pre-
diction) using huge data sets of online texts (e.g., Wikipedia).
In this way, it learns about the order and context in which
words usually appear. In a next step, GS was developed by
continuing to train the existing BERT model on German texts
(Guhr et al., 2020) labelled as neutral, negative, and positive
in sentiment. Whereas LIWC outputs the counts of words
that match with a list and hence does not consider individual
weightings of words, GS outputs three real-numbered values,
interpretable as probabilities, equalling the model’s degree of

certainty that a specific post is positive, negative, or neutral in
its affective expression. In order to dichotomize these prob-
abilities to either zero or one, a threshold needed to be set.
In the present case, we achieved this by visual inspection of
the distribution of GS values for the representative timespan
from seven days prior to each survey wave onset until 75 %
of participants responded to each survey wave. The threshold
for both positive and negative emotionality was determined
at 0.9 for both social media platforms (compare Figure Al
in Appendix). Hence, a GS positive or negative emotionality
score higher than 0.9 led to a posting being categorized as
positive or negative respectively.

Statistical Analyses
Software

Data analyses were conducted with the aid of R (Version
4.0.5, R Core Team, 2021) and the R-packages bestglm (Ver-
sion 0.37.3, McLeod et al., 2020), bit Oehlschligel & Sil-
vestri (2020), bit64 (Version 4.0.5, Oehlschligel & Silvestri,
2020), boot (Version 1.3.28, Davison & Hinkley, 1997),
data.table (Version 1.14.2, Dowle & Srinivasan, 2021), dplyr
(Version 1.0.7, Wickham, Francois, et al., 2021), dummies
(Version 1.5.6, Brown, 2012), forcats (Version 0.5.1, Wick-
ham, 2021a), ggcorrplot (Version 0.1.3, Kassambara, 2019),
ggDoE (Version 0.5.4, Toledo Luna, 2022), ggplot2 (Ver-
sion 3.3.5, Wickham, 2016), gridExtra (Version 2.3, Au-
guie, 2017), haven (Version 2.4.3, Wickham & Miller, 2021),
leaps (Version 3.1, Fortran code by Alan Miller, 2020),
MASS (Version 7.3.53.1, Venables & Ripley, 2002), papaja
(Version 0.1.0.9997, Aust & Barth, 2020), ppcor (Version
1.1, Kim, 2015), psych (Version 2.1.9, Revelle, 2021), purrr
(Version 0.3.4, Henry & Wickham, 2020), readr (Version
2.1.1, Wickham, Hester, et al., 2021), rlist (Version 0.4.6.2,
Ren, 2021), stringr (Version 1.4.0, Wickham, 2019), tibble
(Version 3.1.6, Miiller & Wickham, 2021), tidyr (Version
1.1.4, Wickham, 2021b), tidyverse (Version 1.3.1, Wickham
et al., 2019), tinylabels (Version 0.2.3, Barth, 2022), and zoo
(Version 1.8.9, Zeileis & Grothendieck, 2005).

Data Pre-Processing

Survey Variables. For each survey wave, we calculated
the mean over all included participants’ scores. As men-
tioned above, we only included the first 75 % of the respon-
dents per survey wave. This resulted in 12 data points for
each survey construct of interest. The same procedure was
repeated for the analyses split by gender and federal state
with the only difference that the mean is not only grouped by
survey wave but also by gender and federal state.

Sentiment Measures. Before analyzing the hypothe-
sized associations, we computed a baseline-corrected frac-
tion of postings containing the emotions of interest within a
predefined timespan. Firstly, we calculated a daily mean for
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each sentiment measure. This mean can be interpreted as the
fraction of postings on a specific day that contain words or
content expressing a certain emotion or emotional valence.
The daily sentiment measures in 2020 were then baseline-
corrected for their corresponding average weekday level in
2019 by subtracting and dividing by the baseline. Next, we
calculated the fraction of baseline-corrected sentiment mea-
sures within predefined timespans. This timespan not only
covers each survey waves’ dates but additionally includes the
period prior to each survey wave to which the different items
were referring. More precisely, the timespans are determined
by the survey questions: Items of the PHQ-9 refer back two
weeks, whereas items that assess anger or anxiety only refer
back one week. Therefore, the timespan ranges from seven
or alternatively 14 days prior to the onset of a given survey
wave until 75 % of the included participants responded.

The demographic information for most of the Twitter post-
ings enables to control for the potentially confounding influ-
ence of gender and federal state on the association between
survey and sentiment measures. For this set of analyses, we
calculated the baseline-corrected sentiment scores as above,
separately per gender and region with gender and federal
state specific baselines. For instance, to baseline-correct the
fraction of anxiety-related tweets for women in Vienna in
2020 on a specific Monday, the baseline was calculated as
the average fraction of anxiety-related tweets for women in
Vienna over all Mondays in 2019. The baseline-correction is
achieved by subtracting and dividing the baseline. Lastly, the
means of the respective sentiment measures grouped by gen-
der and federal state over the predefined time periods were
computed. Intuitively, the baseline-corrected sentiment mea-
sures can be interpreted as percentual change over the base-
line.

Confirmatory Analyses

Spearman’s  Rank-order Correlation Coefficient.
Firstly, we tested the hypotheses on an aggregate level
across whole Austria. We correlated the baseline-corrected
fractions of angry, anxious, or sad tweets per survey wave
with the respective mean of the anger, anxiety, or depression
survey variables for each survey wave. This resulted
in 12 data points for these whole Austria analyses. As
pre-registered, we computed Spearman’s rank correlation
coefficients for assessing the association between the
sentiment measures and the survey scales (Spearman, 1987).
This method was chosen because of its robustness regarding
outliers. Furthermore, the small number of data points in the
whole Austria analyses does not allow for reliably checking
the assumptions for Pearson correlation coefficients.

The analyses encompass multiple significance tests. To
correct for multiple comparisons on an o = 0.05 level, we
used a sequential hypotheses testing procedure, the Holm-
Bonferroni method, to control for the family-wise error rate

(Holm, 1979). This method is more powerful than a simple
Bonferroni correction, i.e., it rejects more null hypotheses.
The Holm-Bonferroni method orders the p-values of the hy-
potheses tests increasingly. The first and smallest p-value
P(1) 1s then compared to %, where m is the number of hy-
potheses to be tested. In this case, we tested six main hy-
potheses, therefore, m = 6. If Pa) < %, the first hypothe-
sis will be rejected, and the second smallest p-value, P@) is
compared to %5 If p(;) > %, the procedure stops and all the
other hypotheses will not be rejected. In summary, the proce-
dure can only reject hypothesis H(y), if all the other preceding

hypotheses H(;, i€ {l,...,k—1} have been rejected. The
corresponding hypotheses are:
HY :pjy<0, HY:pj>0, Vjefl,...6}, (1

where the index j denotes the respective hypothesis and p
the Spearman’s rank correlation coefficient for the j'th small-
est p-value.

We used both an analytical and a nonparametric bootstrap
approach to compute confidence intervals for the correla-
tion coefficients. The analytic approach uses an adaptation
of the Fisher z-transformation to create approximately nor-
mally distributed variables. Woods (2007) further developed
the adapted Fisher z-transformation suggested by Bonett and
Wright (2000). We used this more recent adaptation as a first
estimate of the p-values and corresponding confidence inter-
vals. More precisely, we employed the variance estimator

1+5
) 2
67 = 2
(=3 (2)

developed by Bonett and Wright (2000) where r; denotes
the sample’s Spearman’s rank-order correlation coefficient.
Following the suggestions by Woods (2007) the estimated
(1 — o)— confidence interval looks as follows.

tanh (arctanh(rs) F \/c?é %,n,z) ) (3)

where 12 02 denotes the §— quantile of the t-distribution

with n — 2 degrees of freedom.

Although computed for the special case of ordinal data,
the simulations of Ruscio (2008) provide further insights in
the limitations of analytic methods for calculating confidence
intervals for p: They found that the mean absolute deviance
in coverage of the nominal confidence interval for bootstrap-
based confidence interval was lower or equal to analytical
methods, that heavily rely on approximations to bivariate
normal distributions or t-distributions. Moreover, the authors
underline that for asymmetric distributions of the estimator,
which is the case for p # 0, for small sample sizes and for
high values of p the assumptions for analytical approaches
might not be met. Hence, alternatively to the analytical pro-
cedure, confidence intervals of r; are computed via nonpara-
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metric percentile bootstrap (Efron, 1979). Even though re-
sults motivate that for higher p-values as well as lower sam-
ple sizes, bootstrapping seem to be more robust, the bootstrap
is no cure for small sample sizes. Hence, the resulting con-
fidence interval borders might have limited accuracy. Sim-
ilarly, to the abovementioned approach by Holm (1979) the
bootstrapped confidence intervals are corrected for multiple
inferences (see Ludbrook (2000) for a similar procedure).

Adjusting for Confounding with Multiple Linear Re-
gression. In a second step, we computed multiple linear
regressions to adjust for potential confounding effects of gen-
der and federal state. More precisely, a linear model contain-
ing only the demographic variables (i.e., gender and federal
state) was compared to a linear model containing both the
demographic variables and the sentiment measure. Females
in Upper Austria manifest the baseline in these models and
are therefore integrated in the intercept. In this hierarchical
regression, the question can be answered whether the senti-
ment measure adds further explanatory power for the depen-
dent variable. This was investigated by the F-statistic. Con-
fidence intervals for this statistic and for AR> were computed
by bootstrapping. Since we only had access to the demo-
graphic variables for Twitter users, these analyses were lim-
ited to sentiment measures of tweets. Correcting for gender
and federal state is warranted since prior research has shown
effects of gender (Vikatos et al., 2017) and region (Jaidka et
al., 2020) on linguistic features in social media postings. We
checked the assumptions for linear models by partial corre-
lation plots of the sentiment and survey measure’s associa-
tion and further diagnostic plots such as Q-Q plots of the full
model’s residuals.

Exploratory Analyses

Does the Time Window Matter? One of the exploratory
analyses’ goals was to investigate the influence of the time
window for which we included social media data on the
Spearman’s rank correlation coefficients. Earlier research
showed that using a three-day rolling mean leads to high
correlations between self-reported emotional and sentiment
measures, in a survey asking about feelings on the previous
day (Pellert et al., 2021). We therefore computed the frac-
tions of emotional postings for 28 different timespans: rang-
ing from 14 to one day prior to the start of the survey until
75 % or alternatively 50 % of the participants responded. This
sensitivity analysis was done for Der Standard and Twitter
postings respectively.

We further investigated the potential effect of the time
window on the sentiment measures’ regression coefficient
when controlling for gender and federal state for Twitter
only.

Best Subset Selection. Confirmatory analyses were lim-
ited to one sentiment measure and its corresponding survey
variable, respectively. Yet, both past research and correlation

tables of the variables suggested that other sentiment mea-
sures might also yield strong associations. For example, in
research conducted by Pellert et al. (2021), measures of pos-
itive emotionality derived by LIWC and GS were more infor-
mative in self-reported German emotionality measures than
negative emotionality. Therefore, we investigated all pos-
sible combinations of sentiment measures and demographic
variables with a process of best subset selection. Some of
the winning models - that minimize a predefined information
criterion - are reported. This approach enables to analyze
the goodness of fit of the best performing model given the
current data. In order to check whether the winning models
also converge for different information criteria, best subset
selection is performed with the Akaike information criterion
(AIC, Akaike, 1973; Akaike, 1974) and the Bayesian infor-
mation criterion (BIC, Schwarz, 1978) The AIC is defined
as

AIC =2k —2In(L), 4

where k denotes the number of included parameters and
In(L) denotes the maximized value of the log-likelihood of
a given model. Similarly, the BIC is defined as

BIC = kln(n) —2In(L). (5)

Both AIC and BIC can be used to assess relative goodness of
fit between models. The better the fit, the smaller the crite-
rion. BIC tends to choose sparser models since in most cases
2k < kln(n) holds.

Mixed Factor Analysis and Multiple Linear Regression.
Since the survey included various other psychological char-
acteristics further exploratory analyses aimed at analyzing
their association with the emotion and sentiment measures.
To avoid the need to conduct the analyses for each survey
construct individually, we reduced the dimensionality of var-
ious variables of interest employing a mixed factor analy-
sis. Reducing the dimensionality of data increases its inter-
pretability and statistical power while minimizing the risk of
overfitting and issues concerning multicollinearity (Kosin-
ski et al., 2016). More specifically, we included 18 survey
variables. Five of the variables measured the participant’s
conflict-related experiences on an ordinal scale. Specifically,
we included the variables conflict with family or partner, con-
flict at work, experience of psychological or physical domes-
tic violence and change of conflicts versus pre-Covid times.
Another variable measured suicidal ideation on an ordinal
scale. The remaining variables assessed whether various pos-
itive life outcomes changed compared to pre-Covid in a bi-
nary response format. Further potential variables of inter-
est were not assessed in each survey wave and hence not
included. The factor analysis based on polychoric correla-
tions (Holgado-Tello et al., 2010) required three steps: First,
we computed tetrachoric correlations (Pearson, 1900) for bi-
nary variables and polytomous correlations (Drasgow, 1988)
for ordinal variables. These types of correlations presume
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the existence of an underlying latent continuous factor that
is normally distributed. Generally, polychoric correlations
have been shown to be rather robust concerning the assump-
tion of normality (Coenders et al., 1997). Contrarily to the
Pearson’s correlation coefficient, tetrachoric and polychoric
correlations generally do not have a downward bias in es-
timating the true correlation of the latent variable when the
normality assumption is met (Holgado—Tello et al., 2010).
Second, based on the eigenvalues of the resulting correla-
tion matrix, the number of factors to include in the analysis is
predetermined. The scree plot (Cattell, 1966), the Kaiser cri-
terion (Kaiser, 1960) and parallel analysis (Glorfeld, 1995;
Horn, 1965) were employed and checked for convergence.
In a scree plot the eigenvalues are plotted against k, i.e., the
number of factors and the “knee” of the plot identifies the
number of factors to retain. In contrast, the number of eigen-
values exceeding 1 determines the number of factors for the
Kaiser criterion. Furthermore, parallel analyses simulate new
data derived from uncorrelated random data and then com-
pares the simulated to the observed eigenvalues. In the adap-
tation by Glorfeld (1995) the number of retained factors is
given by the number of observed eigenvalues that exceed the
95th percentile of the simulated data’s eigenvalues. In the
third step, we computed the factor analysis on the previously
calculated correlation coefficients. In order to ease the in-
terpretability of the resulting factors, we applied a varimax
rotation. Next, we calculated Spearman’s rank-order corre-
lations between the resulting factor scores and the different
sentiment measures for both Twitter and Der Standard.

Results

Aggregates of social media sentiment measures were cou-
pled with survey characteristics and the results are presented
in the following.

Confirmatory Analyses

Time Series of Self-Reported Emotions and Sentiment
Measures

Figure 1 depicts the time series of the included survey
variables’ means and their respective 95 % confidence inter-
val. Considering that levels of anxiety and depression range
from zero to three and levels of anger from one to five, most
people score low on self-reported depression and anxiety, but
tend to exhibit medium levels of anger. For a more detailed
description of the distribution of each variable per survey
wave Figure A2 in the Appendix displays the same survey
variables’ summary statistics as boxplots. Furthermore, time
series of the emotion and sentiment measures show the three-
day rolling mean (see Figure 2 for the LIWC anxiety, anger,
and depression and Figure A3 in the Appendix for LIWC and
GS negative and positive affect). These time series portray
that the sentiment measures are extremely volatile and react

sensitively to external events that impacted the whole society.
Most prominently, the terror attack on November 2, 2020
in Vienna protrudes and led to a rise in anxiety and anger
related words on social media. A similar though less clear
pattern is apparent for the means of the variables in the tenth
survey wave which comprises the date of the terror attack.
Even though an increase in self-reported anger and anxiety
is present in Figure 1, it does not significantly differ from the
prior wave. As this example suggests, the survey results po-
tentially reflect profound changes in the sentiment measures
due to external events. Figure 3 illustrates the Spearman’s
rank correlation coefficients between the self-reports and so-
cial media variables. They will be discussed in detail in the
following sections.

Figure 1

Means and Corresponding 95 % Confidence Intervals of Sur-

veyed Anger, Anxiety and Depression
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To test hypotheses 1 (a) and (b) and 4 (a) and (b) we com-
puted Spearman’s rank correlations between the anger survey
and the LIWC anger score for Twitter and Der Standard, re-
spectively, as well as between the anger survey and the GS
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Three-Day Rolling Means of the LIWC Anger, Anxiety, and Sadness Scores in Twitter and Der Standard in 2020
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Note: This plot pictures the three-day rolling means of the baseline-corrected LIWC emotion measures in both social media
platforms, Twitter and Der Standard. The vertical lines indicate some of the time points of the following important external

Dates in 2020

11

events that stirred emotional responses in the Austrian society: (1) the terrorist attack in Hanau, Germany on February 25,

2020, (2) the first Covid-19 case in Austria on February 25, 2020, the first press conference on Covid-19, announcing bans of
large public events and university closures as first measures on March 10, 2020, (3) the first death from Covid-19 in Austria on

March 12, 2020, followed by strict social distancing measures announced on March 15, 2020, which started on the day after,

(4) press releases about considerations of public agencies to stir anxiety of the population at the beginning of the pandemic on
April 28, 2020, (5) Black Lives Matter demonstrations against police brutality on May 31, 2020, and (6) the terrorist attack in

Vienna, Austria on November 02, 2020.
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Figure 3

Spearman’s Rank Correlations between Survey Variables and Sentiment Measures
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Note: Anx, Anger and Sad stand for the LIWC anxiety, anger, and sadness scores respectively. Neg GS is an abbreviation for

the GS negative affect score.

negative affect score for both platforms. Levels of signifi-
cance for all the confirmatory analyses were set by imple-
menting the sequential Holm procedure (Holm, 1979). There
was a negative correlation between the corresponding anger
scores for both platforms (Twitter: r(10) = -.29 [-.73, .30],
p = .803, Der Standard: r(10) = -.17 [-.65, .41], p = .688).
Contrarily, the correlation between the anger survey and the
GS negative score was positive, r(10) = .53 [-.05, .84], p =
.064, and r(10) = .39 [-.21, .78], p = .130 respectively. Con-
sequently, we only found the hypothesized positive although
insignificant correlation for the machine learning-based neg-
ative GS score, and not the dictionary-based anger score.

Anxiety

The Spearman’s rank correlations between the anxiety

survey and the anxiety LIWC score for Twitter and Der Stan-
dard were 1r(10) = .36 [-.24, .76], p = .147, and r(10) = .37 [-
.23, 77], p = .143 respectively. Hence, the corresponding
null hypotheses are not rejected although the correlations go
in the expected direction.
Similarly, the association between the survey anxiety and the
GS negative affect score was positive but not significant for
either Twitter or Der Standard (r(10) = .33 [-.27, .74], p =
171, and r(10) = .13 [-.45, .62], p = .357 respectively).

Depression

Lastly, hypotheses 3 (a) and (b) and 6 (a) and (b) tested
the correlation between self-reported depression and LIWC
sadness, as well as GS negative affect. The correlation with
LIWC sadness was positive for Twitter (r(10) = .51 [-.08,
.84], p = .071) and Der Standard (r(10) = .48 [-.12, .82], p

= .086). Similarly, the association between the depression
survey and the GS negative affect score was positive for both
social media platforms, r(10) = .15 [-.42, .64], p = .327, and
r(10) = .13 [-.45, .62], p = .357. Again, the corresponding
null hypotheses cannot be rejected based on this set of data
and analyses, although relationships go in the right direction.

Comparison of Different Confidence Intervals

The confidence intervals computed by the analytical ap-
proach can be compared to their counterparts computed by
the nonparametric bootstrap approach in Table A1l for Twit-
ter and A2 for Der Standard in the Appendix. The results
converge in finding non-significant correlations. The corre-
sponding histograms and Q-Q plots of the bootstrap samples
are displayed in Figure A4 for Twitter and A5 for Der Stan-
dard in the Appendix. It is apparent that with increasing ab-
solute value of p the densities tend to be skewed and conse-
quently less normal. This potentially results in less appropri-
ate estimates with the analytical procedure.

Effect of Gender and Federal State

Furthermore, we investigated the above associations in
more detail for only Twitter data by analyzing the influ-
ence of gender and federal state on the link between sur-
vey and sentiment scores. Time series plots of the senti-
ment measures grouped by gender for two example federal
states, Vienna and Upper Austria, illustrate state- and gender-
differences in the sentiment scores (Figures 4, A6 and A7
for LIWC anger, anxiety, and sadness respectively, and Fig-
ure A8 for GS negative affect). These plots depict that the
variability in Vienna is less pronounced than in Upper Aus-
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tria, which is a consequence of the much larger sample of
tweets from Vienna, leading to more reliable estimates. To
investigate if the variability in the sentiment measures sig-
nificantly improves model performance when controlling for
confounding influences of gender and federal state, we em-
ployed a hierarchical regression.

Firstly, we computed a regression on survey emotions
with only gender and federal state as independent variables.
Second, we tested if adding GS negative or the corresponding
LIWC score significantly increased model performance.

GS negative affect did not contribute significantly to ex-
plaining variation in self-reported anger, AR> = .01, 90%
CI [.00, .06], F(1,113) = 1.35, p = .247. Tt did also not
improve model performance for the anxiety survey mea-
sure, AR? < .01, 90% CI [.00, .03], F(1,113) = 0.43, p =
.513. For self-reported depression, AR? = .03, 90% CI [.00,
.09], F(1,113) = 7.06, p = .009 the F-score turned out
to be significant. Interestingly, all the coefficients turned
out to be negative. Equivalently, we investigated how the
model performance changed when adding the corresponding
LIWC emotion to the baseline model. Neither adding LIWC
anger nor anxiety improved model performance significantly
(AR? < .01, 90% CI [.00, .03], F(1,113) = 0.72, p = .398
and AR? = .02, 90% CT[.00, .06], F(1,113) =2.82, p = .096
respectively). Again, both sentiment score regression coef-
ficients turned out be negative. Contrarily, only the coeffi-
cient of LIWC depression was positive as hypothesized and
significantly improved model performance when considering
the F-score, AR = .02, 90% CI [.00, .08], F(1,113) = 5.03,
p = .027. The results of the hierarchical linear regressions
are displayed in greater detail in the Appendix in Tables A3
for the survey anger and GS negative affect association, A4
for the survey anxiety and GS negative affect association, A5
for the survey depression and GS negative affect association,
A6 for the survey anger and LIWC anger association, A7 for
the survey anxiety and LIWC anxiety association and A8 for
the survey depression and LIWC sadness association. Impor-
tantly, in all the above analyses most of the variation in the
dependent variables are explained by gender and federal state
and not by the sentiment measure. R” ranges from 0.31 in the
baseline models for both self-reported anger models to 0.42
in both self-reported depression baseline models. The as-
sumptions for these multiple linear regressions are met. See
the partial correlation and diagnostic plots in Figure A9 and
A10 in the Appendix.

Exploratory Analyses

In order to understand the interrelations between emo-
tional or sentiment and self-reported measures in more de-
tail we conducted further exploratory analyses. Figure 3 pro-
vides first insights that it is worth investigating the associa-
tions between survey and sentiment measures apart from the
ones that were discussed above. Most prominently, whereas

the LIWC anger is unexpectedly negatively correlated with
self-reported anger, GS negative and LIWC anxiety and sad-
ness exhibit strong positive correlations with the survey mea-
sure. This holds true for both social media platforms. It
further becomes clear that all three self-reported emotions
share a positive correlation with the sentiment measures apart
from LIWC anger which consistently is negatively correlated
to them. On the one hand, the following section discusses
the interrelations between different survey variables and the
LIWC and GS measures apart from the main results. On the
other hand, we will discuss the influence of changes in the
time windows to include the social media data on the rela-
tions discussed in the above sections.

Influence of Time Window for Sentiment Measures

Figure 5 illustrates how the Spearman’s rank correlation
coefficients vary as a function of time window before the
survey for which we included text data for sentiment mea-
sures. For Twitter, the correlation is in general highest with
a time window of only one day prior to each survey wave.
The correlation of LIWC sadness with self-reported depres-
sion is an exception, being highest from day three to eleven.
For Der Standard, all three correlations with GS negative af-
fect are better for windows up to three days. LIWC anger
correlates most highly with survey anger for a short one- or
two-day window. LIWC sadness correlates most strongly for
longer time intervals, similar to Twitter sentiment, increasing
slightly from around day seven onward. Equivalently, Figure
A1l in the Appendix displays the results with the only differ-
ence that for each survey wave we only included data of the
first 50 % of the respondents. The reason for including only
the first 50 % was to keep the time window more restricted,
and thus more comparable to the quickly changing dynamics
of the online platforms. The figure looks like Figure 5.

Next, we investigated how the length of the time window
influences the regression coefficients of the sentiment mea-
sures when additionally controlling for gender and federal
state. Figure 6 depicts the coefficients with corresponding
95 % confidence intervals. Interestingly, only the results con-
cerning the coefficients with the LIWC scores converge with
the Spearman’s rank correlation results. The GS scores how-
ever do not exhibit such a consistent pattern. For the survey
anger and GS negative relation a restricted time window did
not increase the strength of the correlation. The coefficient
of the anxiety and GS negative regression is indeed highest
with a time window of only one or two days. For depression
and GS negative the coefficient also becomes less negative
with a restricted time window. Again, it is noteworthy that
none of the coefficients related to GS negative exhibits a pos-
itive relationship to the survey measure. For the coefficients
related to LIWC anger and anxiety however, a restricted time
window led to a more positive correlation coefficient. This is
especially pronounced for the LIWC anger coefficient. Con-
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Figure 4

Three-Day Rolling Means of LIWC Anger in Tweets from Users in Vienna and Upper Austria in 2020 Grouped by Gender
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Note: This plot pictures the three-day rolling means of the baseline-corrected LIWC anger measure in Twitter split by gender
and two example federal states, Vienna and Upper Austria. The vertical lines portray important events stirring emotional
responses in Austria: (1) the terrorist attack in Hanau, Germany on February 25, 2020, (2) the first Covid-19 case in Austria
on February 25, 2020, (3) the first death from Covid-19 in Austria on March 12, 2020, (4) press releases about considerations
of public agencies to stir anxiety of the population at the beginning of the pandemic on April 28, 2020, (5) Black Lives Matter
demonstrations against police brutality on May 31, 2020, and (6) the terrorist attack in Vienna, Austria on November 02, 2020.

trarily, the LIWC sadness coefficient exhibits a reversed pat-
tern. As the time window becomes less restricted the coef-
ficients tend to rise. This indicates that the reference point
for the survey depression questions is mirrored better by the
sentiment measures when smoothing the data by a greater
time interval. Nonetheless, none of the above coefficients
vary significantly from each other as a function of the in-
cluded time window. Yet, this is not surprising giving the
small number of survey waves in our dataset.

Best Subset Selection

For further exploration we analyzed how different senti-
ment measures associate with the three survey variables. Fig-
ure 3 shows the Spearman’s rank correlation coefficients be-
tween the survey and sentiment measures. For Twitter, we
further employed best subset selection to investigate which
combination of independent variables best predicts the dif-
ferent survey variables. The models that minimize the AIC
or BIC for the different survey variables are portrayed in Ta-
ble 7. For a more detailed view of the results Tables A9,
A10, Al1, A12, A13 and A14 in the Appendix list the five

winning models for both AIC and BIC for each self-reported
measure.

First, the winning models for AIC and BIC do not con-
verge in selecting the exact same model. Unsurprisingly, BIC
selects models with a smaller number of independent vari-
ables. However, the winning models per self-reported mea-
sure consistently include similar variables. Second, when-
ever one of the winning models contains LIWC positive emo-
tion, its regression coefficient is positive. This indicates
that the LIWC positive emotion score is an important factor
in reducing AIC and BIC and hence increasing model per-
formance in explaining self-reported depression and anger.
Third, winning models including LIWC negative emotion
also include LIWC anxiety and anger or only LIWC anxiety.
Whereas LIWC negative emotion yields a positive regression
coefficient, the corresponding anger and anxiety coefficients
are negative. This phenomenon is especially pronounced in
the winning models for the self-reported depression variable.
Importantly, these coefficients are difficult to interpret since
LIWC negative is a linear combination of LIWC anger, anx-
iety and sadness and hence is associated with these emo-
tions by definition. Potentially, the positive LIWC negative
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Figure 5

Spearman’s p as a Function of the Time Window of Twitter and Der Standard Data Used to Calculate Sentiment Measures
(a) Twitter
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Note: This plot depicts the influence of the time window we used to include social media data for the computation of the sen-
timent measures on the correlation between self-reported and social media sentiment and emotion measures. The motivation
behind this analysis is that the survey questions refer back either 14 days in the case of depression or seven days in case of
anxiety and anger. To take this into account the start of the time window of included social media data is likewise adopted to
either 14 or seven days prior to each survey wave. Past research indicates that the respondent’s memory recall might be biased
towards more short-termed events. We thus computed correlations based on restricted time windows. Increased correlations
with the survey measures for a shorter time window would underline this theory. Note that for anxiety and anger only the
correlations for time windows ranging from one to seven days are relevant. For depression the complete range, i.e., from 14
days to one day is relevant.
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Figure 6

Linear Regression Coefficients after Controlling for Gender and federal state as a Function of Time-Window for Twitter Data
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Note: This plot depicts the influence of the time window we used to include Twitter data for the computation of the sentiment
measures on the regression coefficients related to the emotion and sentiment measures. The regression model controlled for
the influence of gender and Austrian federal states on the outcome survey measure. The shaded areas around the line depict
corresponding 95 % confidence intervals. For greater details on the time windows see the note in Figure 5. Since the anxiety

and anger survey questions refer back only seven days the relevant time window range for the corresponding coefficients is
from one to seven days.
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Table 7

Resulting Winning Models for the Best Subset Selection that Minimize AIC or BIC for the Different Survey Variable

Salz  Styr  Tyr Vie Male LIPos LINeg LIAnx LIAng LISad GSPos GS Neg IC
Ang AIC  0.18 - - - -029 0.14 - - -0.32 0.59 -0.19 - -384.78
AngBIC 0.15 - - - -0.30 - - - -0.33 0.68 - - -370.18
Anx AIC  0.06 - 005 -0.06 -0.12 - 0.18 -0.06 - - - - -571.09
AnxBIC  0.09 - 0.06 - -0.12 - - - - - - - -559.83
Depr AIC 0.12 0.06 - -0.03 -0.17 - 0.44 -0.11 -0.20 - - -0.17 -580.34
Depr BIC 0.07 - - - -0.15  0.23 - - - - - - -567.20

Note. Salz, Styr, Tyr and Vie are abbreviations for Salzburg, Styria, Tyrol and Vienna. LI, Pos, Neg, Anx, Ang and Depr are
the respective abbreviations for LIWC, positive, negative, anxiety, anger and depression. Variables that were not included in
a model were labelled with a hyphen. The last column always displays the respective information criterion - either AIC or

BIC.

affect score reflects a high influence of LIWC sadness that
is reduced by LIWC anxiety and anger. Practically, people
who score high in self-reported depression tend to use fewer
words indicating anxiety or anger but more sadness-related
words. In comparison, the self-reported anger models only
include LIWC anger and sadness. In this case, the coefficient
for LIWC anger is again negative while the one for LIWC
sadness is positive which supports the interpretation. Fourth,
similar to the hierarchical regressions, GS negative affect is
negatively associated with the dependent survey measures.
Again, this phenomenon is strongest in the case of the de-
pression survey variable. This indicates that negative affect
GS captures negative emotionality apart from the one pri-
marily present in depression. Fifth, the corresponding LIWC
emotion (e.g., LIWC anger in the anger survey regressions)
is always integrated in a winning model at least once but does
not always yield an expected positive regression coefficient.
As was demonstrated in the analyses above, especially the
LIWC anger construct is negatively associated with the cor-
responding survey measure. The same effect is present for
anxiety but less pronounced. Only for the depression survey
variable two of the winning BIC models indicate a positive
linear association with the LIWC sadness variable when con-
trolling for the other included independent measures (com-
pare with Table A14 in the Appendix). Furthermore, the ef-
fects of LIWC sadness and GS positive in the winning anger
survey models are worth investigating. While LIWC sadness
has a relatively high positive regression coefficient, the re-
gression coefficient of GS positive is consistently negative
throughout all models that included this variable. Lastly Ta-
ble 7 indicates that differences between certain federal states
do not add to the model’s explanatory power and are there-
fore not included in the winning models. Hence, some fed-
eral states seem not to differ strongly in their self-reported
or social media measure from the baseline federal state, i.e.,
Upper Austria. Strong differences here would also have been
hard to explain.

It is important to mention that issues of multicollinearity
might limit the efficiency of parameter estimation when mul-
tiple survey measures are added to a model.

Mixed Factor Analysis and Multiple Linear Regression

To investigate how further survey variables beyond anger,
anxiety and depression are associated with different senti-
ment measures we employed a factor analysis on the tetra-
choric and polychoric correlations. The included variables
ranged from diverse conflict-related variables (i.e., conflict
with family or partner, conflict at work, experience of psy-
chological or physical domestic violence and change of con-
flicts versus pre-Covid times) to suicidal ideation and various
variables assessing positive life outcomes compared to pre-
Covid. Figure A12 portrays the corresponding mixed cor-
relations between the included variables. Figure A13 in the
Appendix depicts the scree plots, additionally indicating the
results of the parallel analysis to decide on the number of
factors to compute the analysis with. Even though the par-
allel analysis suggested six factors we adhered to the scree
plot and Kaiser criterion, which converged towards a factor
analysis with two factors. This further allowed for an easier
interpretation. Furthermore, the mixed correlation table de-
picts two clusters of variables that are positively correlated
with each other. The first cluster consists of the positive life
outcomes which consistently positively correlate with each
other. Contrarily, the second cluster consists of the conflict-
, violence- and suicide-related variables. Resulting loading
structures and variable communalities of the factor analysis
after varimax rotation are portrayed in Table A15 in the Ap-
pendix. Communalities are the sum of the squared factor
loadings for each variable. In total, this model accounted
for 42% of the variance. The first factor explains 60% of
this variance, while the second factor accounts for the re-
maining 40 %. Based on the factor loadings of the variables,
the two factors were interpreted as a conflict- and suicide-
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related score and a positive life outcome score. The former
factor scores consistently high on the conflict-, violence- and
suicide-related variables. Contrarily, the second factor scores
high on the positive life outcomes. Hence it mirrors the clus-
ter structure described above which is present in the mixed
correlation table (see Figure A12). We computed Spearman’s
rank correlations to investigate the interrelations between re-
sulting factor scores and emotion and sentiment measures.
Figure 7 portrays these correlations. Concerning the correla-
tions of factor scores with the sentiment measures on Twit-
ter, the positive life outcome score was negatively correlated
with the LIWC and GS negative. As expected, GS posi-
tive was positively correlated with the life outcome score.
Surprisingly, this score exhibited a strong negative correla-
tion with LIWC positive. This indicates that a greater num-
ber of words associated with positive emotions or meaning
were present in social media whilst positive life outcomes
tended to decrease compared to pre-Covid times. Interest-
ingly, for Twitter, the conflict- and suicide-related score ex-
hibits a similar correlation pattern to the other score at first
glance. Importantly, once again the LIWC positive is nega-
tively correlated with the conflict- and suicide-related score.

Figure 7

Whereas this factor score exhibits a plausible positive corre-
lation with LIWC anger, it was unintuitively negatively cor-
related to LIWC anxiety and sadness, and most prominently,
GS negative. In the Der Standard data, the positive life out-
come score is uncorrelated with most of the emotion and
sentiment scores, except for a positive correlation with GS
negative. The correlation of the score related to positive life
outcomes with LIWC positive is negative for Twitter while
the variables are uncorrelated for Der Standard. But unlike
with Twitter, it exhibits an implausible higher positive corre-
lation with the LIWC negative affect score as well as with the
sentiment anger score. Again, the unexpected negative cor-
relation with the social media sadness score is still present.
Remarkably, the conflict- and suicide-related factor score is
negatively correlated with the GS negative affect score, even
though to a lesser degree than for Twitter. There is a great
difference between Twitter and Der Standard for this factor’s
correlation with the GS positive affect score. Here, a strong
negative correlation is apparent. Likewise, it is more strongly
positively correlated with the LIWC anger score.

Spearman’s p between Twitter and Der Standard Emotion and Sentiment Measures and the Resulting Factor Scores
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Discussion

Understanding the emotional changes in a society in the
context of a pandemic is essential knowledge to adapt pub-
lic health resources or to inform crisis communication. A
promising tool to measure emotional trends in society at
large is the processing of social media data. Fast and easy
access to live large-scale data is a promise that public health
stakeholders traditionally struggled to achieve. Assessing the
quality of social media emotion measures is crucial for re-
searchers and stakeholders alike to choose reliable and valid
tools. This study therefore investigated whether leveraging
social media data provides a similar picture of a population’s
emotional state compared to surveying mental health-related
information — the latter being costly and effortful to conduct.
To assess this research question, we analyzed associations
between self-reported emotion and mental health variables
and related sentiment measures. We compared two differ-
ent text analysis tools: a dictionary approach (LIWC) and a
machine learning approach (GS), which both measure neg-
ative and positive sentiment. Additionally, LIWC can also
differentiate between three negative emotions: anger, anxi-
ety and sadness. Besides the LIWC anger dictionary, both
LIWC and GS measures were positively related to the cor-
responding self-reported emotions, although insignificantly.
Furthermore, we evaluated further correlations of different
sentiment measures with the self-reported anger, anxiety, and
depression variables, e.g., how the LIWC sadness links to
self-reported anxiety and anger (see Figure 3). Also, for
this set of correlations only the association concerning LIWC
anger were negative. All other correlations were positive.
Especially self-reported anger correlated highly with LIWC
anxiety and sadness. For Twitter we could follow up on
these findings by analyzing to what degree the relation is
confounded by gender and federal state. Surprisingly, after
controlling for the demographic variables, only the associ-
ation between LIWC sadness and self-reported depression
remained positive. Our results suggest that most of the ex-
plained variation in the survey variables are due to variation
in gender and federal state. This is supported by the results
of the best subset selection. Every model minimizing the
information criteria includes gender and at least one federal
state. More specifically, the regression coefficients from both
the hierarchical regression analyses and best subset selection
inform us that differences in gender are more influential in
explaining this effect. The corresponding regression coeffi-
cient is approximately twice as large for gender.

This means that gender is a better predictor for how people
feel rather than the tweets they write, i.e., their opinions and
thoughts about daily events. Federal state on the contrary
is harder to interpret since it itself might be confounded by
age, education, or income. Indeed, the linear associations be-
tween social media and survey emotions was seldom positive
after controlling for the demographic variables. When they

were positive the performance of the model just increased
slightly. Hence, the monotonic relations captured by the cor-
relations are potentially also heavily confounded by variation
in gender and federal state.

Therefore, the results do not indicate a one-to-one mapping
between the current survey and both social media platforms.
Nevertheless, the present study’s results are interesting in
various regards.

Comparisons with Previous Studies

As mentioned above, all the corresponding survey and
social media measures’ Spearman’s rank correlation coeffi-
cients are positive but for the association with LIWC anger.
Consequently, the present results partly support recent re-
search on the topic that followed a similar methodology (Gar-
ciaetal., 2021; Jaidka et al., 2020; Pellert et al., 2021). These
studies stress existing substantial correlations between vari-
ous self-reported emotions and online emotion and sentiment
measures. Pellert et al. (2021) analyzed associations be-
tween self-reported positive or negative sentiment assessed
on the Der Standard’s website with corresponding sentiment
measures on Twitter and Der Standard in Austria. Therefore,
their analyses focus on German text. They measured par-
ticipants’ feelings about the past day with one simple item.
The answers ranged from positive to negative on a four-point
scale. They then focused on the daily fraction of reported
positive emotions. The authors employed the same methods
as the current study: LIWC as an example of a dictionary-
based and GS as a machine learning-based tool. Their study
differed from the present study regarding the resolution of the
self-reports and the representative of the survey. The survey
measure had a daily resolution lasting for 20 days in total and
was non-representative since the self-reports were assessed
on the same platform as one of the social media data sources.
Garcia et al. (2021) compared week to week emotional data
of a representative UK survey with seven days rolling means
of corresponding social media measures. The UK survey in-
cluded a timespan of two consecutive years and resembles
our anxiety and anger items, which also comprised a weekly
reference timespan. More specifically, the authors mainly
focused on three self-reported measures and their associa-
tions to a dictionary-based and machine learning-based emo-
tion measure in English language on Twitter. Firstly, they
analyzed the association between self-reported anxiety and
anxiety LIWC or a fear-related machine learning measure.
Second, they investigated the link between self-reported sad-
ness and matching LIWC or machine learning-based mea-
sures. Third, Garcia et al. (2021) scrutinized the relation
between happiness in the survey and positive LIWC or a joy-
related machine learning measure. Compared to the present
study, the authors employed a different emotion-based ma-
chine learning tool. The analyses of Jaidka et al. (2020)
focused on English postings on Reddit in the US. In contrast
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to the other two studies, they analyzed cross-regional differ-
ences rather than longitudinal changes. Also, the authors in-
vestigated the correlation between survey and social media
concerning long-term variables like life satisfaction. Besides
life satisfaction, they analyzed associations between happi-
ness, worry and sadness in the survey and different social
media measures. Compared to Garcia et al. (2021), also self-
reported happiness refers to an emotional state that is more
long-term than the one assessed by self-reported joy. The
yearly survey resolution in their study also point to the long-
term character of their variables in contrast to the other two
studies. Jaidka et al. (2020) employed various dictionary-
based - among others positive and negative LIWC - and ma-
chine learning-based analysis tools. Specifically, the higher
time resolution and the matching survey and social media
user population in the study by Pellert et al. (2021) poten-
tially explains the higher correlation coefficient of the sur-
vey and social media measures compared to the results pre-
sented by Garcia et al. (2021), Jaidka et al. (2020) and
us. The present study extents the research focus to whether
we can observe similar associations with self-reported data
assessed by a representative Austrian survey. It further in-
cluded a question about anger, which has not been inves-
tigated in these earlier studies. Importantly, while we as-
sessed self-reported anger by one item similarly to Pellert et
al. (2021), self-reported anxiety and depression measured
more latent and complex mental health constructs by mul-
tiple items, rather than a specific emotion. The anger and
anxiety items referred to the respondent’s state of anger and
anxiety in the past week. The depression item was interested
in a comparably long-term mental health state and referred to
the past two weeks. All the above studies focused on a time
period in which Covid-19 dominated public dispute. When
compared in more detail our results do not completely con-
verge with these studies. Protruding differences and similar-
ities in the design and results compared to the present thesis
are discussed thoroughly in the following.

Machine Learning-Based vs. Dictionary-Based Sentiment
Measures

The results presented by Garcia et al. (2021), Jaidka et
al. (2020) and Pellert et al. (2021) all found that machine
learning-methods were more robust than dictionary-based
methods when considering correlations with self-reported
positive emotions. In the study by Jaidka et al. (2020)
the performance of the two methods differed substantially.
While the machine learning-based measure was consistently
positively or negatively associated to respective self-reported
measures, dictionary-based measures exhibited the reversed
pattern. Pellert et al. (2021) found that both LIWC and GS
positive correlated positively with self-reported positive af-
fect. GS positive exhibited a stronger association. However,
the results presented by Pellert et al. (2021) are inconsistent

when evaluating how LIWC and GS negative affect corre-
lates with surveyed positivity. For Der Standard only, GS ex-
hibited expected negative correlations while LIWC negative
was uncorrelated to the survey variable. For Twitter, GS was
still negatively correlated with the self-reported measure, but
LIWC negative outperformed the machine learning-based
measure. Contrarily, the study of Garcia et al. (2021) found
no substantial differences between both sentiment measures’
performance when considering survey sadness and anxiety.
Yet, as in the other studies, machine learning-based meth-
ods outperformed LIWC positive in correlating with self-
reported joy. Given that the machine learning model specif-
ically predicted joy, while LIWC captures all kinds of pos-
itive expressions, this hints again that the close similarity
between survey and social media measures improves per-
formance. The present study’s main results indicate that
machine learning (GS) qualitatively and quantitatively out-
performs the LIWC dictionary method in the case of anger.
People who reported to feel angry possibly tend to use lan-
guage that reflects negative affect per se but may not ex-
plicitly use more anger-related words. GS negative on so-
cial media is positively correlated to self-reported anger in
contrast to LIWC anger, which results in a negative associ-
ation. For survey depression, however, the sadness dictio-
nary fared better and produced higher positive associations
than GS negative. Potentially, GS negative covers a wide
range of negative emotions that are not primarily present in
depression. Sadness on the contrary is hypothesized to trans-
form to depression when avoidance behavior is present for
a prolonged timespan (Leventhal, 2008) and is consequently
closely linked to depression. Therefore, indications of sad-
ness might be identifiable in social media language of people
struggling with symptoms of depression. The result is sup-
ported by the hierarchical regression results. When control-
ling for gender and federal state, the correlation of depres-
sion with GS negative was negative but remained positive
for LIWC sadness.

Moreover, selecting the best subset based on the AIC crite-
rion shows that the winning models included LIWC and GS
positive for self-reported anger, and LIWC and GS negative
for self-reported depression. Both LIWC and GS - although
intended to measure positive affect - seem to capture different
emotional aspects. Machine learning-based and dictionary-
based methods hence might be more informative when em-
ployed in union. Pellert et al. (2021) support this hypothesis:
The average between corresponding LIWC and GS scores
outperformed the single measures in most cases. In general,
people may talk more about some emotions than about oth-
ers, for example, more about sadness than about anger. Our
study, together with previous results, could indicate that sad-
ness and some positive emotions like joy can be assessed us-
ing social media data, while anger is harder to measure.
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Positive and Negative Life Events and Emotions

In order to understand the relation between survey vari-
ables and sentiment measures better we computed a factor
analysis with various survey variables. The two-factor so-
lution consisted of a conflict- and suicide-related and a pos-
itive life outcome-related score. These scores were corre-
lated with some of the online emotion measures. Similar to
Pellert et al. (2021), the positive life outcome score assessed
a positive emotional state with the only difference that it is
more long-term in the current case. This factor score was
negatively related to both LIWC and GS negative only in
Twitter as in the study by Pellert et al. (2021). For Der
Standard, we unexpectedly observed negative correlations.
The Der Standard online forum consists of comments below
news tickers and published articles. Thus, these postings
are rather about news and less about personal experiences.
On Twitter, postings may cover a wider range of subjects
and hence allow to capture signals related to the conflict-,
suicide- or positive life outcome-related variables. Future re-
search should assess how language and topics qualitatively
differ between these platforms and whether, for example,
emotions are transported in higher-level contexts that rely on
a sentence or text but not so heavily on a word level. Further-
more, we found that LIWC positive is negatively correlated
to the conflict- and suicide-related score. This suggests that
the absence of words related to positive emotions indicates
a rise in such negative life events. For the case of Der Stan-
dard also GS positive negatively correlates with the conflict-
and suicide-related factor score. Language related to pos-
itive emotions - on a word level as assessed by the LIWC
and on a context-dependent sentence level as assessed by the
GS - might therefore be scarce at times when negative life
events are more present in the population. The result, how-
ever, needs replication and is also not entirely supported for
Twitter where GS positive is uncorrelated to the conflict- and
suicide-related factor score. Interestingly, reports of conflict-
and suicide-related events tend to increase when the use of
anger-related words increases. Yet, they generally decrease
with or are not correlated to a rise in other social media mea-
sures related to negative affect. At least for Twitter, our re-
sults hence point to a less emotional language in general,
but more anger, at times of conflicts, violence, or suicidal
thoughts. Indeed, the result is supported by research show-
ing that women who experienced domestic violence tend to
feel angrier and more apathetic (Avdibegovic et al., 2017).
Additionally, the positive life outcome score was negatively
correlated or uncorrelated to LIWC positive in Twitter and
Der Standard, respectively. Jaidka et al. (2020) discussed
similar results: LIWC positive as well as other dictionary-
based methods were negatively correlated or uncorrelated
to life satisfaction and happiness. LIWC positive includes
a broad class of positive words, ranging from good, better,
love to like. The use of these words does not necessarily

express an emotion. Jaidka et al. (2020) investigated this
phenomenon further and found that positive affect in social
media is dominated by a few words (especially lol, Imao, Im-
fao or love) that correlate negatively with self-reported life
satisfaction. Especially the three former words do not ex-
press positive emotions but rather irony. Interestingly, when
excluding these words, the correlation became less negative
or even positive. Future work could check whether this also
holds true for the current set of German data. The best subset
selection likewise reflects this ambiguity concerning LIWC
positive. LIWC positive consistently correlates positively
with both self-reported anger and depression. Contrarily, GS
positive is negatively correlated with self-reported anger and
hence might represent positive emotions more accurately.

Importance of the Dependent Measure

Moreover, the studies differ in their dependent survey
measures. As discussed by Pellert et al. (2021), the strength
of the association between survey and social media measures
potentially varies as a function of the volatility of certain
emotional variables. Variables which do not change rapidly
may not be well represented in the volatile emotional trends
on social media. Contrarily, fast-changing emotional expe-
riences that for instance evolve on a day-to-day basis as re-
action to external shocks are captured more accurately and
hence correlate more highly. On Twitter and Der Standard,
people primarily discuss political events and the news of
the day, but not their mental health. Metzler et al. (2021)
illustrated that non-emotional words prior to the Covid-19
pandemic were often related to politics and then shifted to
Covid-19-related topics as soon as the pandemic unfolded.
Importantly, the sentiment measures’ variations are system-
atic and seem to measure some kind of emotional reaction to
external events as indicated in the time series plots in Fig-
ure 2. This is also not a platform effect since the LIWC and
GS scores vary consistently across Twitter and Der Standard.
In contrast to this, the survey by Niederkrotenthaler et al.
(2022) mainly assessed mental health indicators, which we
correlated with the social media emotion and sentiment mea-
sures. Mental health is a more long-term variable, whereas
the expression of emotions on social media about recent
events are short-lived. Hence, the survey is not as strongly
related to everyday news as people’s emotional reactions on
Twitter and Der Standard. This might explain the drop in
correlational strength we observed in the current study es-
pecially compared to Pellert et al. (2021). Therefore, what
the LIWC and GS measures assess differs from the survey
questions. Social media data might allow capturing fear to-
wards an external event, e.g., a virus or war, whereas sur-
vey measures provide a measure of anxiety that is not neces-
sarily directed towards a specific event. Rather, the anxiety
questionnaire HADS (Zigmond & Snaith, 1983) can also as-
sess feelings of inexplicable unease that potentially are less
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prominent and explicit in social media postings. Generally,
whereas the respondents must self-consciously infer their
own feelings to respond to the survey, emotion and sentiment
measures on social media can only capture expressed emo-
tions. Taken together, the set of studies discussed here may
show that fast-evolving emotions are better reflected in so-
cial media data and hence correlate with survey assessments
on a macroscopic level. In contrast, affect-related variables
which evolve more slowly in time, such as life satisfaction,
are depicted less precisely when comparing to ground truth
survey data. Jaidka et al. (2020) support this phenomenon:
They found lower but nevertheless substantial cross-sectional
correlations between life satisfaction indicators in surveys
and on social media. Also Garcia et al. (2021) reported
higher correlation coefficients between corresponding sur-
vey and social media emotions that are short-lived in na-
ture. Expressions of being scared, frustrated, stressed, bored
or happy in the survey and on social media correlated more
strongly compared to expression of feeling sad, inspired, ap-
athetic, content, optimistic or lonely. This translates nicely
to our present study. Following the logic, especially self-
reported anger is rather short-lived and hence would be il-
lustrated more precisely in the volatile emotional trends in
social media platforms. Our main results however do not
support this. Possibly, anger is not an emotion people talk
about on social media. Mental health variables like anxiety
(as opposed to the emotion anger and fear) and especially
depression might evolve more slowly. Their associations to
corresponding emotion and sentiment measures were posi-
tive though generally not as high as in studies by Pellert et al.
(2021) and Garcia et al. (2021), which used emotion surveys
rather than mental health surveys. For a better understand-
ing of this question, we extended our analyses and explored
whether the associations were stronger when restricting the
time window of the included social media data to match the
fast-lived emotional dynamics on the platforms.

Changing the Time Window for which to Include Social
Media Data

For associations with self-reported anger and anxiety we
included social media data seven days prior to the start of
each survey wave to match the timespan the survey items
were referring to. Since the depression questionnaire asked
about symptoms in the last 14 days (a requirement for diag-
nosing depression), we included up to 14 days prior to each
wave for depression correlations. We investigated how re-
stricting the time window that was defined to include the so-
cial media data impacted the results. We varied the start of
the time window from one to seven days prior to each survey
wave in the case of anxiety and anger and from one to 14
days in the case of depression. For anxiety and anger, the
correlation with corresponding LIWC variables and GS neg-
ative in Twitter data was highest for a restricted time window

of one day prior to each survey wave. For Der Standard the
results were similar. The correlation pattern for survey anger,
with the correlation becoming less negative with shorter time
windows, supports the hypothesis that correlation increases
when restricting the time window. For anxiety the effect was
less pronounced but still remarkable. The regression coef-
ficients between survey anger and anxiety with their corre-
sponding LIWC variables both became more positive with
shorter time windows. Interestingly, the correlation between
self-reported depression and LIWC sadness behaved differ-
ently, being highest in a time window from three to eleven
days. The corresponding regression coefficient exhibits an
even more pronounced pattern being higher for a longer time
window. This indicates that the reference point for the sur-
vey depression questions is best mirrored by the sentiment
measures when smoothing them with a greater time inter-
val. Smoothing makes emotions on social media less prone
to sudden changes and external shocks that influence them
heavily, i.e., the emotion and sentiment measures are more
sluggish. Indeed, this makes sense since we would expect
mental health-related emotions regarding depression to be
less volatile and change rather slowly. The 14-days refer-
ence frame of the PHQ-9 reflects these results. These results
partly converge with the insights of Pellert et al. (2021) who
found that a three-day rolling mean resulted in high corre-
lations between self-reported emotional measures and sen-
timent scores. In our study, restricting the time window to
one day prior to the start of each survey wave mostly in-
creased the associations in the case of anger and anxiety and
is comparable to the three-day rolling mean. Nonetheless,
Pellert et al. (2021)‘s three-day window covered the refer-
enced timespan of the survey: Participants were asked about
their emotions yesterday. The analysis therefore included the
day of the survey itself, the previous day which the survey re-
ferred to, and the day before that, in case somebody answered
right after midnight. This would correspond to a seven-day
window in the current thesis, since survey respondents were
asked about their feelings of anger and anxiety during the
previous week. The seven-day window was, however, out-
performed by a more restricted time window. Therefore, the
question arises whether more generally, some emotions are
better represented by restricted time windows independent of
the referenced timespan of the survey items. Future studies
should put more effort in deciphering whether the described
effects are due to biases in memorizing and retrieving short-
termed emotions with greater ease. Similarly, current and
recent emotions could more strongly influence participants’
self-reports than emotions a week ago. Depressive symp-
toms, in contrast, may be easier to recall for longer times-
pans than short-lived emotions. The trends that were present
in our results point to such recency and memory biases but
need to be replicated.
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Limitations

Importantly, the results should be put into the context of
the limited statistical efficiency when estimating the correla-
tion coefficients. The present study compared the means of
the 12 survey waves with corresponding sentiment measures,
yielding low statistical power. Twelve data points do not re-
sult in reliable estimates for the association of interest and
hence should always be interpreted with caution. This might
be the most prominent argument for why we did not find con-
sistent evidence for our hypotheses. Moreover, whereas the
surveyed population was representative for the Austrian pop-
ulation, the same cannot be said for the social media users.
One issue concerning Twitter data is the digital divide be-
tween Twitter and non-Twitter users or Twitter and the offline
population (Blank, 2017). Pellert et al. (2021) investigated
the divide for the special case of Austria and found that the
difference is pronounced for gender. The proportion of male
users in both Der Standard and Twitter is higher than com-
pared to the Austrian population. Also in the present study,
both the fraction of men among self-reported Twitter users
in the survey as well as the higher number of Twitter post-
ings originating from men (see Table 6) mirrors the higher
visibility of men within Twitter (Nilizadeh et al., 2021) and
its tendency to overrepresent men (Mellon & Prosser, 2017).
Furthermore, Pellert et al. (2021) showed that younger co-
horts tend to be overrepresented in social media whilst older
cohorts are underrepresented. Especially Der Standard users
tend to be more educated when compared to random samples
of the general population. Differences in income are less ap-
parent. Importantly, we are potentially faced with system-
atic differences between surveys and social media in what
we measure since people differ in how they express emotions
as a function of personality style. For example, people who
are more extravert are more likely to have higher measures of
emotional expressivity (Martin et al., 1999). This subpopula-
tion might be most dominant on social media platforms such
as Twitter or the online forum of Der Standard. Indeed, social
media users generally score higher on extraversion and open-
ness to experience. Interestingly, the finding was especially
pronounced in younger users (Correa et al., 2010). All things
considered, representativeness can play role in explaining the
differences in the findings between the present study com-
pared to the one by Pellert et al. (2021). However, it cannot
be the only explanation, given that Garcia et al. (2021) found
strong correlations with a representative survey in the UK.
This suggests that time resolution and the type of dependent
measure (fast-lived emotion versus short-lived mental health
variables) might have a stronger influence than representa-
tiveness alone.

Furthermore, as discussed by Pellert et al. (2021) social
norms on social media platforms influence the user’s posting
behavior. Additionally, certain users might dominate the dis-
cussion while others are silent individuals. Since we solely

rely on postings to assess emotions on social media, we in-
troduce a bias due to this self-selected sampling (Correia et
al., 2020). This is further amplified by algorithmic biases of
the machine learning-based recommender systems which are
employed by social media platforms and reinforce behavioral
patterns and opinions. The systematic differences in the pop-
ulations can therefore also affect the measures of association.
Missing pre-Covid survey data is an additional limitation of
the present study (Niederkrotenthaler et al., 2022). Compar-
ing both measures baseline-corrected for past events would
improve the consistency of the analyses. Another crucial dif-
ference resides in the methods themselves: Surveys ask indi-
viduals specific questions concerning their own experiences,
emotions, or mental health states, whereas social media data
uses a less direct approach. Rather, users can share their own
thoughts and feelings from which emotion and sentiment
analyses aim at deriving assumptions concerning their emo-
tional state. On a macroscopic level, the abundance of social
media data can help researchers and policymakers in their as-
sessments of broad emotional trends in a population. In con-
trast, understanding individualized and private topics that are
less pronounced in discussions on social media, for exam-
ple the extent of domestic violence, might be difficult when
solely relying on online sentiment measures. Additionally,
the current study design is solely observational. Our results
cannot establish causal links and should only be interpreted
as correlational. Finally, some general drawbacks of senti-
ment analysis, as outlined by Mohammad (2021), also apply
to our study: Especially dictionary-based methods struggle
to grasp emotions in language. Emotions are often implicitly
communicated in text and therefore not necessarily present
at the level of words. Negations change the meaning of a
sentence completely but are not assessed by all dictionary-
based methods. Also, the meaning of a word depends heav-
ily on the context it is embedded in. Dictionary-based meth-
ods like the LIWC miss these alterations and consequently
introduce error in the analysis. Thus, future studies should
investigate the postings further and check a subsample of the
postings manually for substantial errors. Indeed, dictionary-
based methods also lack specificity in judging emotionality.
In the case of LIWC a word is either present or absent in
a posting. The emotional strength of a certain expression
within a posting is disregarded. Certain uses of language
are not captured by dictionary-based methods, e.g., irony or
sarcasm. Some of the above-mentioned limitations are partly
overcome by machine learning-based methods, while others,
like sarcasm detection, are not yet. Nevertheless, the quality
of these methods depend on the quality of the annotated text
that enables the supervised learning of emotion labels. Mo-
hammad (2021) points out that the reliability of valence or
emotion annotations can be limited compared to annotating
linguistic features. How people understand and therefore la-
bel emotions in text varies cross-culturally and depends on
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the given task and annotation scheme.

Ethical Concerns

When working with social media data, it is crucial to re-
flect on the consequences of leveraging such large quantities
of personal data. Kosinski et al. (2016) underline the po-
tential of leveraging social media data - specially to improve
social science research. Nevertheless, computational social
science lacks clear paradigms for research and hence poten-
tially reinforces scientific misconduct. Apart from that, the
authors stressed issues of privacy when working with sen-
sible user data. Easy access and availability of social me-
dia data should not be misinterpreted as ethically unprob-
lematic. Sensible user data might potentially also hold in-
formation concerning other people who would not approve
that their data is processed (Correia et al., 2020; Kosinski et
al., 2016). Indeed, Garcia (2017) illustrated that it is possi-
ble to create profiles of nonusers only by leveraging exist-
ing user’s social media data. Issues such as the creation of
shadow profiles should motivate clearer privacy guidelines.
Furthermore, even though social media users publish their
thoughts publicly they might not be aware to what use their
postings are put to. To keep individual postings anonymized
and protect the privacy of nonusers who are potentially men-
tioned in the postings we decided to share only aggregates of
the emotion and sentiment measures. It is still important to
stress that sentiment measures nowadays only work properly
on a macroscopic level whilst being unreliable on an indi-
vidual level. In addition, we like to underline that our work
does not revolve around a particularly sensitive topic, e.g.,
detecting hints for suicidal ideation based on social media
postings, where privacy concerns are more pronounced. We
further stress that other alternatives for handling social me-
dia data exist: Pellert et al. (2021) only made identification
numbers of Twitter postings available that other researchers
can use to access the postings. In this way, users’ decisions
to delete tweets are respected since deleted postings cannot
be accessed by their initial identification number anymore.

Additionally, results of sentiment analyses can be manip-
ulated externally (Correia et al., 2020). Pfeffer et al. (2018)
showed that Twitter postings during times of political de-
bates can be fabricated to bias the emotion and sentiment
measures to a certain direction. Actors on social media who
understand the mechanisms of sentiment analyses can sys-
tematically create an abundance of postings that are related
to an emotion of their choosing. Controlling and correcting
for these kinds of biases is difficult. In addition, machine
learning-based methods can perpetuate biases that exist in
the training data. Mohammad (2021) lists algorithmic behav-
ior which, for example, discriminated against certain races,
genders or the elderly. Sentiment measures tagged language
that was more typically used by older people as more nega-
tive compared to language used by the younger (Diaz et al.,

2018). Examples such as this one motivate to improve the
development of fair emotion models.

Conclusion

Taken together, it seems that social media are better suited
to assess short-term changes in emotions, with correlations
being highest for data with daily resolutions (Pellert et al.,
2021), somewhat lower for weekly resolutions (Garcia et al.,
2021), and low to non-existent with three-week intervals as
in the current study. This makes sense, given that the inves-
tigated social media platforms are mostly used as forums to
discuss news and politics in Austria. While earlier studies
looked at positive versus negative affect (Pellert et al., 2021),
and the specific emotions anxiety, joy, and sadness (Garcia
et al., 2021), the current study was the first to investigate
anger, and found no correlation. Finally, correlations may be
higher when survey measures are more closely related, as in
the cases of anxiety and sadness in Garcia et al. (2021), or
positive vs. negative feelings in Pellert et al. (2021). The
current study found low correlations when comparing so-
cial media emotions with more long-term mental health con-
structs like anxiety and depression. Moreover, the analyses
shed light on a substantial confounding effect of gender and
federal state. For Twitter, nearly all associations that were
previously present in the correlations disappeared when con-
trolling for these demographic variables. Especially gender
seems to be able to explain a population’s mental health more
accurately than current sentiment measures of Twitter post-
ings. Furthermore, correlations with factor scores indicat-
ing negative and positive everyday life events revealed fur-
ther interesting insights. A rise in negative life events tends
to co-occur with a more anger-related language while other
emotions that are closely related to negative sentiment de-
crease. This mirrors research on emotional states on an indi-
vidual level after the experience of domestic violence which
shows that anger and apathy are customary in these cases
(Avdibegovic et al., 2017). Another remarkable outcome was
the negative or non-existent correlation between positive life
outcomes and LIWC positive. Methodologically, LIWC pos-
itive covers a wide range of words that are not all necessarily
related to positive emotions. It thus supports earlier results
established by Jaidka et al. (2020): LIWC positive can be
too uninformative when predicting specific emotional or be-
havioral outcomes. A closer look at the dominating words
and an adaptation to the specific context might be necessary.
Importantly, due to the limited statistical power of the present
study, a replication of the results is necessary.
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Appendix
Unstandardized Survey Items

In the following, the unstandardized survey items used by
Niederkrotenthaler et al. (2022) are listed that assessed anger,
the conflict-related variables conflicts during the last week
at work, conflicts during the last week at home, change of
conflicts compared to pre-Covid times and the experience of
physical and psychological violence in the last week as well
as the positive life outcomes.

Anger was measured with the question Wie stark oder
oft fiihlten Sie sich wdihrend der letzten Woche drgerlich /
verdrgert?. Potential item responses were the following:

e Uberhaupt nicht drgerlich.
* Kaum drgerlich.

» Etwas drgerlich.

o Sehr drgerlich.

o Auferst drgerlich.

The variable conflicts during the last two weeks at
home was measured with the question Hatten Sie in den
vergangenen zwei Wochen Konflikte, Spannungen, Streit-
igkeiten, Meinungsverschiedenheiten mit einem Familienmit-
glied oder Ihrem Partner?. The variable conflicts during the
last two weeks at work was assessed with the item Haben
Sie in den vergangenen zwei Wochen Probleme oder Kon-
flikte im beruflichen Setting erlebt (z.B. Konflikte mit Arbeit-
skollegInnen oder Vorgesetzten, Jobverlust, Probleme bed-
ingt durch die Kurzarbeits-Verordnung, etc.)?. The variables
physical and psychological violence were assessed with the
questions Haben Sie in den vergangenen zwei Wochen psy-
chische Gewalt durch ein Familienmitglied oder Ihren Part-
ner erfahren? Erkldrung: psychische Gewalt beinhaltet
Beleidigungen, Beschimpfungen, emotionale Vernachldissi-
gung, Bedrohungen, Erpressungen, Handlungen, die darauf
abzielen, den anderen zu drgern, etc. and Haben Sie in den
vergangenen zwei Wochen physische Gewalt durch ein Fam-
ilienmitglied oder Ihren Partner erfahren? Erkldrung: ph-
ysische Gewalt beinhaltet das Zufiigen von korperlichen Ver-
letzungen durch den anderen (Ohrfeige, Stofien, Schubsen,
Schlagen, Wiirgen, Verbrennungen, etc.) oder das Bedro-
hen mit einer Waffe (Messer oder Schusswaffe) durch den
anderen. respectively.

These four conflict-related variables measured the severity
of the conflicts on a 5-point scale, ranging from 0 (not at all)
to 5 (very much).

The variable conflicts compared to pre-Covid times was
assessed by the item Bemerken Sie eine Verdnderung der
Anzahl oder der Intensitdit an Konflikten, Spannungen, Stre-
itigkeiten, oder Meinungsverschiedenheiten im Vergleich zu

vor der Covid-19 Krise?. The possible responses were the
following:

* Anzahl / Intensitdt stark gesunken.

* Anzahl / Intensitdt gesunken.

» Anzahl / Intensitdt gleich geblieben.
» Anzahl / Intensitdt gestiegen.

» Anzahl / Intensitdt stark gestiegen.

Positive life outcomes were assessed with the following
question: In welchen Lebensbereichen nehmen Sie derzeit
(den letzten beiden Wochen) im Rahmen der Covid-19 Krise
positive Aspekte wahr, im Vergleich zu vor der Krise? Partic-
ipants could select one or more of the following responses:

* Mein Wohlbefinden ist besser als vor der COVID-19
Krise.

» Ich fiihle mich ausgeruhter als vor der COVID-19
Krise.

e Ich habe mehr Zeit fiir meine Familie als vor der
COVID-19 Krise.

o Ich habe mehr Zeit fiir Freunde als vor der COVID-19
Krise.

e Ich habe weniger Stress als vor der COVID-19 Krise.

 Ich langweile mich weniger als vor der COVID-19
Krise.

e Ich treibe mehr Sport als vor der COVID-19 Krise.

e Ich erndhre mich gesiinder als vor der COVID-19
Krise.

* Ich schlafe besser als vor der COVID-19 Krise.

» Ich fiihle mich gliicklicher als vor der COVID-19
Krise.

e Ich fiihle mich anderen Menschen verbundener als vor
der COVID-19 Krise.

* Andere:

* Nichts davon.
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Figure A1

Histograms of GS Positive and Negative Emotionality in Twitter and Der Standard
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Note: The histograms illustrate a visual aid to setting a threshold to categorize posts as negative or positive. In order to scale
the plot in a way such that the decision to set the threshold at 0.9 can be understood the GS positive affect score distributions
is only displayed for higher values, i.e., ranging from 0.5 to 1.

Table A1

Spearman’s Rank Correlations’ Confidence Intervals Computed by Bootstrap and Analytical Procedure and its Value of Con-
fidence for Twitter

Anx Surv Neg GS  Depr Surv Neg GS  Ang Surv Neg GS  Anx Surv Anx  Ang Surv Ang  Depr Surv Sad

Rho 0.33 0.15 0.53 0.36 -0.29 0.51
Confidence 0.98 0.98 0.98 0.97 0.95 0.90
Lower adj Boot -0.44 -0.64 -0.24 -0.38 -0.76 -0.04
Upper adj Boot 0.89 0.69 0.85 0.86 0.37 0.89
Lower adj Woods  -0.27 -0.42 -0.05 -0.24 -0.73 -0.08
Upper adj Woods  0.74 0.64 0.84 0.76 0.30 0.84

Note. Woods describes the chosen analytical procedure to compute confidence intervals. Since the Holm-procedure adjusts p-
values and therefore also confidence intervals, adjusted confidence intervals are listed in the table. Adjusted is abbreviated with
adj. Ang, Anx, Depr, Surv are abbreviations for anger, anxiety, depression and survey.
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Figure A2

Boxplots of Surveyed Anger, Anxiety and Depression
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Figure A3
Three-Day Rolling Means of Negative and Positive Emotionality and Affect in Twitter and Der Standard in 2020
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Note: This plot pictures the three-day rolling means of the baseline-corrected LIWC and GS negative and positive emotionality
and affect measures in Twitter. For a more detailed description of the events depicted by the vertical lines see Figure 2.
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Table A2

Spearman’s Rank Correlations’ Confidence Intervals Computed by Bootstrap and Analytical Procedure and its Value of Con-

fidence for Der Standard
Anx Surv Neg GS  Depr Surv Neg GS  Ang Surv Neg GS ~ Anx Surv Anx  Ang Surv Ang  Depr Surv Sad
Rho 0.13 0.13 0.39 0.37 -0.17 0.48
Confidence 0.98 0.98 0.98 0.97 0.95 0.90
Lower adj Boot -0.64 -0.61 -0.33 -0.34 -0.65 -0.06
Upper adj Boot 0.87 0.78 0.88 0.85 0.44 0.87
Lower adj Woods ~ -0.45 -0.45 -0.21 -0.23 -0.65 -0.12
Upper adj Woods ~ 0.62 0.62 0.78 0.77 0.41 0.82

Note. Woods describes the chosen analytical procedure to compute confidence intervals. Since the Holm-procedure adjusts p-
values and therefore also confidence intervals, adjusted confidence intervals are listed in the table. Adjusted is abbreviated with
adj. Ang, Anx, Depr, Surv are abbreviations for anger, anxiety, depression and survey.

Table A3

Hierarchical Regression - Influence of Gender, Federal State
and GS Negative Affect on Survey Anger

Baseline GS Negative
Intercept 2.66 [2.56,2.76] 2.70 [2.58,2.81]
Male —0.24[-0.32, -0.16] —0.26 [-0.34, —0.17]
Salzburg 0.12 [-0.01, 0.24] 0.16 [0.01, 0.30]
Styria —0.12 [-0.25, 0.01] —0.13 [-0.26, —0.01]
Tyrol —0.02 [-0.15, 0.10] —0.08 [—0.23, 0.08]
Vienna —0.07 [-0.19, 0.06] —0.08 [-0.21, 0.04]
GS Negative —0.18 [-0.49, 0.13]
R? [90% CI] 311[0.17, 0.41] .3210.17, 0.41]
F 10.46 8.97
dfi 5 6
dfs 114 113
p <.001 <.001
AIC -15.78 -15.21
BIC 3.73 7.09
AR? [90% CI] .01 .00, .06
F 1.35
dfi 1
dfs 113
p 247
AAIC 0.57
ABIC 3.36

Note. The baseline model refers to a model that only contains
the demographic information, i.e., gender and federal state, as
regressors. The second column refers to a second model that
adds a sentiment measure to the regressors.
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Figure A4
Histogram and Q-Q Plot of Bootstrap Samples for Spearman’s p for Twitter
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Note: Q-Q plots compare the empirical distribution’s quantiles against - in this case - the quantile of a normal distribution. A
larger deviance from the diagonal line therefore indicates that the normality assumption most analytical procedure presume is

not met.
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Figure A5
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Histogram and Q-Q Plot of Bootstrap Samples for Spearman’s p for Der Standard
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Figure A6

Three-Day Rolling Means of LIWC Anxiety in Tweets from Users in Vienna and Upper Austria in 2020 Grouped by Gender
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Note: This plot pictures the three-day rolling means of the baseline-corrected LIWC anxiety measure in Twitter split by gen-
der and two example federal states, Vienna and Upper Austria. The vertical lines portray important events stirring emotional
responses in Austria: (1) the terrorist attack in Hanau, Germany on February 25, 2020, (2) the first Covid-19 case in Austria
on February 25, 2020, (3) the first death from Covid-19 in Austria on March 12, 2020, (4) press releases about considerations
of public agencies to stir anxiety of the population at the beginning of the pandemic on April 28, 2020, (5) Black Lives Matter
demonstrations against police brutality on May 31, 2020, and (6) the terrorist attack in Vienna, Austria on November 02, 2020.
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Figure A7

Three-Day Rolling Means of LIWC Sadness in Tweets from Users in Vienna and Upper Austria in 2020 Grouped by Gender
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Note: This plot pictures the three-day rolling means of the baseline-corrected LIWC sadness measure in Twitter split by gen-
der and two example federal states, Vienna and Upper Austria. The vertical lines portray important events stirring emotional
responses in Austria: (1) the terrorist attack in Hanau, Germany on February 25, 2020, (2) the first Covid-19 case in Austria
on February 25, 2020, (3) the first death from Covid-19 in Austria on March 12, 2020, (4) press releases about considerations
of public agencies to stir anxiety of the population at the beginning of the pandemic on April 28, 2020, (5) Black Lives Matter
demonstrations against police brutality on May 31, 2020, and (6) the terrorist attack in Vienna, Austria on November 02, 2020.
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Figure A8

Three-Day Rolling Means of GS Negative Affect in Tweets from Users in Vienna and Upper Austria in 2020 Grouped by
Gender
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Note: This plot pictures the three-day rolling means of the baseline-corrected GS negative affect measure in Twitter split
by gender and two example federal states, Vienna and Upper Austria. The vertical lines portray important events stirring
emotional responses in Austria: (1) the terrorist attack in Hanau, Germany on February 25, 2020, (2) the first Covid-19 case
in Austria on February 25, 2020, (3) the first death from Covid-19 in Austria on March 12, 2020, (4) press releases about
considerations of public agencies to stir anxiety of the population at the beginning of the pandemic on April 28, 2020, (5)
Black Lives Matter demonstrations against police brutality on May 31, 2020, and (6) the terrorist attack in Vienna, Austria on
November 02, 2020.
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Table A4

Hierarchical Regression - Influence of Gender, Federal State
and GS Negative Affect on Survey Anxiety

Baseline GS Negative
Intercept 0.76 [0.71, 0.80] 0.76 [0.72, 0.81]
Male —0.12 [-0.15, —0.08] —0.12 [-0.15, —0.08]
Salzburg 0.08 [0.02, 0.13] 0.09 [0.03, 0.15]
Styria 0.01 [-0.05, 0.06] 0.00 [—0.05, 0.06]
Tyrol 0.04 [—0.01, 0.10] 0.03 [—0.03, 0.10]
Vienna —0.04 [-0.09, 0.01] —0.04 [-0.10, 0.01]
GS Negative —0.04 [-0.17, 0.09]
R? [90% CI] .38 [0.23, 0.47] .38 [0.23, 0.47]
F 13.73 11.45
dfi 5 6
dfs 114 113
p <.001 <.001
AIC -223.06 -221.51
BIC -203.54 -199.21

AR? [90% CI]
F

AR? < .01 [.00, .03]
0.43

dfi 1
dfs 113
P 513
AAIC 1.54
ABIC 433

Table AS

Hierarchical Regression - Influence of Gender, Federal State
and GS Negative Affect on Survey Depression

Baseline GS Negative
Intercept 0.69 [0.65, 0.73] 0.73 [0.68, 0.77]
Male —0.14[-0.18, —0.11]  —0.15[-0.19, —0.12]
Salzburg 0.07 [0.02, 0.13] 0.11 [0.05, 0.17]
Styria 0.03 [—0.03, 0.08] 0.01 [—0.04, 0.07]
Tyrol 0.03 [-0.02, 0.08] —0.02 [-0.08, 0.04]
Vienna —0.02 [~0.07,0.03]  —0.04 [~0.09, 0.01]
GS Negative —0.17 [-0.30, —0.04]

R2 [90% CI]
F

dfi

df

4
AIC

BIC

AR? [90% CI]
F

dfi

dfs

p
AAIC

ABIC

4210.28, 0.51]
16.68

5

114

<.001

-220.66
-201.15

46 [0.31, 0.54]
15.81

6

113

<.001
-225.93
-203.63

03 .00, .09]
7.06

1

113

009

-5.27

-2.49
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Table A6

Hierarchical Regression - Influence of Gender, Federal State

and LIWC Anger on Survey Anger

Baseline LIWC Anger

Intercept 2.66 [2.56,2.76] 2.64 [2.53,2.75]
Male —0.24[-0.32, —0.16] —0.24 [-0.32, —0.16]
Salzburg 0.12 [-0.01, 0.24] 0.14 [0.00, 0.27]
Styria —0.12 [-0.25, 0.01] —0.11 [-0.24, 0.02]
Tyrol —0.02 [-0.15, 0.10] —0.03 [-0.16, 0.10]
Vienna —0.07 [—0.19, 0.06] —0.05 [-0.18, 0.08]
LIWC Anger —0.10 [-0.33, 0.13]
R? [90% CI] 311[0.17, 0.41] .3210.17, 0.41]
F 10.46 8.82
dfi 5 6
dfs 114 113
p <.001 <.001
AIC -15.78 -14.54
BIC 3.73 7.76
AR? [90% CT] AR? < .01 [.00, .03]
F 0.72
dfi 1
dfs 113
p .398
AAIC 1.24
ABIC 4.02

Table A7

Hierarchical Regression - Influence of Gender, Federal State

and LIWC Anxiety on Survey Anxiety

Baseline LIWC Anxiety
Intercept 0.76 [0.71, 0.80] 0.76 [0.72, 0.80]
Male —0.12 [-0.15, —0.08] —0.12 [—0.15, —0.08]
Salzburg 0.08 [0.02, 0.13] 0.09 [0.03, 0.14]
Styria 0.01 [—0.05, 0.06] 0.01 [—0.04, 0.06]
Tyrol 0.04 [—0.01, 0.10] 0.04 [—0.02, 0.09]
Vienna —0.04 [-0.09, 0.01] —0.04 [-0.09, 0.02]
LIWC Anxiety —0.05 [-0.11, 0.01]
R? [90% CI] .38[0.23, 0.47] .39 [0.24, 0.48]
F 13.73 12.09
df 5 6
dfs 114 113
p <.001 <.001
AIC -223.06 -224.02
BIC -203.54 -201.72
AR? [90% CI] .02 [.00, .06]
F 2.82
dfi 1
dfs 113
P .096
AAIC -0.96
ABIC 1.83
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Table A8

Hierarchical Regression - Influence of Gender, Federal State
and LIWC Sadness on Survey Depression

Baseline LIWC Sadness
Intercept 0.69 [0.65, 0.73] 0.69 [0.65, 0.73]
Male —0.14[-0.18, —0.11]  —0.15[-0.19, —0.12]
Salzburg 0.07 [0.02, 0.13] 0.06 [0.01, 0.12]
Styria 0.03 [0.03, 0.08] 0.04 [0.02, 0.09]
Tyrol 0.03 [—0.02, 0.08] 0.04 [—-0.01, 0.09]
Vienna —0.02[-0.07,0.03]  —0.02 [~0.08, 0.03]
LIWC Sadness 0.13]0.01, 0.24]
R2[90% CI]  .420.28,0.51] 45 [0.30, 0.53]
F 16.68 15.23
dfi 5 6
dfa 114 113
» <.001 <.001
AIC -220.66 -223.89
BIC -201.15 -201.59
AR? [90% CI] 02 [.00, .08]
F 5.03
dfi 1
dfs 113
p .027
AAIC -3.23
ABIC -0.44

Table A9

Five Best Models for the Best Subset Selection that Minimized the AIC for Survey Anger

Salz  Styr Tyr Vie Male LIPos LINeg LIAnx LIAng LISad GSPos GS Neg AIC
0.18 - - - -029 0.14 - - -0.32 0.59 -0.19 - -384.78
020 - 0.08 - -029  0.09 - - -0.28 0.60 -0.24 - -384.53
0.19 - 0.09 - -0.29 - - - -0.31 0.63 -0.22 - -384.06
017 - - - -029 - - - -0.36 0.64 -0.16 - -383.96
0.19 - - - -029 - - - -0.35 0.63 -0.16 -0.05 -383.75

Table A10

Five Best Models for the Best Subset Selection that Minimized the BIC for Survey Anger
Salz  Styr  Tyr Vie Male LIPos LINeg LIAnx LIAng LISad GSPos GS Neg BIC
0.15 - - - -0.30 - - - -0.33 0.68 - - -370.18
0.17 - - - -029 - - - -0.36 0.64 -0.16 - -370.02
0.18 - - - -029 0.14 - - -0.32 0.59 -0.19 - -368.05
011 - - - -0.30 - - - - 0.59 - - -367.40
0.19 - 0.09 - -029 - - - -0.31 0.63 -0.22 - -367.33
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Figure A9
Partial Correlation Plots: Survey-Sentiment-Association Controlled for Gender and Federal State
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Figure A10
Diagnostic Plots
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Spearman’s p as a Function of the Time Window of Twitter and Der Standard Data Used to Calculate Sentiment Measures
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Note: This plot depicts the influence of the time window we used to include social media data for the computation of the sen-
timent measures on the correlation between self-reported and social media sentiment and emotion measures. The motivation
behind this analysis is that the survey questions refer back either 14 days in the case of depression or seven days in case of
anxiety and anger. To take this into account the start of the time window of included social media data is likewise adopted to
either 14 or seven days prior to each survey wave. Past research indicates that the respondent’s memory recall might be biased
towards more short-termed events. We thus computed correlations based on restricted time windows. Increased correlations
with the survey measures for a shorter time window would underline this theory. Note that for anxiety and anger only the
correlations for time windows ranging from one to seven days are relevant. For depression the complete range, i.e., from 14
days to one day is relevant. Compared to Figure 5 we computed these correlations with a reduced dataset. Both social media
and survey responses were only included up to the point when 50 % of the participants responded to each survey wave.
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Table A11

Five Best Models for the Best Subset Selection that Minimized the AIC for Survey Anxiety

Salz  Styr  Tyr Vie Male LIPos LINeg LIAnx LIAng LISad GSPos GS Neg AIC

0.06 - 005 -0.06 -0.12 - 0.18 -0.06 - - - - -571.09

0.07 - - -0.05 -0.12 - - -0.04 - - - - -570.56

0.08 - 0.04 -0.04 -0.12 - - -0.02 - - - - -570.39

0.06 - - -0.06 -0.12 - - -0.05 - 0.08 - - -570.06

0.08 - - -0.07  -0.13 - 0.15 -0.06 - - - -0.08 -570.04
Table A12

Five Best Models for the Best Subset Selection that Minimized the BIC for Survey Anxiety

Salz  Styr  Tyr Vie Male LIPos LINeg LIAnx LIAng LISad GSPos GS Neg BIC

0.09 - 0.06 - -0.12 - - - - - - - -559.83

0.06 - - -0.06 -0.12 - - - - - - - -559.78

0.07 - - -0.05 -0.12 - - -0.04 - - - - -559.41

0.08 - - - -0.12 - - -0.05 - - - - -558.67

0.07 - 0.04 -0.04 -0.12 - - - - - - - -558.40
Table A13

Five Best Models for the Best Subset Selection that Minimized the AIC for Survey Depression

Salz  Styr  Tyr Vie Male LIPos LINeg LIAnx LIAng LISad GSPos GS Neg AIC

0.12 0.06 - -0.03  -0.17 - 0.44 -0.11 -0.20 - - -0.17 -580.34
0.13 007 - - -0.17 - 0.41 -0.10 -0.22 - - -0.16 -580.17
0.13 0.08 0.04 - -0.17 - 0.47 -0.11 -0.23 - - -0.12 -580.12
0.11  0.05 - -0.03  -0.17 0.07 0.42 -0.11 -0.18 - - -0.14 -579.39
0.12 0.06 - - -0.17  0.08 0.39 -0.11 -0.20 - - -0.13 -579.33
Table A14

Five Best Models for the Best Subset Selection that Minimized the BIC for Survey Depression
Salz Styr Tyr Vie Male LIPos LINeg LIAnx LIAng LISad GSPos GS Neg BIC

0.07 - - - -0.15  0.23 - - - - - - -567.20
0.08 - - - -0.15 0.21 - -0.07 - - - - -566.52
0.13  0.07 - - -0.17 - 0.41 -0.10 -0.22 - - -0.16 -564.52
0.09 0.05 - - -0.15 - - - -0.19 0.16 - - -564.16
0.10 0.06 - - -0.16 - - -0.08 -0.15 0.18 - - -563.96

Note. Salz, Styr, Tyr and Vie are abbreviations for Salzburg, Styria, Tyrol and Vienna. LI, Pos, Neg, Anx,
Ang and Depr are the respective abbreviations for LIWC, positive, negative, anxiety, anger, and depression. A
hyphen indicates that the corresponding variable was not included in the model.
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Figure A12

Mixed Correlations between the Included Survey Variables in the Factor Analysis
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Note: Mixed refers to the fact that the correlations were not computed by Pearson’s correlation. Instead we considered the
scale of the variables and hence computed tetrachoric, polychoric or polyserial correlations.
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Figure A13

Scree Plot of Factor Analysis

Eigenvalues of Principal Factors
N
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Note: According to the scree plot, factors to the left of the plot’s "ellbow" are retained. In this case, the scree plot suggests to
include two factors. The blue dashed line shows the results of the parallel analysis. With this approach, all factors up to the first
eigenvalue of the simulated data that exceeds the corresponding eigenvalue of the actual data should be retained. Contrarily to
the scree plot, parallel analsis suggests to include six factors.

Table A15

Loading Structure and Communalities after Varmiax Rotation

Positive Life Outcome Score  Conflict- and Suicide-Related Score  Communality

Conflicts family/partner 0.07 0.71 0.50
Conflicts work 0.11 0.67 0.46
Psychological domestic violence  0.09 0.92 0.85
Physical domestic violence 0.04 0.88 0.77
Change conflict -0.17 0.33 0.14
Suicidal thoughts -0.02 0.53 0.28
More wellbeing 0.71 0.09 0.51
More relaxed 0.77 0.02 0.60
Less stress 0.67 -0.08 0.46
Happier 0.82 0.01 0.67
More connected 0.27 -0.13 0.09
More family 0.60 0.10 0.36
More friends 0.57 0.14 0.34
More hobbies 0.58 -0.06 0.34
Less boredom 0.45 0.15 0.23
More sport 0.48 0.00 0.23
Healthier nutrition 0.45 -0.10 0.21

Better sleep 0.74 -0.01 0.54




AFFECT IN SURVEYS AND SOCIAL MEDIA PLATFORMS 49

Zusammenfassung

Grof} angelegte Umfragen sind aufwendig, 6konomisch ineffizient und ihre Qualitdt kann von diversen
Verzerrungen beeinflusst sein. Insbesondere die Covid-19 Pandemie dringt uns, die Validitit
alternativer und effizienter Methoden zu evaluieren, welche emotionale Verdnderungen in der
Gesellschaft erfassen konnen. Diese Masterarbeit befasst sich mit dem Zusammenhang einer
reprasentativen Osterreichischen Umfrage in 12 Wellen mit Sentiment Analysen der Postings zweier
Plattformen sozialer Medien - Twitter und dem Onlineforum der 6sterreichischen Zeitung Der Standard
- in den ersten acht Monaten der Pandemie im Jahr 2020. Die vom Survey erfassten Variablen
Depression, Wut und Angst wurden mit entsprechenden Woérterbuch-basierten Linguistic Inquiry and
Word Count (LIWC) und Deep Learning-basierten German Sentiment (GS) Variablen korreliert. Die
Spearman'schen Rankkorrelationen waren, bis auf den LIWC Score fiir Wut, durchweg positiv und
mittelstark. Sie waren jedoch nicht signifikant, was an der kleinen Stichprobe aufgrund der geringen
Anzahl an Wellen dieser Umfrage liegen konnte. Weitere Analysen der Twitter Daten zeigten, dass diese
Ergebnisse potenziell stark durch den Einfluss von Geschlecht und Bundesstaat konfundiert sind.
Weiterhin konnten wir die Ergebnisse vorheriger Studien, die von stirkeren Assoziationen zwischen
Umfragen und Machine Learning-basierten Sentiment Methoden verglichen mit Worterbuch-basierten
Methoden berichten, nicht konsistent replizieren. Unsere Ergebnisse zeigen, dass die Assoziation von
der Dauer der jeweiligen Emotionen abhidngen kann: Schnelllebige Emotionen wie Wut sind
wahrscheinlich besser durch kurze Zeitintervalle der inkludierten sozialen Medien Daten zu erfassen.
Andererseits sind Emotionen, die beispielsweise mit Depressionen zusammenhéangen, trige und werden
in sozialen Medien {iber einen ldngeren Zeitraum hinweg vermutlich besser widergespiegelt. Weitere
explorative Analysen zeigen grof3teils dhnliche Zusammenhinge von Umfragen und sozialen Medien
Daten wie in bisherigen Publikationen, auch wenn die Korrelationen in der aktuellen Studie kleiner sind.
Daher unterstiitzen unsere Ergebnisse aktuelle Forschung iiber die Validitdt von Sentiment Analysen
teilweise, auch wenn Replikationen mit hoherer statistischer Power weiterhin notwendig sind,
insbesondere durch mehrwellige Umfragen mit kleineren Zeitintervallen.

Stichworte: Soziale Medien, Sentiment Analysen, Erhebung der psychischen Gesundheit, Covid-19
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