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Abstract
In the wake of the COVID-19 pandemic, unprecedent amounts of fake news and 
hoax spread on social media. In particular, conspiracy theories argued on the effect 
of specific new technologies like 5G and misinformation tarnished the reputation of 
brands like Huawei. Language plays a crucial role in understanding the motivational 
determinants of social media users in sharing misinformation, as people extract 
meaning from information based on their discursive resources and their skillset. In 
this paper, we analyze textual and non-textual cues from a panel of 4923 tweets con-
taining the hashtags #5G and #Huawei during the first week of May 2020, when 
several countries were still adopting lockdown measures, to determine whether or 
not a tweet is retweeted and, if so, how much it is retweeted. Overall, through tra-
ditional logistic regression and machine learning, we found different effects of the 
textual and non-textual cues on the retweeting of a tweet and on its ability to accu-
mulate retweets. In particular, the presence of misinformation plays an interesting 
role in spreading the tweet on the network. More importantly, the relative influence 
of the cues suggests that Twitter users actually read a tweet but not necessarily they 
understand or critically evaluate it before deciding to share it on the social media 
platform.
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1 Introduction

The COVID-19 pandemic has proven to be not only an epidemic but also an 
“infodemic” given that the spreading of the virus has been accompanied by an 
explosion of fake news and, in general, misinformation about the disease (WHO, 
2020). Previous research has shown how misinformation travels faster and far-
ther than genuine information on social media (Vosoughi et al., 2018). Unfortu-
nately, this trend has been confirmed also during the COVID-19 outbreak, as the 
amount of information shared from untrustable and genuine sources was com-
parable (Yang et  al., 2020). Indeed, during the last months, we have witnessed 
a massive diffusion of misinformation regarding the virus, mainly in the form of 
conspiracy theories about it being created as a biological weapon in China and 
transmitted through the 5G network (Ahmed et al., 2020; Di Domenico & Visen-
tin, 2020). Particularly, the 5G conspiracy has spread massively on social media, 
becoming a trending topic on Twitter and arousing anger among users (Jolley & 
Paterson, 2020). However, misinformation does not only spread on Twitter but it 
might overcome the limits of the platform, causing tangible harm. For instance, 
after the spread of 5G misinformation on Twitter, several cell phone masts have 
been vandalised in the United Kingdom (BBC, 2020; Brewis, 2020). As a con-
sequence, these events affected companies that have been investing in the devel-
opment of the 5G network, in particular Chinese technology companies such as 
Huawei, tarnishing their reputation (Di Domenico & Visentin, 2020).

From a marketing perspective, it becomes crucial to see how companies could 
understand and prevent the spread of misinformation before it might damage their 
reputation.

Together with social media algorithmic characteristics (Di Domenico et  al., 
2021), the language that social media users adopt to communicate meanings 
(Hewett et al., 2016) can be a factor in fostering the spreading of misinformation. 
As people extract meaning from information based on their discursive resources 
and their skillset (see Marwick, 2018), language is crucial in the evolution of 
sharing misinformation.

On Twitter specifically, the choice of the words used and the hashtags selected 
enables or restricts the possibility of spreading contents within echo chambers, dig-
ital environments where misinformation can thrive (Hewett et  al., 2016; Quattro-
ciocchi et  al., 2016). Twitter is one of the most used social media platforms with 
187 million monetizable daily active users worldwide (Statista, 2021). A growing 
body of literature investigates Twitter from the consumer point of view (e.g. Hennig-
Thurau et al., 2015; Kim & Song, 2016) and only recently the influence of the lin-
guistic style of tweets on retweets rates has been more deeply investigated (e.g. Aleti 
et al., 2019; Labrecque et al. 2020). The analysis of Twitter user-generated textual 
data (e.g. statuses and tweets) can provide unprecedented possibilities to analyse 
how individuals use language to communicate misinformation on social media and 
boost contents’ visibility. However, marketing literature about misinformation lacks 
empirical studies on the effects of the content and linguistic style of social media 
user-generated contents on the spreading of misinformation.
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To fill in this gap, we propose an analysis of a set of 4923 tweets containing the 
hashtags #5G and #Huawei to investigate the effect of textual features (namely: lin-
guistic style, certain language, text complexity, misinformation) and users’s profile 
characteristics on the probability of a tweet to be retweeted and on the intensity 
of retweets. We analysed psycholinguistic cues extracted using Linguistic Inquiry 
and Word Count (LIWC), which is considered as a transparent text analysis pro-
gram that counts words in psychologically meaningful categories (Tausczik & Pen-
nebaker, 2010). Moreover, we complement our analysis by using also non-textual 
cues including users’ status on Twitter and the inclusion of media elements in the 
tweet. We then applied a machine learning (ML) approach (gradientBoost, Chen & 
He, 2020; Natekin & Knoll, 2013) to investigate the pattern of textual and non-tex-
tual characteristics of a tweet in determining users’ response in terms of retweeting 
behavior. Finally, we compared the predictive ability of the ML approach to a tra-
ditional logistic regression, finding the superiority of the former in reducing false 
positives and false negatives.

2  Fake news and misinformation

Misinformation (e.g. fake news, hoaxes, propaganda and conspiracy theories) are 
nothing new (Tandoc et al., 2018), but they have found in social media a powerful 
medium to spread broadly and magnify their reach. Indeed, previous research has 
found that misinformation and fake news travel faster and farther on social media 
platforms (Vosoughi et  al., 2018). This is due to various reasons (Di Domenico 
et al., 2021): first, social media have disintermediated the access to production and 
consumption of news (Lazer et al., 2018) allowing everyone to produce news (All-
cott & Gentzkow, 2017). Second, social media algorithms foster the creation of 
so-called echo chambers, namely groups of like-minded people who acquire infor-
mation from a limited set of sources (Del Vicario et al., 2019) reinforcing their pre-
existing beliefs (Schmidt et al., 2018; Unkelbach et al., 2019). Finally, while social 
media were born as platforms to connect people from all over the world, they are 
being adopted as the primary source of information (Newman et al., 2017; Schmidt 
et al., 2017).

Fake news represents a form of “digital pollution” that makes the environment 
hard for marketers to navigate (Fulgoni & Lipsman, 2017). Fake news is defined 
as news “intentionally and verifiably false and could mislead readers” (Allcott & 
Gentzkow, 2017, p. 213). It is represented as “fabricated stories”, intentionally false 
but realistic, which appeal to users’ previous beliefs (e.g.; Di Domenico & Visen-
tin, 2020; Talwar et al., 2020; Tandoc et al., 2018; Visentin et al., 2019). To date, 
most of the literature on misinformation has tried to understand the drivers under-
pinning fake news belief and sharing on social media. One of the most important 
drivers of belief in fake news was found to be confirmation bias (Quattrociocchi 
et al., 2016), that is “the human tendency to acquire information adhering to one’s 
system of beliefs” (Del Vicario et  al., 2019, 10:2). Confirmation bias explains the 
human tendency to select information consistently with prior beliefs, thus reinforc-
ing them (Lewandowsky et al., 2012). Cognitive abilities also play an important role 
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in fostering individuals’ belief in misinformation (Pennycook et al., 2018). Specifi-
cally, less analytic individuals present greater propensity to endorse suspect beliefs 
such as paranormal and superstitious beliefs (Pennycook et  al.  2012), conspiracy 
beliefs (Swami et al. 2014), and pseudo-profound bullshit (Pennycook et al. 2015) 
which, in turn, lead to belief in fake news. Moreover, delusion prone individuals 
are more likely to believe in fake news (Bronstein et al. 2019). Consequently, peo-
ple who were more willing to think analytically are less likely to believe articles 
including misinformation regardless of their partisan alignment (Pennycook and 
Rand, 2019). Finally, emotions also can prompt belief in fake news (Martel et al., 
2020).

Moreover, scholars have also analysed the patterns of misinformation and fake 
news spreading on social media finding that misleading contents are mostly gener-
ated by ordinary users (Jang et al., 2018) who continuously modify and change text 
characteristics to “repackage” fake news giving it new popularity (Shin et al., 2018).

By mainly focusing on the psychological drivers of belief in and sharing of mis-
information, existing scholarship on this intriguing topic leaves some gaps in the 
understanding of the textual characteristics that make misinformation achieve viral-
ity. As individuals create and extract meanings from texts (Marwick, 2018), the 
analysis of language is crucial in the comprehension of fake news and misinforma-
tion sharing behaviours. Moreover, the use of specific words or hashtags can deter-
mine the overall reach of the content on social media, stimulating the reverberating 
system of the “echoverse” (Hewett et al., 2016). For this study, we focus on Twitter 
for two reasons. Firstly, the spreading of misinformation through this platform is 
pervasive and it has been chosen as the context of several misinformation studies 
(e.g. Vosoughi et al., 2018). Secondly, the text of tweets constitutes a valuable start-
ing point to study how language is built (Berger et al., 2020) and affect others (by 
the means of retweets).

In our analysis, we focus on textual (linguistic style, level of certainty, complex-
ity and misinformation content) and non-textual (user’s characteristics and inclusion 
of media) cues of tweets in their effect on (1) the probability of the tweet being 
retweeted and (2) the virality of tweets, in terms of the total number of retweets. 
Consequently, we formulate the following research questions for this study:

RQ1: Do textual and non-textual characteristics of tweets cue virality, i.e. 
retweet?
RQ2: Do textual and non-textual characteristics of tweets increase virality, i.e. the 
number of retweets?

3  Textual and non‑textual cue stimulating retweets

In order to answer our research questions, we draw upon cueing theory, which sug-
gests that visual and verbal stimuli affect different levels of individual responses 
(e.g. Labrecque et  al. 2020; Olson & Jacoby, 1972; Wedel & Pieters, 2014; Wu 
et al., 2016; Visentin & Tuan, 2020).
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In the context of Twitter, cues are represented by the words used (e.g. content 
words and function words), the media included (e.g. images, urls) and the type of 
user profile (e.g. number of followers). These cues affect consumers’ sharing behav-
ior in terms of retweets. In particular, in this paper we focus on textual cues rep-
resented by the linguistic style of the text, the level of certainty of the statements, 
the complexity of the text and the presence of misinformation. We complement our 
framework by considering also non-textual cues such as the status of the user and 
the use of media.

Figure 1 depicts the theoretical framework of our analysis.

3.1  Textual cues

Regarding the words used in tweets, the marketing literature has traditionally 
focused on the content of social media posts, mainly from a company perspective 
(e.g. Ashley & Tuten, 2015; de Vries et  al., 2012). However, in recent years the 
attention has moved towards the linguistic style used in the text suggesting that 
content words and function words (e.g. adverbs, pronouns) are equally important 
to communicate meaning, to develop mental imagery, to direct the attention of the 
reader (e.g. Aleti et al, 2019; Douglas et al., 2017) as well as to affect engagement 
(e.g. retweets) (e.g. Cruz et al. 2017; Labrecque et al., 2020). By looking at subtle 
and often subconscious choices about linguistic style elements, we may indeed gain 
useful insights about how users construe the world around them.

Aleti et  al. (2019) analyzed, for instance, the narrative/analytical, internally/
externally focused (clout), and negative/positive emotional styles (tone) in tweets 
by celebrities and their effect on word of mouth. Berger et al. (2020), by analyzing 
social media posts created and shared during live political debates, found that tweets 
containing a more analytical language—but not authentic language style—were 
more likely to be shared after the debate. Humphreys et al. (2020) found that con-
sumers use more abstract (concrete) language in their online search during the first 
(last) stages of the shopping journey. Akpinar and Berger (2017) also suggest that 
highly arousing text (tone), both highly positive and highly negative, is more likely 

Fig. 1  Conceptual framework
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to be shared frequently and widely since the audience is more receptive to a message 
when it arouses affective states.

Moreover, also text complexity and the presence of certainty in language in the 
statements play a crucial role in affecting sharing behaviors. Complexity refers to 
the presence in texts of a high number of words, propositions, long words and more 
words related to cognitive mechanisms (Tausczik & Pennebaker, 2010; Zhou et al., 
2004). In the case of misinformation, text complexity may be reduced because of 
the cognitive load required to maintain a story that is contrary to experience. Lit-
erature is still scant in this regard but we expect that the more a text is complex, the 
less it will be convincing and that, in turn, this text will be shared less. Certainty 
refers to a sense of conviction or confidence that characterizes language. Previous 
research suggests that certain language increases consumer engagement to brands’ 
social media messages (Pezzuti et al., 2021; Leek et al., 2019). The same happens 
for individuals who appear to be more powerful by using words that denote certainty 
(Hart & Childers, 2004).

Furthermore, also the presence of misinformation in the content of the text may 
cue social media users’ behavioral response. As previously stated, misinformation 
has found a fertile ground on social media, and in particular on Twitter, allowing 
people to disseminate unreliable information and misleading content (Di Domenico 
et  al., 2021; Del Vicario et  al., 2019). However, when this content aligns with an 
individual’s perception of the world, the possibility of being shared increases irre-
spective of factual truthfulness and objective reality, affecting therefore the virality 
of the tweet.

3.2  Non‑textual cues

In addition to the content and the style of the tweet, we also consider cues that are 
peripheral to the text, like the user status and the use of media. First, previous litera-
ture suggests that the number of followers, the number of friends and the volume of 
statuses act as an indicator of source influence for the reader (Xu & Zhang, 2018). 
These indicators shape the user status and represent cues which capture the atten-
tion of the user, providing information about the level of authority of the user pro-
file. Second, the inclusion of images or URLs characterizes the levels of vividness 
and interactivity of the text, which ultimately influence virality (De Vries Gensler & 
Leeflang, 2012; Tellis et al. 2019). These indicators are non-textual cues of a tweet 
represented by the use of media.

4  Empirical analysis

In this study, we focus on the diffusion of misinformation regarding the com-
pany Huawei being associated with false rumours regarding insidious connec-
tions between the spread of coronavirus and the deployment of the 5G network. 
To this aim, we scraped from Twitter 4923 tweets containing the hashtags #5 g 
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#Huawei on May, 8 2020. The dataset was streamlined by removing verified users 
and retweets. The refined dataset includes 1103 tweets.

First, we manually coded tweets to scrutinize whether they were related to 
misinformation or not. The three authors manually coded the content of tweets, 
founding that 223 out of 1103 tweets were misinformative, reaching a near-per-
fect degree of agreement (Krippendorff α = 0.971). These are some examples of 
tweets coded as misinformation:

"This Genocide facilitated by HUAWEI’s digital surveillance of Uyghurs. 
UK must pull out of HUAWEI 5G deal.”
“@Huawei Don’t need 5G from a country that let covid 19 out. So no 
thanks”
“@CDORF4REALRED @darrenstanton @Huawei Lets finish with the 
Corona pandemic first, forcing our selves into another problem.5G is evil.”

Second, we performed the automated text analysis of tweets by using LIWC 
(Linguistic Inquiry and Word Count; Tausczik & Pennebaker, 2010), software com-
monly used to detect meaning from the text and widely adopted in the marketing 
literature (e.g. Berger et al., 2020). Third, we empirically assessed the effect of the 
linguistic cues of the tweet on the capability of a tweet to be retweeted. Fourth, we 
tested the predictive ability of the model.

In detail, we used the summary variables provided by LIWC to account for ana-
lytical language, authentic language, clout and tone. The summary variables we 
used are algorithms included in the LIWC software program which previous lin-
guistic research has thoroughly validated internally and externally (Aleti et al., 2017; 
Pennebaker et al. 2015). They have already been used successfully in a variety of 
marketing and management studies (Akpinar et al. 2018; Hwong et al. 2017; Margo-
lin & Markowitz, 2018; Tausczik & Pennebaker, 2010). These variables range from 
0 to 100. The summary variable analytic captures the narrative/analytical style. In 
particular, the presence of more exclusive words (e.g. but, while, whereas), more 
self-and-other references, and less negative emotion denotes an analytical language 
whereas a narrative language is characterized by the presence of more adverbs, aux-
iliary verbs, conjunctions, negations. The variable authentic combines the positive 
loading of first‐ and third‐person singular pronouns, third‐person plural pronouns, 
and exclusive words (e.g., but, except, and without) with the negative loading of 
negative emotions and motion verbs (e.g., arrive, drive, and go). Conversely, low 
scores on this variable relate to more distance from the self and a more deceptive 
language (Barrett et  al., 2002; Newman et  al., 2003). Clout refers to the degree 
to which texts contain an internally or externally focused style (Pennebaker et  al. 
2015). Tone captures the negative (e.g., hurt, nasty, ugly) and positive (e.g., love, 
nice, sweet) emotional style.

To account for text complexity, we included the categories of LIWC which refer 
to a complex language: word count (Word Count), presence of prepositions (Prepo-
sitions), words with more than six letters (Long words) and cognitive mechanisms 
(Cognitive Mecs). To account for certainty in language, we included words com-
municating possibility (Tentativeness) and certainty (Certainty). Table  1 provides 
descriptive statistics.
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In order to answer to our first research question and to find which tweets’ cues 
affect the possibility of a tweet to be retweeted, we estimated a Logit model on 
the retweet count of the 1103 tweets. We used the dummy variables Retweet/No 
retweet as the dependent variable, Analytic, Authentic, Clout, Tone, complex lan-
guage, certain language and misinformation as independent variables. We also 
added the dummy variable misinformation, the user’s status on Twitter and the 
presence of media elements as controls. Models 1–6 provide partial model esti-
mates, Model 7 provides the full model. In particular, we first calculated the 
intercept model, taken as a base model for further comparisons (Model 1). Then, 
we calculated Model 2 using the linguistic style variables (Analytic, Authentic, 
Clout, Tone), Model 3 using certain language variables (Tentativeness and Cer-
tainty), Model 4 using complex language variables (Word Count, Prepositions, 
Long Words, Cognitive Mecs), Model 5 using Misinformation and Model 6 
including the non-textual cues (Followers Count, Friends Count, Statuses Count, 
Urls, Media). Table 2 reports the results of the Logit analysis using standardized 
variables.

Then, to answer to our second research question and to account for the effects 
of the tweets’ cues to affect the virality of the tweet, we considered the subset of 
tweets in our database that have been retweeted. Thus, we estimated a Poisson 
model on the retweet count for the 175 retweets in our dataset. We accounted for 
the same independent variables of the previous model but we used the retweet 
count as the dependent variable. Also in this case, Models 1–6 provide partial 

Table 1  Descriptive statistics Fake/Nofake Mean Std. Deviation

Analytic 0 82.05 24.88
1 69.69 28.02

Clout 0 63.82 25.01
1 65.28 26.36

Authentic 0 14.95 23.14
1 15.90 23.79

Tone 0 36.88 31.11
1 33.99 32.56

Word count 0 27.89 12.73
1 30.08 14.35

Long words 0 18.02 9.24
1 14.93 9.01

Prepositions 0 11.88 5.74
1 10.90 5.87

Cognitive mecs 0 7.40 5.65
1 8.42 6.85

Tentativeness 0 1.14 2.34
1 1.48 2.42

Certainty 0 0.63 1.84
1 1.04 3.72
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Table 2  Logit analysis

*p < 0.1; **p < 0.05; ***p < 0.01

Dependent variable: retweet yes/no

(1) (2) (3) (4) (5) (6) (7)

Linguistic style
 Analytic 0.431***

(0.110)
0.140
(0.149)

 Authentic 0.057
(0.091)

0.095
(0.103)

 Clout 0.003
(0.092)

−0.054
(0.103)

 Tone 0.124
(0.083)

0.117
(0.087)

Certainty in language
 Tentative-

ness
−0.103
(0.091)

0.024
(0.110)

 Certainty −0.024
(0.089)

0.145
(0.108)

Complexity
 Word 

Count
0.321***
(0.087)

0.311***
(0.094)

 Preposi-
tions

0.181**
(0.088)

0.137
(0.109)

 Long 
Words

0.244***
(0.088)

0.216**
(0.095)

 Cognitive 
Mecs

−0.294***
(0.103)

−0.261**
(0.132)

Misinformation
 Misinfor-

mation
0.001
(0.202)

0.222
(0.220)

Non-textual 
cues

 Followers 
count

0.146*
(0.087)

0.125
(0.082)

 Friends 
count

0.245
(0.189)

0.202
(0.180)

 Statuses 
count

−0.088
(0.099)

−0.071
(0.098)

 Urls 0.507***
(0.180)

0.501**
(0.213)

 Media 0.424*
(0.232)

0.186
(0.251)

Intercept −1.668***
(0.082)

−1.725***
(0.087)

−1.672***
(0.083)

−1.768***
(0.090)

−1.669***
(0.093)

−2.047***
(0.147)

−2.168***
(0.180)

Observa-
tions

1103 1103 1103 1103 1103 1103 1103

Log Likeli-
hood

−482.494 −472.567 −481.740 −463.192 −482.494 −469.134 −450.910

Akaike Inf. 
Crit

966.989 955.134 969.480 936.385 968.989 950.267 935.819
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model estimates, Model 7 provides the full model. Table 3 reports the results of 
the Poisson analysis using standardized variables.

4.1  Results

The results of the Logit analysis on the possibility of a tweet to be retweeted 
are displayed in Table 2. All the models, except Model 3 using certain language 
variables and Model 5 using misinformation are significantly different from the 
null model (P(χ2, df) < 1e−03). The differences between the full model and all 
the sub-models are significant (P(χ2, df) < 1e−03). Moreover, the intercepts are 
significant and negative in all models.

In Model 7, we find a significant effect only of the variables related to the com-
plexity of the language, namely the word count (Word Count), words with more 
than six letters (Long Words) and cognitive mechanisms (Cognitive Mecs), sug-
gesting that longer and more complex tweets are retweeted more. It is worth not-
ing that the variable Misinformation does not report a significant value meaning 
that the retweet does not depend on the veracity of the tweet but rather on other 
textual and non-textual cues. Finally, we also find a significant and positive effect 
of the presence of URLs suggesting that when the tweet is complemented by a 
link to external sources it catches more attention by the reader, eliciting retweet-
ing behaviors. These results provide interesting insights about the cues that lead 
to a higher likelihood of a tweet being retweeted, answering our first research 
question. Specifically, we found that the presence of complex language and links 
to external sources in tweets positively affect the probability of a tweet being 
retweeted.

A different picture is provided by modelling the ability of a tweet to accumu-
late retweets. In fact, by considering only the tweets which have been retweeted, 
the Poisson model allows us to answer to the second research question, i.e. which 
are the main tweets’cues that increase the virality of tweets (Table 3). The dif-
ferences between the full model and all the sub-models are significant (P(χ2, 
df) < 1e-03). In this case, all the models are significantly different from the null 
model (P(χ2, df) < 1e-03). Moreover, the intercepts are significant in all models.

In the full Model 7, we find a positive and significant effect of Analytic, 
Authentic, Clout and a negative effect of Tone. These results suggest that the 
linguistic style of the tweet affects the probability of the tweet to be retweeted. 
In particular, tweets are more retweeted when they contain a more analytical, 
authentic and confident language. Whereas negative tweets are less appreciated 
by the users. Even in this case, the significant effect of the complexity variable 
is maintained. Noteworthy, the presence of Misinformation is significant in the 
full Model 7 and partial Model 5. Interestingly, in this case, also the non-textual 
cues play an important role in determining the virality of tweets. In particular, the 
Followers Count and the volume of tweets (namely, Statuses Count) have a posi-
tive and significant effect on the retweet count. Friends count and the presence of 
images (namely, Media) have a negative effect, instead.
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Table 3  Poisson analysis

Dependent variable: retweet count

(1) (2) (3) (4) (5) (6) (7)

Linguistic 
style

 Analytic 0.083**
(0.036)

0.109**
(0.051)

 Authentic 0.111***
(0.034)

0.105***
(0.038)

 Clout 0.318***
(0.039)

0.363***
(0.042)

 Tone −0.152***
(0.036)

−0.104***
(0.040)

Certainty in 
language

 Tentative-
ness

−0.074*
(0.038)

0.002
(0.057)

 Certainty −0.018
(0.035)

0.073
(0.045)

Complexity
 Word count 0.386***

(0.033)
0.276***
(0.036)

 Preposi-
tions

0.088**
(0.036)

0.013
(0.044)

 Long 
words

−0.058
(0.036)

0.103***
(0.039)

 Cognitive 
mecs

−0.176***
(0.039)

−0.102*
(0.052)

Misinforma-
tion

 Misinfor-
mation

0.918***
(0.069)

0.825***
(0.081)

Non-textual 
cues

 Followers 
count

0.592***
(0.032)

0.539***
(0.039)

 Friends 
count

−0.488***
(0.044)

−0.491***
(0.048)

 Statuses 
count

0.075**
(0.032)

0.228***
(0.034)

 Urls −0.316***
(0.077)

−0.106
(0.084)

 Media −0.061
(0.091)

−0.275***
(0.099)

Intercept 1.603***
(0.034)

1.552***
(0.036)

1.600***
(0.034)

1.512***
(0.037)

1.327***
(0.044)

1.727***
(0.063)

1.248***
(0.076)

Observations 175 175 175 175 175 175 175
Log likeli-

hood
−1147.204 −1105.223 −1145.049 −1067.517 −1066.798 −1018.979 −857.673

Akaike Inf. 
Crit

2296.409 2220.447 2296.097 2145.034 2137.595 2049.958 1749.346

*p < 0.1; **p < 0.05; ***p < 0.01
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4.2  Predictive analysis

Finally, to provide additional managerial relevance to this analysis, we per-
formed a comparison between the predictive ability of a traditional logit model 
and a machine learning boosting machine (e.g.: Friedman, 2001, 2002; Natekin & 
Knoll, 2013). In particular, we analyzed the forecasting performance of the mod-
els to predict a retweet based on the characteristics of the tweet.

We compared the logit approach, widely used in management studies, to a 
machine learning (ML) approach based on pattern recognition (Freund & Scha-
pire, 1997; Friedman, 2002) since the language descriptors of a text provide a 
pattern. In particular, among the plethora of pattern recognition engines avail-
able in the ML tradition, we selected a gradient boosting algorithm (Chen & He, 
2020; Friedman, 2001, 2002; Natekin & Knoll, 2013; Qian et  al., 2020; Ridge-
way, 1999; Ridgeway & Ridgeway, 2004). The gradient boosting approach is 
based on a combination of Classification And Regression Trees (CART; Fried-
man, 2001; Friedman et al., 2000; Ridgeway, 1999; Therneau & Atkinson, 1997) 
as base classifiers, each obtained on a bootstrap replicate of the training set (e.g.: 
Friedman, 2002). First, CART models split each node (i.e. a group of observa-
tions) based on the predictor that ensures the best reduction of variance. Sec-
ond, bootstrap replicates are copies of the original training set generated by ran-
domly selecting observations with re-immissions in order to preserve the original 
sample size. Third, following Friedman’s GradientBoosting machine (Friedman, 
2001, 2002), the algorithm iteratively updates on the previous classification to 
reduce the under-fitted predictions.

This approach provides data sets that over-represent some observations and 
other data sets that under-represent them. Ultimately, CARTs on each bootstrap 
replicates will follow this over(under)-representation of patterns providing a low-
performing family of classifiers. Nevertheless, their combination will provide a 
high-performing forecasting tool (Chen & He, 2020; Friedman et al., 2000; Fried-
man, 2001, 2002; Natekin & Knoll, 2013; Qian et  al., 2020; Ridgeway, 1999; 
Ridgeway & Ridgeway, 2004). Noteworthy, current implementations of gradient 
boosting machine provide a relative ranking of the variables (predictors in the 
ML tradition) that can be operationally used.

To perform the comparison, we randomly selected 80% of classified tweets and 
used as training set, i.e. the data set used to estimate the models (logit and gradi-
ent boosting). We then used the remaining 20% as the test set.

Figure 2 reports graphically and numerically the relative influence of the var-
iables used by the gradient boosting algorithm. In particular, by weighting the 
basic tree classifiers (as described in Friedman, 2001), the graphical interface 
orders the variables consistent to their relative influence in the final classification 
model. Results show that the more important variables used are related to the 
analytic language, complex language and status, with a prominent role of follow-
ers, friends and statutes counts. Conversely, media and misinformation are mar-
ginally relevant. Overall, these results reveal that people mostly rely on the user’s 
status and on the text complexity to decide whether or not to retweet. In this line, 
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it appears that a tweet is retweeted or not depending on the fact that it is read but 
not understood.

Finally, the gradient boosting machine results in 83.92% of correct predictions. 
In detail, the boosting machine correctly predicts the 98.93% of negatives (i.e. not 
retweeted tweets) and only the 0,74% of the positives (i.e. retweeted tweets). By 
applying an extension of the algorithm, xtreme gradient boosting (Chen & He, 2020; 
Qian et al., 2020) we obtained an overall performance of 83.58% of correct predic-
tions including the 96.93% of negatives (i.e. not retweeted tweets) and the 9.63% 
of the positives (i.e. retweeted tweets). Meanwhile, the traditional logit resulted 
in 83.24% of correct predictions. In detail, the logit models correctly predicts the 
97.32% of negatives (i.e. not retweeted tweets) and only the 5.19% of the positives 
(i.e. retweeted tweets).

Overall, the traditional logit approach and the machine learning approach provide 
similar performances. However, the boosting machine displays more accurate abil-
ity to match the patterns of textual and non-textual cues in order to predict whether 
or not a tweet will be retweeted. Moreover, the ML approach is able to document 
the relative importance of the individual cue effects on retweets, offering a more 
nuanced explanation of the drivers of a Twitter user response to a tweet.

5  Conclusion

This study aimed at investigating the textual and non-textual cues of tweets that 
affect their virality, focusing on the misinformation content during the COVID-19 
pandemic. In the wake of the pandemic, indeed, social media platforms are playing a 
crucial role in the quick spreading of misinformation. Even though marketing litera-
ture is surprisingly scant on this topic, Twitter user-generated textual data provides 
unprecedented possibilities to analyse how individuals use language to communicate 
misinformation on social media. By analyzing a panel of 4923 tweets containing the 

variable        rel.inf
followers_count 19.6335016
Analytic 12.5020432
Prepositions 11.9409579
Word count 10.1326231
Long words 8.3656163
friends_count 7.2595899
statuses_count 7.2356114
Authentic 6.5724321
Cognitive Mecs 5.4184609
Clout 3.2172066
Tone 3.0385710
Tentativeness 2.2959990
media_type 1.3734065
urls_url 0.4645875
Misinformation 0.4051287
Certainty 0.1442642

Fig. 2  Relative influence of variables
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hashtags #5G and #Huawei during the first week of May 2020, when several coun-
tries were still adopting lockdown measures, we determine whether or not a tweet 
is retweeted and, if so, how much it is retweeted. Overall, we found different effects 
of the textual and non-textual cues on the retweeting of a tweet and on its ability 
to accumulate retweets. In particular, the misinformation included in a tweet plays 
an interesting role in spreading the tweet through the network. We also applied a 
machine learning approach to investigate the pattern of textual and non-textual char-
acteristics of a tweet in determining the Twitter users’ response in terms of retweet-
ing behavior. We found this approach superior in reducing false positives and false 
negatives when compared to traditional logit predictions. More importantly, the rela-
tive influence of the cues suggests that Twitter users actually read a tweet but not 
necessarily they understand or critically evaluate it before deciding to share it on the 
platform. This supports the role of confirmation bias in affecting individuals’ sus-
ceptibility to misinformation as the tendency to propagate contents through social 
media largely depends on other textual cues than the veracity of contents.

The theoretical contributions of this paper are twofold: first, we contribute to the 
stream of literature regarding fake news from a marketing perspective which is still 
at a nascent stage (e.g. Di Domenico & Visentin, 2020; Di Domenico et al. 2021; 
Visentin et al. 2019). In particular, we provide evidence about the importance of tex-
tual cues in affecting retweeting behavior in the context of fake news and misinfor-
mation. Importantly, our findings suggest that these cues are not only related to the 
content of the tweet but also to the style used. Second, we contribute to the stream 
of literature that aims to analyze the features of tweets affecting virality (e.g. Berger 
et al., 2020), answering recent calls about the importance of providing models using 
language analysis and machine learning techniques (Valsesia et al., 2020).

From a managerial perspective, this study suggests that companies should con-
tinuously monitor tweets which are going to become viral in order to avoid the 
spread of misinformation not only inside the echo-chambers but also outside them to 
avoid negative impact on the company’s reputation. Indeed, social media monitor-
ing tools provide unprecedented possibilities to gather continuous minute-by-minute 
real-time data (Branthwaite & Patterson, 2011) that allow the tracking of the rapid 
changes of consumers’ sentiment over time (Zhang et al., 2011). As fake news and 
the other forms of misinformation targeting brands are recognized as reputational 
threats (Jahng, 2021), being timely in setting up a response strategy to misinforma-
tion is of paramount importance for brands (Chen & Cheng, 2019; Vafeiadis et al., 
2019). In particular, the analysis of the linguistic patterns of misinformation could 
provide managers insights about what type of response could be more appropriate in 
recovering consumers’ trust, whether defensive (Vafeiadis et al., 2019; van der Meer 
& Jin, 2020) or accommodative (Coombs, 2015; Jahng, 2021). Moreover, having a 
deep comprehension of social media discussions might help brand managers exploit 
online communities’ brand attachment in defending the company’s reputation after 
a fake news attack, as suggested by the Nutella palm oil case (Cova & D’Antone, 
2016). Furthermore, social media platforms are increasingly stepping up efforts to 
combat misinformation by strengthening their policies, in particular nowadays as the 
COVID-19 vaccines are introduced worldwide. This study suggests that in order to 
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detect misinformation, social media platforms should not only focus on the content 
(i.e. misinformation) but also on how it is conveyed.

As a final note, in our analysis, we focused on a well-known company (i.e. Hua-
wei) and a specific technology (i.e. 5G). However, misinformation is related also to 
other domains and during the pandemic, we registered different fake news and con-
spiracy theories targeting the pharmaceutical industry.In particular, a surge of mis-
information has targeted vaccines, with anti-vax movements dramatically increas-
ing their reach and threatening the uptake of immunization programs (Burgess et al., 
2021). These conspiracies are nothing new, but the pandemic has created some 
conditions that pushed more and more individuals to embrace conspiracist think-
ing. Above all, the COVID-19 pandemic has further marginalised already oppressed 
minorities, including ethnic groups and people with disabilities (Johns et al., 2020) 
who are more likely to turn into conspiracies blaming powerful others for their dis-
advantaged living conditions (Douglas et al., 2019). As a consequence, individuals’ 
mistrust towards governments and health authorities has increased (Mylan & Hard-
man, 2021), making the pharmaceutical industry an easy target for conspiracy theo-
ries (Burgess et al., 2021).

Yet, Twitter users displayed a surprisingly poor brand awareness in the pharma 
industry as they were unable to mention individual brands, spreading tweets against 
big pharma as a non-specific entity. This might suggest companies monitor their 
brand awareness also on social media platforms and investigate how users mention 
them as the marketing discipline will not be likely the same after COVID-19 (Hoek-
stra & Leeflang, 2020). Future research might further investigate this topic and apply 
our analyses in other industries.

Funding Open access funding provided by Alma Mater Studiorum - Università di Bologna within the 
CRUI-CARE Agreement. This research did not receive any specific grant from funding agencies in the 
public, commercial, or not-for-profit sectors.

Declarations 

Conflict of interest The authors declare that they have no conflict of interest.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as 
you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article 
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is 
not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission 
directly from the copyright holder. To view a copy of this licence, visit http:// creat iveco mmons. org/ licen 
ses/ by/4. 0/.

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


 Italian Journal of Marketing

1 3

References

Ahmed, W., Vidal-Alaball, J., Downing, J., & Seguí, F. L. (2020). COVID-19 and the 5G conspiracy the-
ory: social network analysis of Twitter data. Journal of Medical Internet Research, 22(5), e19458.

Akpinar, E., & Berger, J. (2017). Valuable virality. Journal of Marketing Research, 54(2), 318–330.
Akpinar, E., Verlegh, P. W., & Smidts, A. (2018). Sharing product harm information: The effects of self-

construal and self-relevance. International Journal of Research in Marketing, 35(2), 319–335.
Aleti, T., Pallant, J. I., Tuan, A., & van Laer, T. (2019). Tweeting with the stars: Automated text analysis 

of the effect of celebrity social media communications on consumer word of mouth. Journal of 
Interactive Marketing, 48, 17–32.

Allcott, H., & Gentzkow, M. (2017). Social media and fake news in the 2016 election. Journal of Eco-
nomic Perspectives, 31(2), 211–236.

Ashley, C., & Tuten, T. (2015). Creative strategies in social media marketing: An exploratory study of 
branded social content and consumer engagement. Psychology and Marketing, 32(1), 15–27.

Barrett, L. F., Williams, N. L., & Fong, G. T. (2002). Defensive verbal behavior assessment. Personality 
and Social Psychology Bulletin, 28(6), 776–788. https:// doi. org/ 10. 1177/ 01461 67202 289007.

BBC. (2020). Coronavirus: “Murder threats” to telecoms engineers over 5G. https:// www. bbc. co. uk/ 
news/ newsb eat- 52395 771.

Berger, J., Humphreys, A., Ludwig, S., Moe, W. W., Netzer, O., & Schweidel, D. A. (2020). Uniting the 
tribes: Using text for marketing insight. Journal of Marketing, 84(1), 1–25.

Branthwaite, A., & Patterson, S. (2011). The power of qualitative research in the era of social 
media. Qualitative Market Research: An International Journal.

Brewis H. (2020). Evening Standard. Nightingale hospital phone mast attacked as 5G conspiracy theory 
rages.   https:// www. stand ard. co. uk/ news/ uk/ nhs- night ingale- phone- mast- arson- attack- 5g- consp 
iracy- a4414 351. html.

Bronstein, M. V., Pennycook, G., Bear, A., Rand, D. G., & Cannon, T. D. (2019). Belief in fake news is 
associated with delusionality, dogmatism, religious fundamentalism, and reduced analytic thinking. 
Journal of Applied Research in Memory and Cognition, 8(1), 108–117.

Burgess, R. A., Osborne, R. H., Yongabi, K. A., Greenhalgh, T., Gurdasani, D., Kang, G., Falade, A. G., 
Odone, A., Busse, R., Martin-Moreno, J. M., & Reicher, S. (2021). The COVID-19 vaccines rush: 
participatory community engagement matters more than ever. The Lancet., 397(10268), 8–10.

Chen, T., He, T. (2020). Xgboost: extreme gradient boosting. R package version 1.2.0.1, pp. 1–4.
Chen, Z. F., & Cheng, Y. (2019). Consumer response to fake news about brands on social media: the 

effects of self-efficacy, media trust, and persuasion knowledge on brand trust. Journal of Product 
and Brand Management. https:// doi. org/ 10. 1108/ JPBM- 12- 2018- 2145

Coombs, W. T. (2015). Ongoing crisis communication: Planning, managing, and responding. Sage.
Cova, B., & D’Antone, S. (2016). Brand iconicity vs. anti-consumption well-being concerns: The Nutella 

palm oil conflict. Journal of Consumer Affairs, 50(1), 166–192.
Cruz, R. E., Leonhardt, J. M., & Pezzuti, T. (2017). Second person pronouns enhance consumer involve-

ment and brand attitude. Journal of Interactive Marketing, 39, 104–116.
De Vries, L., Gensler, S., & Leeflang, P. S. (2012). Popularity of brand posts on brand fan pages: An 

investigation of the effects of social media marketing. Journal of Interactive Marketing, 26(2), 
83–91.

Del Vicario, M., Quattrociocchi, W., Scala, A., & Zollo, F. (2019). Polarization and fake news: Early 
warning of potential misinformation targets. ACM Transactions on the Web (TWEB), 13(2), 1–22.

Di Domenico, G., & Visentin, M. (2020). Fake news or true lies? Reflections about problematic contents 
in marketing. International Journal of Market Research, 1470785320934719.

Di Domenico, G., Sit, J., Ishizaka, A., & Nunan, D. (2021). Fake news, social media and marketing: A 
systematic review. Journal of Business Research, 124, 329–341.

Douglas, K. M., Sutton, R. M., & Cichocka, A. (2017). The psychology of conspiracy theories. Current 
Directions in Psychological Science, 26(6), 538–542.

Douglas, K. M., Uscinski, J. E., Sutton, R. M., Cichocka, A., Nefes, T., Ang, C. S., & Deravi, F. (2019). 
Understanding conspiracy theories. Political Psychology, 40, 3–35.

Friedman, J., Hastie, T., & Tibshirani, R. (2000). Additive logistic regression: a statistical view of boost-
ing (with discussion and a rejoinder by the authors). The Annals of Statistics, 28(2), 337–407.

Friedman, J. H. (2001). Greedy function approximation: a gradient boosting machine. Annals of Statis-
tics, 29(5), 1189–1232.

https://doi.org/10.1177/0146167202289007
https://www.bbc.co.uk/news/newsbeat-52395771
https://www.bbc.co.uk/news/newsbeat-52395771
https://www.standard.co.uk/news/uk/nhs-nightingale-phone-mast-arson-attack-5g-conspiracy-a4414351.html
https://www.standard.co.uk/news/uk/nhs-nightingale-phone-mast-arson-attack-5g-conspiracy-a4414351.html
https://doi.org/10.1108/JPBM-12-2018-2145


1 3

Italian Journal of Marketing 

Friedman, J. H. (2002). Stochastic gradient boosting. Computational Statistics and Data Analysis, 38(4), 
367–378.

Freund, Y., & Schapire, R. E. (1997). A decision-theoretic generalization of on-line learning and an 
application to boosting. Journal of Computer and System Sciences, 55(1), 119–139.

Fulgoni, G. M., & Lipsman, A. (2017). The downside of digital word of mouth and the pursuit of 
media quality: How social sharing is disrupting digital advertising models and metrics. Journal 
of Advertising Research, 57(2), 127–131.

Hennig-Thurau, T., Wiertz, C., & Feldhaus, F. (2015). Does Twitter matter? The impact of microblog-
ging word of mouth on consumers’ adoption of new movies. Journal of the Academy of Market-
ing Science, 43(3), 375–394.

Hewett, K., Rand, W., Rust, R. T., & Van Heerde, H. J. (2016). Brand buzz in the echoverse. Journal 
of Marketing, 80(3), 1–24.

Hoekstra, J. C., & Leeflang, P. S. H. (2020). Marketing in the era of COVID-19. Italian Journal of 
Marketing, 2020(4), 249–260.

Humphreys, A., Isaac, M. S., & Wang, R. J. H. (2020). Construal matching in online search: apply-
ing text analysis to illuminate the consumer decision journey. Journal of Marketing Research. 
https:// doi. org/ 10. 1177/ 00222 43720 940693.

Hwong, Y. L., Oliver, C., Van Kranendonk, M., Sammut, C., & Seroussi, Y. (2017). What makes you 
tick? The psychology of social media engagement in space science communication. Computers 
in Human Behavior, 68, 480–492.

Jahng, M. R. (2021). Is fake news the new social media crisis? Examining the public evaluation of 
crisis management for corporate organizations targeted in fake news. International Journal of 
Strategic Communication, 2021, 1–19.

Jang, S. M., Geng, T., Li, J. Y. Q., Xia, R., Huang, C. T., Kim, H., & Tang, J. (2018). A computational 
approach for examining the roots and spreading patterns of fake news: Evolution tree analysis. 
Computers in Human Behavior, 84, 103–113.

Johns, M., Lockwood, R., Longlands, S., & Qureshi, A. (2020). Institute for Public Policy Research.
Jolley, D., & Paterson, J. L. (2020). Pylons ablaze: Examining the role of 5G COVID-19 conspiracy 

beliefs and support for violence. British Journal of Social Psychology, 59(3), 628–640.
Kim, J., & Song, H. (2016). Celebrity’s self-disclosure on Twitter and parasocial relationships: A 

mediating role of social presence. Computers in Human Behavior, 62, 570–577.
Labrecque, L. I., Swani, K., & Stephen, A. T. (2020). The impact of pronoun choices on consumer 

engagement actions: Exploring top global brands’ social media communications. Psychology and 
Marketing, 37(6), 796–814.

Lazer, D. M., Baum, M. A., Benkler, Y., Berinsky, A. J., Greenhill, K. M., Menczer, F., Metzger, M. 
J., Nyhan, B., Pennycook, G., Rothschild, D., & Schudson, M. (2018). The science of fake news. 
Science., 359(6380), 1094–1096.

Leek, S., Houghton, D., & Canning, L. (2019). Twitter and behavioral engagement in the healthcare 
sector: An examination of product and service companies. Industrial Marketing Management, 81, 
115–129.

Lewandowsky, S., Ecker, U. K., Seifert, C. M., Schwarz, N., & Cook, J. (2012). Misinformation and 
its correction: Continued influence and successful debiasing. Psychological Science in the Public 
Interest, 13(3), 106–131.

Margolin, D., & Markowitz, D. M. (2018). A multitheoretical approach to big text data: comparing 
expressive and rhetorical logics in Yelp reviews. Communication Research, 45(5), 688–718.

Martel, C., Pennycook, G., & Rand, D. G. (2020). Reliance on emotion promotes belief in fake news. 
Cognitive Research: Principles and Implications, 5(1), 1–20.

Marwick, A. E. (2018). Why do people share fake news? A sociotechnical model of media effects. 
Georgetown Law Technology Review, 2(2), 474–512.

Mylan, S., & Hardman, C. (2021). COVID-19, cults, and the anti-vax movement. The Lancet, 
397(10280), 1181.

Natekin, A., & Knoll, A. (2013). Gradient boosting machines, a tutorial. Frontiers in Neurorobotics, 
7, 21.

Newman, M. L., Pennebaker, J. W., Berry, D. S., & Richards, J. M. (2003). Lying words: Predicting 
deception from linguistic styles. Personality and Social Psychology Bulletin, 29(5), 665–675.

Newman, N., Fletcher, R., Kalogeropoulos, A., Levy, D. A., & Nielsen, R. K. (2017). Reuters digital 
news report.

https://doi.org/10.1177/0022243720940693


 Italian Journal of Marketing

1 3

Olson, J.C., & Jacoby, J. (1972). Cue utilization in the quality perception process. In: Proceedings of 
the Third Annual Conference of the Association for Consumer Research. Association for Consumer 
Research, pp. 167–179.

Pennycook, G., & Rand, D. G. (2019). Lazy, not biased: Susceptibility to partisan fake news is better 
explained by lack of reasoning than by motivated reasoning. Cognition, 188, 39–50.

Pennebaker, J. W., Boyd, R. L., Jordan, K., & Blackburn, K. (2015). The development and psychometric 
properties of LIWC2015. Retrieved from: https:// repos itori es. lib. utexas. edu/ handle/ 2152/ 31333.

Pennycook, G., Cheyne, J. A., Barr, N., Koehler, D. J., & Fugelsang, J. A. (2015). On the reception and 
detection of pseudo-profound bullshit. Judgment and Decision Making, 10(6), 549–563.

Pennycook, G., Cannon, T. D., & Rand, D. G. (2018). Prior exposure increases perceived accuracy of 
fake news. Journal of Experimental Psychology: General, 147(12), 1865.

Pennycook, G., Cheyne, J. A., Seli, P., Koehler, D. J., & Fugelsang, J. A. (2012). Analytic cognitive style 
predicts religious and paranormal belief. Cognition, 123(3), 335–346.

Pezzuti, T., Leonhardt, J. M., & Warren, C. (2021). Certainty in language increases consumer engage-
ment on social media. Journal of Interactive Marketing, 53(3), 32–46. https:// doi. org/ 10. 1016/j. int-
mar. 2020. 06. 005.

Qian, N., Wang, X., Fu, Y., Zhao, Z., Xu, J., & Chen, J. (2020). Predicting heat transfer of oscillating 
heat pipes for machining processes based on extreme gradient boosting algorithm. Applied Thermal 
Engineering, 164, 114521.

Quattrociocchi, W., Scala, A., & Sunstein, C. R. (2016). Echo chambers on Facebook. Available at SSRN 
2795110.

Ridgeway, G. (1999). The state of boosting. Computing Science and Statistics, 31, 172–181.
Ridgeway, G., & Ridgeway, M. G. (2004). The gbm package. R Foundation for Statistical Computing, 

Vienna, Austria, 5(3).
Schmidt, A. L., Zollo, F., Del Vicario, M., Bessi, A., Scala, A., Caldarelli, G., Stanley, H. E., & Quat-

trociocchi, W. (2017). Anatomy of news consumption on Facebook. Proceedings of the National 
Academy of Sciences, 114(12), 3035–9.

Schmidt, A. L., Zollo, F., Scala, A., Betsch, C., & Quattrociocchi, W. (2018). Polarization of the vaccina-
tion debate on Facebook. Vaccine, 36(25), 3606–3612.

Shin, J., Jian, L., Driscoll, K., & Bar, F. (2018). The diffusion of misinformation on social media: Tempo-
ral pattern, message, and source. Computers in Human Behavior, 83, 278–287.

Swami, V., Voracek, M., Stieger, S., Tran, U. S., & Furnham, A. (2014). Analytic thinking reduces belief 
in conspiracy theories. Cognition, 133(3), 572–585.

Statista. (2021). Leading countries based on number of Twitter users as of January 2021. Retrieved from: 
https:// www. stati sta. com/ stati stics/ 242606/ number- of- active- twitt er- users- in- selec ted- count ries 
(April 26, 2021).

Talwar, S., Dhir, A., Singh, D., Virk, G. S., & Salo, J. (2020). Sharing of fake news on social media: 
Application of the honeycomb framework and the third-person effect hypothesis. Journal of Retail-
ing and Consumer Services, 57, 102197.

Tandoc, E. C., Jr., Lim, Z. W., & Ling, R. (2018). Defining “fake news” A typology of scholarly defini-
tions. Digital Journalism, 6(2), 137–153.

Tausczik, Y. R., & Pennebaker, J. W. (2010). The psychological meaning of words: LIWC and computer-
ized text analysis methods. Journal of Language and Social Psychology, 29(1), 24–54.

Tellis, G. J., MacInnis, D. J., Tirunillai, S., & Zhang, Y. (2019). What drives virality (sharing) of online 
digital content? The critical role of information, emotion, and brand prominence. Journal of Market-
ing, 83(4), 1–20.

Therneau, T. M., & Atkinson, E. J. (1997). An introduction to recursive partitioning using the RPART 
routines (Vol. 61, p. 452). Mayo Foundation: Technical report.

Unkelbach, C., Koch, A., Silva, R. R., & Garcia-Marques, T. (2019). Truth by repetition: Explanations 
and implications. Current Directions in Psychological Science, 28(3), 247–253.

Vafeiadis, M., Bortree, D. S., Buckley, C., Diddi, P., & Xiao, A. (2019). Refuting fake news on social 
media: nonprofits, crisis response strategies and issue involvement. Journal of Product and Brand 
Management. https:// doi. org/ 10. 1108/ JPBM- 12- 2018- 2146

Valsesia, F., Proserpio, D., & Nunes, J. C. (2020). The positive effect of not following others on social 
media. Journal of Marketing Research. https:// doi. org/ 10. 1177/ 00222 43720 915467

van der Meer, T. G., & Jin, Y. (2020). Seeking formula for misinformation treatment in public health cri-
ses: The effects of corrective information type and source. Health Communication, 35(5), 560–575. 
https:// doi. org/ 10. 1080/ 10410 236. 2019. 15732 95

https://repositories.lib.utexas.edu/handle/2152/31333
https://doi.org/10.1016/j.intmar.2020.06.005
https://doi.org/10.1016/j.intmar.2020.06.005
https://www.statista.com/statistics/242606/number-of-active-twitter-users-in-selected-countries
https://doi.org/10.1108/JPBM-12-2018-2146
https://doi.org/10.1177/0022243720915467
https://doi.org/10.1080/10410236.2019.1573295


1 3

Italian Journal of Marketing 

Visentin, M., & Tuan, A. (2020). Book belly band as a visual cue: Assessing its impact on consumers’ in-
store responses. Journal of Retailing and Consumer Services, 102359.

Visentin, M., Pizzi, G., & Pichierri, M. (2019). Fake news, real problems for brands: The impact of con-
tent truthfulness and source credibility on consumers’ behavioral intentions toward the advertised 
brands. Journal of Interactive Marketing, 45, 99–112.

Vosoughi, S., Roy, D., & Aral, S. (2018). The spread of true and false news online. Science, 359(6380), 
1146–1151.

Wedel, M., & Pieters, R. (2014). The buffer effect: The role of color when advertising exposures are brief 
and blurred. Marketing Science, 34, 134–143. https:// doi. org/ 10. 1287/ mksc. 2014. 0882.

WHO. (2020). Munich Security Conference, 15 February 2020, https:// www. who. int/ dg/ speec hes/ detail/ 
munich- secur ity- confe rence.

Wu, L., & Lee, C. (2016). Limited edition for me and best seller for you: The impact of scarcity versus 
popularity cues on self versus other-purchase behavior. Journal of Retailing, 92, 486–499. https:// 
doi. org/ 10. 1016/j. jretai. 2016. 08. 001.

Xu, W. W., & Zhang, C. (2018). Sentiment, richness, authority, and relevance model of information 
sharing during social Crises—The case of# MH370 tweets. Computers in Human Behavior, 89, 
199–206.

Yang, K. C., Torres-Lugo, C., & Menczer, F. (2020). Prevalence of low-credibility information on twitter 
during the covid-19 outbreak. arXiv preprint  arXiv: 2004. 14484.

Zhang, M., Jansen, B. J., & Chowdhury, A. (2011). Business engagement on Twitter: a path analysis. 
Electronic Markets, 21(3), 161.

Zhou, L., Burgoon, J. K., Twitchell, D. P., Qin, T., & Nunamaker, J. F, Jr. (2004). A Comparison of 
Classification Methods for Predicting Deception in Computer-Mediated Communication. Journal of 
Management Information Systems, 20(4), 139–166. https:// doi. org/ 10. 1080/ 07421 222. 2004. 11045. 
779.

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published 
maps and institutional affiliations.

https://doi.org/10.1287/mksc.2014.0882
https://www.who.int/dg/speeches/detail/munich-security-conference
https://www.who.int/dg/speeches/detail/munich-security-conference
https://doi.org/10.1016/j.jretai.2016.08.001
https://doi.org/10.1016/j.jretai.2016.08.001
https://arxiv.org/abs/2004.14484
https://doi.org/10.1080/07421222.2004.11045.779
https://doi.org/10.1080/07421222.2004.11045.779

	Linguistic drivers of misinformation diffusion on social media during the COVID-19 pandemic
	Abstract
	1 Introduction
	2 Fake news and misinformation
	3 Textual and non-textual cue stimulating retweets
	3.1 Textual cues
	3.2 Non-textual cues

	4 Empirical analysis
	4.1 Results
	4.2 Predictive analysis

	5 Conclusion
	References




