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A B S T R A C T   

Taxation is a recurrent topic in people’s conversations, also on social media. Yet, informal channels such as social 
media have been widely neglected in studies that examined how information about taxation spreads across social 
networks. Using posts on Twitter (currently called “X”) with taxation related hashtags from 2010 to 2020, we 
examined what linguistic cues are associated with information diffusion, that is, the number of retweets a 
message receives. The use of emotional, moral, and moral-emotional language in a tweet was associated with 
greater diffusion (i.e., more retweets). In contrast to the negativity bias literature, positive emotional words were 
more strongly associated with information diffusion than negative emotional words. Among the specific emo
tions that taxation research has focused on, only the use of anger (but not anxiety) words was associated with 
more retweets. The study contributes to the literature by examining individuals’ reasoning about taxes.   

1. Diffusion of tax-related communication on social media 

Taxation is crucial for any functioning society, as it contributes to
wards public goods and finances governmental services. Yet, attitudes 
towards taxation vary widely (Braithwaite, 2003; Kirchler, 1998). Not 
surprisingly, taxation is a recurrent topic in people’s conversations, 
ranging from discussions about tax rates to even questioning the sole 
purpose of the taxation system. Such conversations provide important 
information about other people’s views about taxes, and as demon
strated by research on social norms, shape people’s attitudes and 
behavior (e.g., Cialdini et al., 1990), including tax compliance decisions 
(Wenzel, 2005a, 2005b). 

Research found that people communicate about taxes with others (e. 
g., Onu & Oats, 2016). Hence, information (including sentiments and 
behaviors) spreads across individuals’ social networks – a phenomenon 
referred to as “network effects”.1 For example, neighborhood commu
nication effectively diffuses information on enforcement, ultimately 
resulting in increased tax compliance (Drago et al., 2020; Rincke & 
Traxler, 2009). Network effects may also operate via professional tax 
accountants, who share information about the procedures of the tax 
administration obtained from one client, with other clients (Boning 
et al., 2020). Information about taxes is shared among family members 

and friends as well. For example, when individuals adopt legal tax 
avoidance strategies, their family members are more likely to do so as 
well (Alstadsæter et al., 2019). 

While the network effects literature focused on information diffusion 
across individuals in close contact or geographical proximity, little is 
known about how the information about taxes is shared online. Impor
tantly, people recurrently talk about taxes on social media, such as 
Twitter. With over 4.2 billion users in 2021 (DataReportal, 2021), social 
media are becoming an increasingly important platform for sharing 
news and information, including taxes (e.g., groups for tax-related 
questions on Facebook, discussion threads on Reddit). For example, 
since 2010, over 5 million tweets under tax-related hashtags have been 
posted on Twitter (called “X” since 2023). This makes social media 
platforms a great tool to study network effects for taxation related topics 
(see, e.g., Puklavec et al., 2023). 

We examined what makes a message about taxes more or less likely 
to spread across users’ networks on one of the most popular social media 
platforms: Twitter.2 We focused on the linguistic features of the mes
sage. Previous taxation research suggests that linguistic analysis might 
be useful in categorizing types of online interactions about taxes (Onu & 
Oats, 2016, 2018) and getting insight about national tax climates (Lozza 
& Castiglioni, 2018). Yet, no study thus far looked at the effect of 
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language use on information diffusion of tax-related content via social 
media. 

We have focused on the effect of moral and emotional language. The 
role of moral and emotional language has been discussed as a potential 
accelerator of the spread of socio-political information before. Yet, 
research failed to reach consensus, with some studies suggesting that 
these linguistic features can both contribute to or undermine diffusion 
(e.g., Brady et al., 2017; Burton et al., 2019). Using a dataset of tweets 
posted under tax-related hashtags within the last 10 years, we found that 
tweets with more moral and emotional words were more likely to get 
shared (i.e., retweeted). These findings therefore contribute to the dis
cussion regarding the role of moral and emotional language in infor
mation diffusion (Brady et al., 2017; Burton et al., 2019). Comparing 
these findings to previous studies using similar methodology reveals that 
the effects of the linguistic cues are similar in size to the effects reported 
in other studies (Brady et al., 2017, 2019; Burton et al., 2019). Inter
estingly, diffusion patterns (i.e., hindering or promoting diffusion) 
associated with emotional, moral, and moral-emotional language in 
taxation-related tweets differ compared to other topics (e.g., U.S polit
ical issues, MeToo movement, Brexit, etc. – as seen in Burton et al., 
2019). 

Furthermore, these findings provide a novel take on network effects 
in the taxation literature. Network effects describe information diffusion 
across social networks, for example, in response to governmental cam
paigns. While previous studies showed that information spreads via 
social networks (e.g., Castro & Scartascini, 2019), the present study 
addresses the question of what makes taxation-specific information 
spread, by demonstrating that the use of certain linguistic features in a 
message is associated with a higher probability of the message being 
shared with others. Considering how common online information ex
change is nowadays, this is an important addition to the field of taxation 
research. Finally, our findings are also particularly interesting in light of 
the scarce literature on the use of language in online media related to 
taxation (Onu & Oats, 2016, 2018) and in print media (Lozza & Casti
glioni, 2018). 

1.1. Information diffusion on social media 

Research on information spread on social media platforms suggests 
that diffusion can be affected by the linguistic features of the message. 
For example, negative emotional language in the Centers’ for Disease 
Control and Prevention (CDC) tweets contributes to diffusion, while 
positive emotional language suppresses it (Zhu et al., 2020). This finding 
is consistent with the negativity bias–individuals giving more weight to 
negative, rather than positive experiences when making judgements 
(Rozin & Royzman, 2001). Berger and Milkman (2012) suggest that 
focusing solely on the valence of the message might be misleading, since 
information diffusion is also partly driven by specific emotions. Their 
analyses of various New York Times articles showed that some 
emotional words (e.g., awe, anger and anxiety) were associated with 
wider information diffusion (i.e., inclusion in mailing lists) than others 
(e.g., sadness). Furthermore, information diffusion was also more likely 
for content that was practically useful, interesting, and surprising. 

When it comes to taxes, research suggests that some emotions might 
be more important than others. Enachescu et al. (2019) analyzed focus 
group discussions with taxpayers and tax auditors and found that among 
the most frequent emotions mentioned are anger and fear. This con
verges with surveys by the Internal Revenue Service of the United States 
(IRS) revealing that after being audited, self-employed taxpayers re
ported anger and fear (anxiety) (Erard et al., 2018). Thus, besides 
examining the valence of the emotional words, we additionally explored 
the role of two specific emotions: anger and anxiety.3 

Besides emotional language, moral language has been associated 
with information diffusion as well. Specifically, messages containing 
both moral and moral-emotional language (i.e., language that reflects 
emotions linked to the welfare of other people; Haidt, 2003) are shared 
more often on social media (Brady et al., 2017). Moral-emotional lan
guage was associated with wider diffusion of messages in online dis
cussions of polarizing political issues, such as gun control, same-sex 
marriage, or climate change (Brady et al., 2017). Also tweets from US 
politicians (Brady et al., 2019) and members of the US Congress (Wang 
& Inbar, 2021) containing more moral and moral-emotional language 
were associated with wider diffusion. Additional analyses, using a 
combination of dictionaries and distributed language models, revealed 
that this was especially true for negative moral language (Wang & Inbar, 
2022). In contrast, for less polarizing topics (e.g., mathematics), the use 
of moral and emotional language might appear “unnecessary” and 
jeopardize rational debate, ultimately leading to less diffusion (Burton 
et al., 2019). Also, when looking at online news, moral language has 
been found to hinder consumption (Robertson et al., 2023). Given these 
different findings in prior research, we explored the role of moral and 
moral-emotional language in information diffusion about taxes. 

1.2. The present research 

The aim of our study was to identify whether the use of emotional, 
moral, and moral-emotional language in tweets with taxation-related 
hashtags is associated with more diffusion. In light of the literature on 
negativity bias (Rozin & Royzman, 2001), we additionally examined the 
role of valence by considering the effect of positive vs. negative 
emotional and moral-emotional language separately. Lastly, we tested 
whether specific emotions identified as important in existing taxation 
research (e.g., anger and anxiety) are related to information diffusion. 

2. Method 

2.1. Data collection 

We gathered English language (independent of country of origin) 
tweets with the hashtags #tax, #taxes, and #taxation, posted from 2010 
to 2020. The selected hashtags were meant to be as general as possible, 
so the data would not disproportionally include tweets from a specific 
country or timeframe, while also including the largest possible number 
of relevant tweets. We used a python-based scraper for social 
networking services (Snscrape; JustAnotherArchivist, 2021) and an R 
script in combination with Twitter’s API to pull the tweet messages and 
associated metadata (e.g., retweet count, number of followers). The data 
were collected in January 2021. All data and corresponding scripts are 
available at https://osf.io/4ym7p/. 

2.2. Data processing and dataset 

After pulling the tweets, we first removed tweets with identical text.4 

Following the common practice in the field (e.g., Brady et al., 2017), we 
processed the remaining tweets in the following way: we removed any 
URL links, mentions of users (beginning with “@”), converted all letters 
to lower case, removed specific words (i.e., “rt” and “re”), English stop 
words, punctuation, numbers, and excessive whitespaces from the text 
corpus. Our final dataset consisted of 4,080,686 unique tweets from 560, 
778 different users that tweeted under the taxation hashtags from 2010 
to 2020. The data included the text of the message, the retweet count, 
the follower count of the respective users, and information regarding 
whether the tweets included an URL link or other media (pictures, gifs, 
etc.). 

3 We rely on a dictionary-based approach where fear and anxiety are 
considered synonyms. 

4 Duplicated messages most probably occur due to bots which post the same 
message multiple times. In total, there were ~20% of duplicated messages. 
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2.3. Measures 

2.3.1. Information diffusion 
Following the established practice (e.g., Brady et al., 2017), as a 

measure of information diffusion, we used the retweet-count5 of each 
tweet (mean = 0.48, variance = 71.48). The retweet count was heavily 
skewed (over-dispersed), containing a large number of tweets that got 
zero retweets (0 = 84 %). For the distribution see Fig. 1. 

2.3.2. Emotional and moral language 
To measure emotional and moral language we used a dictionary- 

based approach. That is, we compared the words in our text corpus to 
a dictionary defining a list of words that fall into specific categories (e.g., 
emotions or morality), returning the prevalence of the dictionary word 
occurring within each individual tweet. To identify moral language, we 
used the Moral Foundations Dictionary 2.0 (Firmer et al., 2019). This 
dictionary contains words that capture the content of the five moral 
foundations (care, fairness, loyalty, authority, and sanctity; Haidt & 
Graham, 2007; Haidt & Joseph, 2004). To measure emotional language, 
we used the Linguistic Inquiry and Word Count software (LIWC; Pen
nebaker et al., 2015). Specifically, we used the LIWC category for affect 
(to measure emotional language) and the categories for positive and 
negative emotions (to measure positive and negative emotional lan
guage). LIWC was also used to determine the frequencies of the specific 
emotions: anger and anxiety. 

Following Brady et al. (2017), we also identified words that were 
part of both, moral foundations and affect dictionaries, to classify 
moral-emotional language. The words from the moral-emotional cate
gory were excluded from the other two categories (emotional and moral 
language). Overall, we computed the frequencies of three word cate
gories: moral, emotional, and moral-emotional (i.e., words that were 
part of both emotional and moral dictionaries) words. 

For further analyses, we split the emotional and moral-emotional 
categories by valence (positive vs. negative), resulting in four separate 
variables: positive emotional, negative emotional, positive moral- 
emotional, and negative moral-emotional language. Examples of 
words from all categories / dictionaries are shown in Table 1. 

Before analyzing the data, we inspected the 20 most frequent words 
from each dictionary for face validity. We detected two words that could 
have a different meaning in the taxation context than the meaning 
intended by the dictionary. Specifically, the word “cut” in the negative 
emotions dictionary could be part of the expression “tax cut” and the 
word “avoid” in the anxiety dictionary could be part of the expression 
“tax avoidance”. Given the ambivalence of the valence of these ex
pressions, we classified all occurrences where the word stem “tax” and 
the word “cut” appear one after another (in both directions) and sub
tracted this score from the initial negative emotional category score. We 
applied the same procedure for “tax avoidance”. 

We also accounted for negations in the word counts for the valence- 
split emotional and moral-emotional language categories. Negations can 
invert the categorization of a specific word as either positive or negative. 
For example, the word “good” would be coded as positive, but not, if it 
was negated before (e.g., “not good”). The negation handling was done 
using the “sentimentr” R package by looking at negations within 5 words 
before and 2 words after the (moral-)emotional word (Rinker, 2021). 

2.3.3. Control variables 
Previous research showed that the follower count, and whether the 

tweet included a URL link or other media were associated with more 
information diffusion (Brady et al., 2019; Wang & Inbar, 2021). 
Therefore, we included those variables as controls in the analysis. 

2.4. Analytic strategy 

The dependent variable (retweet count) was an over-dispersed count 
variable. Therefore, we ran a series of negative binomial models, while 
controlling for several control variables. We started by estimating the 
first model specification as following (Table 2): 

Yi ∼ NB(μi, θ)

μi = exp(β0 + β1Mi + β2Ei + β3MEi + γ1Xi)

where Yi is the retweet count of message i. Mi, Ei, and MEi represent the 
count of moral, emotional, and moral-emotional words within message 
i, respectively. Xi represents a set of control variables for message i, 
specifically, the standardized follower count (achieved by subtracting 
the mean and dividing by the standard deviation of the sample) of the 
Twitter user that posted the message, as well as two dummy variables 
indicating the presence of either an URL link, or media content in the 
message. θ represents the overdispersion parameter of a quadratic 
parameterization, where the variance is given as μ(1+μ /θ) (Brooks 
et al., 2017). 

The second model specification split the emotional and moral lan
guage by valence (Table 3): 

μi = exp(β0 + β1Mi + β2EPi + β3ENi + β4MEPi + β5MENi + γ1Xi)

where Mi, EPi, ENi, MEPi, and MENi represent the count of moral, pos
itive emotional, negative emotional, positive moral-emotional, and 
negative moral-emotional words within message i, respectively. The set 
of control variables Xi remains the same. 

Lastly, the third specification accounts for the specific emotions 
(Table 4): 

μi = exp(β0 + β1ANGi + β2ANXi + γ1Xi)

where ANGi and ANXi represent the count for anger and anxiety words 
within message i, respectively. The set of control variables Xi remains the 
same. We ran each of the three specifications in separate models, either 
excluding or including the control variables. 

For the main analysis, we selected tweets from users that posted only 
once under the tax related hashtags, which accounted for ~64 % users. 
We did this because most users posted only once, and as tweets could 
come from any source that used the tax related hashtags, they may have 
also contained noise (e.g., advertisements for tax advice, tweets from 
bots). Previous findings support the idea that bots are often “spamming”, 
thus having significantly higher amounts of tweets than human users (e. 
g., Anwar & Yaqub, 2020; Chavoshi et al., 2016). 

To ensure the robustness of the results, we ran additional analyses 
with tweets from users with up to 15 tweets (that constituted 95 % of 
users), and with the full sample. As those datasets included users with 
multiple tweets per user, we ran mixed negative binomial models with 
random intercepts for users to control for the nested structure of the data 
(tweets nested within users). The results of these robustness checks 
support the main conclusions and are reported in the supplemental 
materials (Tables S2–S7). 

To additionally control for potential influences of bots within our 
dataset, we looked at other possible indicators of bot activity. For 
example, bots try to reach the broadest possible audience by including 
many diverse hashtags (e.g., Grier et al., 2010). Another indication of 
bots is that they have a highly skewed follower-to-following ratio, 
meaning they follow a large number of users, but have few or no fol
lowers themselves (e.g., Chu et al., 2010). We conducted additional 
robustness checks where we excluded tweets with high amounts of 
hashtags (in the top 10th and 15th percentile of the sample) and 
excluded users with no followers. Results of hashtag-related 
(Tables S8–S13) and follower-related (Tables S14–S16) robustness 
checks further support the main conclusions and are reported in the 
supplemental materials. Lastly, due to the skewed distribution of 5 The retweet-count does not include quote retweets. 
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retweets (see Fig. 1) there are single cases which are extreme outliers. To 
check whether our results are robust to excluding these outliers, we 
re-ran the main analysis on a dataset excluding cases above the 
threshold of 1000 retweets (based on the distribution in Fig. 1). The 
results remained robust and a are reported in the supplemental materials 
(Tables S17–S19). 

3. Results 

Descriptive statistics and zero-order correlations among the 

predictor variables are reported in Table S-1 (see supplemental mate
rials). Tweets that contain moral-emotional words are somewhat more 
likely to contain words from uniquely emotional and moral dictionaries, 
indicating that some tweets contain multiple word categories. Anger and 
anxiety are also strongly correlated with negative emotional words, as 
both categories are (almost entirely) part of the negative emotional 
category. 

Fig. 1. Frequency of Retweets in the Tweet Dataset 
Note. The y-axis is on an exponential scale, as otherwise the frequency of zero retweets would render the other retweet counts invisible. The x-axis is non-truncated, 
which means that there are single occurrences of retweet counts beyond 3000, yet not enough to be visible on the plot. 

Table 1 
Example words for each dictionary.  

Dictionary Valence Example words 

Moral  betray, law, health, protect, guide, fraud, compliance, … 
Emotional Positive: like, good, free, great, support, best, hope, profit, …  

Negative: damn, hate, bad, shit, poor, problem, suck, kill, … 
Moral-emotional Positive: help, love, care, share, fair, trust, safe, honest, …  

Negative: fuck, hell, war, pain, stealing, lying, sin, thieves, … 
Anger  hate, suck, shit, damn, bitch, stupid, mad, crap, … 
Anxiety  stress, risk, fear, struggle, threat, pressure, dread, … 

Note. NMoral = 1,713, NEmotional = 1,270, NMoral-Emotional = 385, NAnger = 230, NAnxiety = 116. 

Table 2 
Negative binomial regression for moral, emotional, and moral-emotional words explaining retweet count.   

Model 1 Model 2 Model 3 

Predictors IRR 95 % CI IRR 95 % CI IRR 95 % CI 

(Intercept) 0.36*** 0.35 – 0.36 0.25*** 0.24 – 0.25 0.20*** 0.19 – 0.20 
Moral Language 1.25*** 1.22 – 1.27   1.23*** 1.20 – 1.25 
Emotional laguage 1.17*** 1.15 – 1.18   1.16*** 1.15 – 1.18 
Moral-emotional language 1.10*** 1.06 – 1.13   1.09*** 1.06 – 1.12 
Follower count   20.19*** 18.11 – 22.50 18.52*** 16.65 – 20.59 
Media [1]   3.16*** 3.06 – 3.26 3.16*** 3.06 – 3.27 
URL [1]   1.25*** 1.22 – 1.28 1.29*** 1.26 – 1.32 

Ntweets 357,592 357,592 357,592 
AIC 456,637.539 439,951.062 438,499.721 
log-Likelihood − 228,313.770 − 219,970.531 − 219,241.860 

Note. *** p < .001. IRR = Incidence rate ratio. CI = Confidence interval. Moral language, emotional language, and moral-emotional language are counts representing 
the number of words of the respective category used in a tweet. The follower count has been standardized (z-transformed) before the analyses, so that the respective 
estimates reflect a one standard deviation change. Media: 1 = tweet contains media, 0 = tweet does not contain media. URL: 1 = tweet contains URL link, 0 = tweet 
does not contain URL link. 

Ž. Puklavec et al.                                                                                                                                                                                                                               



Journal of Behavioral and Experimental Economics 110 (2024) 102203

5

3.1. Effects of emotional and moral language on information diffusion 

The results of negative binomial models featuring retweet count as 
dependent variable are shown in Table 2. The use of moral, emotional, 
and moral-emotional language was associated with a higher retweet 
count. Specifically, an additional moral word was associated with a 25 % 
higher retweet probability, an additional emotional word was associated 
with a 17 % higher retweet probability, and an additional moral- 
emotional word was associated with an 10 % higher retweet probabil
ity. The results were robust after including the control variables. 

Next, we examined whether the effects of emotional and moral- 
emotional language differ by valence (see Table 3). Splitting the 
emotional language into positive and negative valence revealed that 
information diffusion (by emotional words) was driven primarily by 
positive emotional words, which were associated with a 25 % increase in 
retweet probability for each additional word. Negative emotional words 
were not significantly associated with retweet probability. In Model 3 
(that included control variables), the effect of negative emotional words 
was associated with a slight increase in retweet count, however, it was 
significantly smaller compared to the effect of positive emotional words 
(z = − 13.12, p < .001). 

A different pattern emerged for moral-emotional words, where the 
use of negative valence words was associated with a stronger (34 %) 
increase in retweet probability than the use of positive valence words 
(only a 4 % increase). However, adding the control variables in Model 3 
rendered this difference much smaller and non-significant (z = 0.86, p =
.388). Note that the effect of purely (non-emotional) moral language 
explaining retweet count remained robust across all models. 

3.2. Effect of anger and anxiety words on information diffusion 

In the last series of models, we examined whether the use of anger 
and anxiety words were associated with retweet count (see Table 4). In 
Model 1, both anger and anxiety words were associated with a higher 
retweet count, with a 4 % and an 8 % increase for each additional word, 
respectively. When adding the control variables in Model 3, the effect of 
anger words remained significant, with an 8 % increase in retweet count 
per word; while the effect of anxiety words turned non-significant. A 
stepwise inclusion of control variables in the equation revealed that 
including the follower count rendered the effect of anxiety words non- 
significant. 

The effects of the language predictors on retweet probability are 
illustrated in Fig. 2. This figure is a visual representation of the main 
regression model estimates, specifically, the association between the 
language variables and retweet count. For example, results from Table 1 
are represented in Panel A of Fig. 2. The x-axis represents the count of 
words of the respective language category contained in a tweet, while 
the y-axis represents the predicted retweet count of the regression 
model. 

4. Discussion 

In summary, the present study finds evidence that the use of 
emotional, moral, and moral-emotional language is associated with in
formation diffusion of taxation related messages on social media. This 
finding is a novel contribution to the literature on tax psychology, as it 
shows the usefulness of a previously unexplored, but widely used, 

Table 3 
Negative binomial regression for moral, emotional, and moral-emotional words (split by valence) explaining retweet count.   

Model 1 Model 2 Model 3 

Predictors IRR 95 % CI IRR 95 % CI IRR 95 % CI 

(Intercept) 0.36*** 0.35 – 0.36 0.25*** 0.24 – 0.25 0.20*** 0.19 – 0.20 
Moral language 1.27*** 1.25 – 1.30   1.24*** 1.22 – 1.27 
Emotional language [Negative] 0.99 0.97 – 1.02   1.04*** 1.01 – 1.06 
Emotional language [Positive] 1.25*** 1.23 – 1.27   1.22*** 1.21 – 1.24 
Moral-emotional language [Negative] 1.34*** 1.26 – 1.42   1.13*** 1.07 – 1.19 
Moral-emotional language [Positive] 1.04 * 1.00 – 1.08   1.10*** 1.06 – 1.13 
Follower count   20.19*** 18.11 – 22.50 18.94*** 17.03 – 21.06 
Media [1]   3.16*** 3.06 – 3.26 3.11*** 3.02 – 3.21 
URL [1]   1.25*** 1.22 – 1.28 1.28*** 1.25 – 1.31 

Ntweets 357,592 357,592 357,592 
AIC 456,384.326 439,951.062 438,361.059 
log-Likelihood − 228,185.163 − 219,970.531 − 219,170.530 

Note. * p < .05, *** p < .001. IRR = Incidence rate ratio. CI = Confidence interval. Moral language, emotional language (positive and negative), and moral-emotional 
language (positive and negative) are counts representing the number of words of the respective category used in a tweet. The follower count has been standardized (z- 
transformed) before the analyses, so that the respective estimates reflect a one standard deviation change. Media: 1 = tweet contains media, 0 = tweet does not contain 
media. URL: 1 = tweet contains URL link, 0 = tweet does not contain URL link. 

Table 4 
Negative binomial regression for anger and anxiety words explaining retweet count.   

Model 1 Model 2 Model 3 

Predictors IRR 95 % CI IRR 95 % CI IRR 95 % CI 

(Intercept) 0.45*** 0.44 – 0.45 0.25*** 0.24 – 0.25 0.24*** 0.24 – 0.25 
Anger 1.04 * 1.00 – 1.08   1.08*** 1.05 – 1.12 
Anxiety 1.08 * 1.02 – 1.15   1.01 0.95 – 1.06 
Follower count   20.19*** 18.11 – 22.50 20.03*** 17.98 – 22.33 
Media [1]   3.16*** 3.06 – 3.26 3.17*** 3.07 – 3.27 
URL [1]   1.25*** 1.22 – 1.28 1.26*** 1.23 – 1.29 

Ntweets 357,592 357,592 357,592 
AIC 458,012.579 439,951.062 439,932.695 
log-Likelihood − 229,002.289 − 219,970.531 − 219,959.347 

Note. * p < .05, *** p < .001. IRR = Incidence rate ratio. CI = Confidence interval. Anger and anxiety are counts representing the number of words of the respective 
category used in a tweet. The follower count has been standardized (z-transformed) before the analyses, so that the respective estimates reflect a one standard deviation 
change. Media: 1 = tweet contains media, 0 = tweet does not contain media. URL: 1 = tweet contains URL link, 0 = tweet does not contain URL link. 
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medium for communicating information and exchanging opinions about 
taxes. 

Importantly, even though the use of emotional language in general 
was associated with greater information diffusion, we also found that 
this effect was stronger for positive (compared to negative) emotional 
language. This finding is surprising in the light of research on negativity 
bias (e.g., Baumeister et al., 2001; Kahneman & Tversky, 1979; Rozin & 
Royzman, 2001). We speculate that a stronger impact of positive 
(compared to negative) emotional language could be a reflection of the 
Expectancy Violation Effect (e.g., Jussim et al., 1987): people might 
react stronger to informational cues that contradict their prior 

expectations. Given that people hold generally rather negative attitudes 
towards taxes (Kogler & Kirchler, 2020), tweets about taxes containing 
positive cues might draw more attention and hence receive more 
retweets (e.g., Berger & Milkman, 2012). Importantly, it has to be noted 
that by simply counting the word occurrences of each category is not 
necessarily a reflection of how people actually feel while reading these 
messages (Kross et al., 2019). Our results only indicate that the presence 
of certain word categories is associated with information diffusion. 
Furthermore, the interpretations of differences between positive and 
negative emotional language should be taken cautiously, as the 
discrepancy between the two categories did not consistently emerge 

Fig. 2. Predicted Retweet Counts for Different Word Categories 
Note. The x-axis represents the number of words from the respective language category contained in a tweet. The y-axis represents the predicted retweet count. 
Predicted values are based on models including control variables. [P] = positive. [N] = negative. The plots depicted are winsorized on the right part of the x-axis, as 
there was a small number of tweets containing a very high number of words. Importantly, the analyses were done on non-winsorized data. 
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across the different robustness checks (see supplemental materials) and 
was restricted to the use of purely emotional (and not moral-emotional) 
words. 

We also found evidence that content containing anger words was 
associated with more information diffusion. While previous research 
found that anger and anxiety are often discussed within the context of 
taxation (Enachescu et al., 2019; Erard et al., 2018), it seems that only 
expressions of anger are associated with information diffusion. 

As the results suggest that moral and emotional language is associ
ated with information diffusion of tax related content on social media, 
we assume that people take moral and emotional expressions into ac
count, when thinking about taxation. This idea converges with studies 
showing that emotions play a role in peoples’ judgements about taxes 
(Enachescu et al., 2019; Olsen et al., 2018), as well as morals appeals 
being able to increase compliance behavior (e.g., Bott et al., 2020). In a 
broader fashion, the present findings contribute to the literature of how 
people reason about taxes. For example, Stantcheva (2021) identifies 
different profiles of people who (don’t) see inequality as a major issue, 
and therefore emphasize the (un-)fairness of the tax system. These 
fairness concerns are in line with the present finding of moral language 
being the main driver of information diffusion. 

We used data from Twitter, a single social media platform where 
messages have specific and unique restrictions. For example, the char
acter limit of 280 (at the time of the study) can cause adaptations in 
language use, such as using more abbreviations (Boot et al., 2019). 
While this does not diminish the relevance of the effect of moral and 
emotional language on information diffusion demonstrated here, it 
would be interesting to explore whether this effect extends to different 
social media platforms and other languages. 

One important challenge of using data from social media is to clearly 
distinguish between human and computer-generated content. It is 
important to identify which content was generated by bots to make sure 
that the study conclusions apply to human (not bot) social media 
behavior (e.g., use of specific language to increase engagement). In the 
present analysis several robustness checks were conducted to make sure 
that our conclusions are not driven by bot activity (excluding duplicate 
messages, examining separate subsamples, excluding tweets with many 
hashtags, and excluding users with no followers). While bot detection 
comes with many different challenges, given the results of the several 
robustness checks, we believe that bot activity is unlikely to have biased 
our results. 

Governments and tax authorities invest great effort in reaching out to 
citizens to promote their positive image and increase tax morale. We 
found that messages about taxation that contain emotional and moral 
language are more likely to spread on social media. Hence, by simply 
twitching message language, tax office image management initiatives 
could be more fruitful than before. Also, considering the mere volume of 
information being shared on social media, the tax officials might reach 
broader audiences compared to other information mediums. Finally, the 
exposure to the information shared online is likely to impact attitudes 
and behaviors. Indeed, existing research has shown that sharing taxation 
related information has implications for tax compliance (e.g., Castro & 
Scartascini, 2019; Drago et al., 2020), suggesting that the use of moral 
and emotional words in Twitter messages might have downstream 
consequences for tax attitudes and tax paying behaviors. 

Moreover, tracking changes in negative and positive emotional lan
guage in tax-related tweets may allow for an unobtrusive assessment of 
tax morale or tax climate (e.g., a Twitter Tax Thermometer). Existing 
research has mostly relied on self-report measures of tax attitudes in 
nationally representative surveys, such as the World Values Survey 
(Haerpfer et al., 2020) or the Eurobarometer (European Commission, 
2021). This method involves high costs and effort, provides estimates 
with time delays, and offers a limited possibility to study change over 
time. Analyzing the sentiment about taxation on social media could offer 
a real-time assessment of the tax climate. In addition, identifying the 
most frequently discussed tax related topics could help policy makers 

determine where action or reform is needed most urgently. Finally, by 
tracking changes in sentiment over time and/or across regions, one 
could also examine the effects of certain changes in tax policies and 
procedures. 
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