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Abstract

Events that capture the public’s attention are saturated with causal uncertainty (i.e., uncertainty about why things happen). Yet, little is known
about the type of language that is favored when communicating such events. We study this issue in the context of social media, as social media
platforms are powerful tools for communication in politics and business, especially during times of heightened causal uncertainty. When causal
uncertainty is high, people should evaluate more favorably messages that help relieve such uncertainty. Germane to our research, previous work
has shown that abstract thinking helps reduce causal uncertainty, and that the goal to reduce causal uncertainty increases the desire for abstract
thinking. We extend these findings to better understand the role of causal uncertainty in social interactions and message engagement. Using data
from natural social media communications and experiments based on high-profile events, we demonstrate that individuals react more positively to
abstract (vs. concrete) messages in situations of heightened causal uncertainty. Importantly, this effect is stronger when the message source is
socially prominent, and hence, the message carries greater diagnosticity. Our results indicate that increasing the abstractness of a tweet by a
standard deviation increases the average number of likes it receives by 10.25% and retweets by 4.07%. When originating from a source with a
standard deviation of more followers than the average user, these messages receive 15.80% and 5.98% more likes and retweets, respectively.
Beyond the clear managerial implications of our findings, we provide unique insights into why simplified causal explanations for complex
problems may win over an audience during times of causal uncertainty.
© 2019 Direct Marketing Educational Foundation, Inc. dba Marketing EDGE. All rights reserved.
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Introduction

Many news events that shock the public are saturated with
causal uncertainty, i.e., a lack of understanding about why things
happen. The need to understand causality is a powerful motivator
(Weary and Edwards, 1996; Wong and Weiner, 1981), which
may explain why unresolved causal uncertainty is associated
with a host of negative psychological states, such as anxiety and
a perceived lack of control (Tobin and Raymundo, 2010). As
such, communication is often a necessity in times of high causal
uncertainty, particularly from leaders and other prominent
members of society. Furthermore, ineffective communication
during times of high causal uncertainty, such as business
disasters, national tragedies, and political upheavals, can result
in a significant economic loss and turmoil (Brenner, 2017; Chen,
2009; Ferracone, 2016; Torossian, 2016). Yet, it is not clear what
type of language is more effective under such circumstances
(King, Racherla, and Bush, 2014).

The present research examines what type of language is
more positively received during times of heightened causal
uncertainty, and the moderating role of the social prominence
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of the message source, in the context of social media
communication. We focus on social media since they have
emerged as powerful tools for individuals to directly commu-
nicate with others in times of causal uncertainty (Bravo, 2016;
Verma et al., 2011). The importance of our research question is
also reflected in the US government’s investment in studying
how to better utilize social media for managing crises, many of
which generate significant causal uncertainty (Fraustino, Liu,
and Jin, 2012). Furthermore, understanding the role of the social
prominence of themessage source, and not just themessage alone,
is especially relevant tomarketing on socialmedia, as it is not only
ordinary individuals who use social media as a virtual megaphone
but also leaders and businesses striving to keep constituents and
consumers engaged and informed (Jansen et al., 2009; Digital
Daya, 2015; Gensler et al., 2013; Lapowsky, 2015). Effective
social media communication can be critical for influencing
individuals’ attitudes, preferences, and loyalty (Gensler et al.,
2013; Hollebeek, Glynn, and Brodie, 2014). This likely explains
why, for example, political marketing relies so heavily on social
media communication, with more than 90% of democratic world
leaders using Twitter by 2015. In business, an increasing number
of CEOs of Fortune 500 companies aswell as startups now rely on
social media to directly connect with their customers and
stakeholders (Gensler et al., 2013; Malhotra and Malhotra,
2015; Neal, 2017). Importantly, messages from such sources
can have a disproportionately large impact on themarket, which is
often reflected in stock prices (Davies and Helmore, 2018).

Using real-world Twitter and experimental data, our research
shows that heightened causal uncertainty increases individuals’
liking of messages that consist of more abstract (vs. concrete)
language. Furthermore, we find that this effect is even stronger
when messages originate from socially prominent sources whose
messages have greater perceived diagnosticity. These findings
suggest that marketing communication, especially if initiated by
those in leadership positions (e.g., CEOs or influencers), can
benefit from using abstract language when addressing an
audience about high causal uncertainty situations. On social
media, abstract messages may be promptly crafted and delivered
during times of causal uncertainty or to those who are more
likely to experience causal uncertainty, as such platforms allow
for highly personalized and targeted messaging.

The rest of the paper is organized as follows. First, we
discuss the importance of understanding the role of causal
uncertainty in social media communication. We then provide a
theoretical background to build up our hypotheses and an
overview of four studies. This is followed by a presentation of
our studies, including their methods and findings. Finally, we
discuss the managerial and theoretical implications of our work
as well as future research directions.

Causal uncertainty and social media communication

The present research is timely, as more people are turning to
social media to obtain news, much of which is saturated with
causal uncertainty (Mahmood and Sismeiro, 2017). In fact, a
majority of Twitter users rely on the platform for news
consumption (Rosenstiel et al., 2015). In addition, seeking
help from one’s online network to cope with epistemic
challenges is not uncommon—individuals who ask why in the
aftermath of events often turn to social media for information
and consolation (Bravo, 2016; Verma et al., 2011).

Previous studies offer useful, albeit limited, insights on the
type of language that an audience prefers under heightened causal
uncertainty. Research has shown what type of information is
sought and relied on when causal uncertainty is high (Edwards,
1998; Weary and Jacobson, 1997; Weary et al., 2006); however,
the effectiveness of the modes of language with which such
information is conveyed, such as message abstractness, has not
been investigated. Existing studies on social media communica-
tion have predominantly relied on semantic or sentiment analyses
without considering the types of events being referred to in the
communication (Berger, 2011; Naveed et al., 2011; Stieglitz and
Dang-Xuan, 2012). In fact, a recent review paper highlighted
important gaps in the literature of electronic word-of-mouth, and
emphasized the need to factor in the sociopsychological aspects
and to investigate the role of the message source to better
understand their influence on message effectiveness (King,
Racherla, and Bush, 2014, p. 176). The fact that social media,
unlike traditional forms of media, involve various forms of
audience engagement (e.g., liking, sharing, and replying), which
fulfill distinct social needs, further complicates understanding
this type of communication (Hanna, Rohm, and Crittenden,
2011; Hennig-Thurau et al., 2004).

Our research aimed to contribute to the causal uncertainty
and social media literature by analyzing both real-world and
experimental data based on high-profile events associated with
heightened causal uncertainty. We did this by studying how the
type of language and the role of the message source interact to
influence the extent to which a message is received favorably
by an audience.

Theories of causal uncertainty and abstraction

The need to reduce causal uncertainty activates a wide range
of cognitive and behavioral processes (Weary and Edwards,
1996; Weary, Tobin, and Edwards, 2010). Causal uncertainty
can activate accuracy motivations, leading individuals to exert
effort to gain a better causal understanding (Weary et al., 1993).
For example, causal uncertainty has been shown to predict a
tendency for individuals to seek more diagnostic information
(Weary and Jacobson, 1997) and to rely less on heuristics and
biases (Tobin et al., 2009; Vaughn and Weary, 2003; Weary and
Jacobson, 1997; Weary et al., 2001; Weary et al., 2006). The
goal to reduce causal uncertainty also leads to greater scrutiny
when evaluating causal arguments (Tobin and Weary, 2008).

A growing body of work extends these findings by
examining how causal uncertainty increases one’s desire for
abstract processing. Thinking about causality involves higher-
level, or more abstract, cognitive processes. For example, Rim,
Hansen, and Trope (2014) found that individuals primed with
an abstract (vs. concrete) mindset came up with a greater
number of causes (vs. consequences) of events. While this
study demonstrates that an abstract mindset makes it easier to
recall potential causes, another line of research shows that an



Table 1
Events associated with heightened causal uncertainty (Study 1A).

Identifier Event description Date #Tweets

E1 Marco Rubio dropping out of the US
presidential campaign

03/15/16 48,203

E2 Brussels airport bombing 03/22/16 68,289
E3 Orlando nightclub shooting 06/12/16 244,376
E4 Result of the U.K.’s European Union

membership referendum (also known as
“Brexit”) being officially announced

06/24/16 664,045

E5 Istanbul airport bombing 06/28/16 74,260
E6 Kevin Durant announcing to leave the

OKC Thunder to join the Golden State
Warriors

07/04/16 31,763

E7 Dwyane Wade announcing to leave the
Miami Heat to join the Chicago Bulls

07/07/16 32,148

E8 Attack in Nice, France, where a cargo
truck was driven into crowds on the
Promenade des Anglais

07/14/16 106,530

E9 Turkey coup attempt 07/15/16 120,705

Note: Events presented in chronological order by date of occurrence. #Tweets
indicate the number of tweets posted about the event.
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abstract mindset also simplifies causal relationships and
reduces causal uncertainty. Namkoong and Henderson (2014)
demonstrated that abstract thinking leads people to focus on
fewer, more central causes behind events, which alleviates
causal uncertainty about those events. This benefit of abstract
thinking, if learned and generalized over time, should increase
the desire for abstraction when individuals have the goal to
reduce causal uncertainty (Helzer and Edwards, 2012;
Namkoong and Henderson, 2016). As discussed next, we
built on these findings to develop hypotheses on how one’s
goal to reduce causal uncertainty through abstract thinking is
manifested in a social context.

Hypotheses based on social context

The literature on self-regulation highlights the importance of
social factors for a review, see (Fitzsimons and Finkel, 2010).
Studies have found that other people can play a supportive role
in one’s own goal pursuit (Fitzsimons and Finkel, 2011;
Fitzsimons and Shah, 2008) and, at times, may even allow a
goal to be satisfied vicariously through them (McCulloch et al.,
2011). The goal of reducing causal uncertainty (Weary and
Edwards, 1996; Wong and Weiner, 1981), then, should activate
one’s tendency to favor others and their messages that would
benefit one’s own causal uncertainty reduction process. Given
the role of abstraction in alleviating causal uncertainty
(Namkoong and Henderson, 2014), we predicted that height-
ened causal uncertainty would lead to a stronger preference for
a communication style that reflects more abstract (vs. concrete)
thinking. Hence, we hypothesized that, overall, messages on
social media that address events associated with heightened
causal uncertainty in more abstract language would be
evaluated more positively, i.e., be liked by more users (H1).

In social media communication, the evaluation of a message
is closely tied to the person who is communicating the message
(Levordashka et al., 2016). Hence, to better understand how the
goal to reduce causal uncertainty through abstraction is
manifested in a social setting, we focused on the moderating
role of the message source. Those with greater social
prominence, such as leaders and influencers, are typically
expected to have the resources and ability to provide reliable
information, which leads to them having a large follower base
(Kouzes and Posner, 1990). In addition, popularity among
individuals tends to increase perceived credibility (Jiménez and
Mendoza, 2013). Since causal uncertainty has been shown to
increase accuracy motivation and reliance on more diagnostic
information (Weary and Jacobson, 1997), we predicted that
heightened causal uncertainty should lead people to pay greater
attention to messages generated by those with higher social
prominence, leading to a differential response to abstract versus
concrete messages generated by them. In contrast, the
abstractness of the message should matter little in terms of the
audiences’ reaction when the source of the message has low
social prominence. That is, people are less likely to pay
attention to the source or to diligently process what the source
has to say when perceived diagnosticity is low. Hence, we
hypothesized an interaction in which those who are more (less)
socially prominent, as captured by their number of followers,
will benefit to a greater (weaker) degree in terms of message
liking when they use more abstract language to address
situations associated with heightened causal uncertainty (H2).

The present research is the first to examine how one’s
preference for an abstract cognitive process is manifested in
social interactions (e.g., on social media) and language
preferences, as individuals rely on others to help reduce causal
uncertainty. Furthermore, we expand the previous literature on
causal uncertainty and accuracy motivation by highlighting
how the preference of abstract communication varies with the
prominence of the message source.
Overview of studies

The present research utilized social media (i.e., Twitter) and
experimental data surrounding real-world events to examine our
hypotheses. Study 1A examined both H1 and H2 by analyzing
social media data consisting of millions of tweets in response to
events associated with high and low causal uncertainty. Study 1B
replicated these findings by comparing data before and after a
high causal uncertainty event. Study 2 provided causal evidence
for H1 by manipulating the levels of uncertainty surrounding an
event and the abstractness of the message about the event. In
Study 3, we tested H2 by manipulating causal uncertainty,
message abstractness, and the social prominence of the message
source. In addition to testing the proposed hypotheses regarding
message liking, we performed exploratory analyses regarding a
key downstream consequence, i.e., message sharing (or
retweeting), across all studies.
Study 1A

Studies 1A and 1B tested our hypotheses using Twitter data.
Study 1A captured users’ reactions to tweets regarding high-



Fig. 1. Data (scaled to 100 by Google) based on the search term “why [event keyword]” (e.g., “why rubio”). Trends show clear peaks in the causal uncertainty term
immediately following each event’s occurrence. To save space, we omitted periods in which no peaks were observed (25 was the highest search value during the
omitted periods). These periods are indicated by gray shades.
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profile events in 2016, such as national tragedies (e.g., the
Orlando nightclub shooting), sociopolitical disruptions (e.g.,
Brexit), and shocks in the sports industry (e.g., star players’
sudden announcements to move to a different team), all of
which generated significant causal uncertainty as verified
through online search trends. We also collected tweets in
reaction to Hurricane Matthew as a control event. This event,
which occurred during a similar period as our main events, was
a major natural disaster that likely scored high on other types of
uncertainty (e.g., where and when the hurricane would hit) but
low on causal uncertainty (e.g., why the hurricane occurred)
because the occurrence was completely forecasted.

Method

Selection of events with high causal uncertainty
Our dataset consisted of tweets posted in response to nine

events associated with heightened causal uncertainty (see
Table 2
Summary statistics of tweet- and user-specific variables of the E4 (Brexit)
dataset (Study 1A).

Variable Mean SD Min Max

#Word 16.05 5.20 4 35
#Like 2.55 47.70 0 22,577
#Retweet 1.74 32.36 0 15,012
#Follow 10,388 176,690 0 28,448,057
#Friend 1333 6457 0 1,128,327

Note: Table shows the average number of words (#Word), likes (#Like), and
retweets (#Retweet) for tweets, as well as the average number of followers
(#Follow) and friends (#Friend) for the users who posted the tweets. The last
four variables were log transformed in all analyses to adjust for skewness.
Table 1). The events were unexpected, which is a key factor
that induces causal uncertainty (Wong and Weiner, 1981). We
verified through search results from Google Trends that these
events were indeed likely associated with heightened causal
uncertainty. Specifically, we examined the extent to which
asking the question why, the simplest word people use to
express causal uncertainty, spiked after each event’s origination
(see Fig. 1).

In addition to the nine high causal uncertainty events, we
collected Twitter data in response to Hurricane Matthew, the
biggest hurricane of 2016, as a control (number of observations
was 3256).1 Like many of the events in the main data, the
hurricane was negative; but unlike those events, the hurricane
was completely forecasted. Naturally, the type of uncertainty
surrounding the hurricane was less likely to be about why it
happened, and more about its predictability and outcome, such
as what would happen, when it would happen, and how to
prepare for it. For example, the Google search trend data on
October 1 (the date when the hurricane peaked and became a
Category 5 storm, two days prior to hitting the United States,
and on which our Twitter data were collected) showed that
searches for “how Matthew” (100), “what Matthew” (92), and
“when Matthew” (50) surged, but not “why Matthew” (7).
Hence, compared to the events in the main data, we expected to
1 Since causal uncertainty is often a driver of social communication, it is not
surprising we had a smaller number of observations in the control event
compared to events in the main data; nonetheless, a power analysis revealed that
our sample size provides sufficient power (N0.999) to detect a small effect
(0.02; Cohen 1988) in linear models, if it is present at the 0.05 significance
level.



Table 3
The summary statistics of linguistic scores calculated for the E4 (Brexit) dataset
(Study 1A).

Variable Mean SD Min 25% Median 75% Max

Abstraction 2.49 0.33 0.02 2.30 2.53 2.72 3.62
Polarity 0.06 0.28 -1.00 0.00 0.00 0.20 1.00

Note: Summary statistics of abstraction and polarity scores of tweets in the E4
(Brexit) dataset.
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find a weaker or insignificant effect of abstraction on message
liking in the control event.

Data
We collected tweets through Twitter’s search API, which

allowed us to identify and download tweets posted in response
to an event through a combination of keywords and hashtags
(e.g., #Brexit). We used tweets posted within 24 hours of each
event’s occurrence when causal uncertainty was likely to be the
strongest. Keeping to a brief period of time following the events
minimizes potential confounds, such as temporal distance or
the unfolding of related events (e.g., media coverage). Note
that, in all analyses, we controlled for the time elapsed (in
minutes) since the event.

We collected tweets posted in English, so we could use
available dictionaries for natural language processing. In
addition to the text of each tweet, we collected standard
metadata associated with it, including how many individuals
liked and retweeted the tweet and when the tweet was posted.
We also collected data on the user who posted the tweet, i.e.,
the number of Twitter friends (other individuals the user
followed) and followers (other individuals who followed the
user) at the time. We log transformed the number of likes,
retweets, friends, and followers in all the analyses to reduce
skewness. Table 2 shows the summary statistics of these
variables. Note that we used E4 (Brexit) to present statistics
because it had the largest number of tweets, and as all the other
datasets showed consistent patterns.

Construction of linguistic scores
We augmented the Twitter data with linguistic scores to

capture the levels of abstraction and emotionality of each
Table 4
Test of H1 (Study 1A).

E1 E2 E3 E4 E5

Intercept 0.22⁎⁎ −0.72⁎⁎ −0.89⁎⁎ −0.53⁎⁎ −0.42⁎
Abstract 0.04⁎⁎ 0.34⁎⁎ 0.45⁎⁎ 0.08⁎⁎ 0.41⁎⁎

Polarity 0.15⁎⁎ −0.01 −0.05⁎⁎ −0.00 −0.00
#Word 0.01⁎⁎ 0.02⁎⁎ 0.03⁎⁎ 0.02⁎⁎ 0.02⁎⁎

#Follow 0.22⁎⁎ 0.26⁎⁎ 0.27⁎⁎ 0.18⁎⁎ 0.19⁎⁎

#Friend −0.11⁎⁎ −0.10⁎⁎ −0.09⁎⁎ −0.05⁎⁎ −0.05⁎
Time −0.07⁎⁎ −0.02⁎⁎ −0.02⁎⁎ −0.02⁎⁎ −0.06⁎
R2 0.17 0.29 0.25 0.16 0.26

Note: Regression coefficients when using the abstraction score (Abstract) as the main
event’s occurrence), #Follow (number of people following the message source),
transformed to reduce skewness. ⁎ p b .05. ⁎⁎ p b .01.
tweet. We captured the abstractness of a tweet using the
dictionary and scoring system created by Brysbaert,
Warriner, and Kuperman (Brysbaert et al., 2014), which
was recently applied to examine how psychological distance
affects language construal on Twitter (Snefjella and
Kuperman, 2015). We inversed this index so that higher
scores (on a 1–5 scale) indicated more abstract (vs.
concrete) language, and we mean-centered the variable for
analyses. We captured the level of emotionality with
TextBlob, a widely used natural language processing library
for Python that evaluates each tweet as a whole to create a
polarity score ranging between −1 and 1, where larger
negative (positive) values indicate stronger negative (posi-
tive) sentiment. Table 3 shows the summary statistics of
both linguistic scores.

Results

Test of H1
We regressed each tweet’s like-count score on its

abstraction score and the control variables described earlier.
Note that the control variables we added to our models
altered neither the signs nor the significance of the
estimates. As indicated by the summary of results
presented in Table 4, we found strong support for H1;
that is, the consistently positive and significant coefficients
of the Abstract variable in E1 through E9, and an
insignificant coefficient of the same variable in the control
event (Ctrl), together indicated that more abstract tweets
were liked more by the audience in situations of high (vs.
low) causal uncertainty.

In addition to our main findings, other notable patterns
consistent across events were that tweets that were longer
and/or posted closer to the event were liked more.
Messages from more socially prominent sources (i.e.,
those with more followers) were also liked more by the
audience.

Test of H2
Next, we investigated if, above and beyond the main effect

of message abstractness, an interaction occurred in which this
effect was moderated by the social prominence of the message
E6 E7 E8 E9 Ctrl

⁎ −0.48⁎⁎ −0.33⁎⁎ −0.17⁎⁎ −0.39⁎⁎ −0.41⁎⁎
0.21⁎⁎ 0.10⁎⁎ 0.38⁎⁎ 0.25⁎⁎ 0.07
−0.10⁎⁎ 0.04⁎⁎ −0.11⁎⁎ 0.04⁎⁎ 0.10
0.01⁎⁎ 0.01⁎⁎ 0.02⁎⁎ 0.02⁎⁎ 0.02⁎⁎

0.22⁎⁎ 0.23⁎⁎ 0.19⁎⁎ 0.21⁎⁎ 0.26⁎⁎
⁎ −0.08⁎⁎ −0.11⁎⁎ −0.05⁎⁎ −0.07⁎⁎ −0.12⁎⁎
⁎ −0.02⁎⁎ −0.03⁎⁎ −0.11⁎⁎ −0.07⁎⁎ −0.05⁎⁎

0.17 0.16 0.25 0.24 0.28

predictor along with covariates to predict like-count. Time (minutes since each
and #Friend (number of people the message source is following) were log



Table 5
Test of H2 (Study 1A).

E1 E2 E3 E4 E5 E6 E7 E8 E9 Ctrl

Intercept 1.45⁎⁎ 1.05⁎⁎ 0.85⁎⁎ 0.59⁎⁎ 0.86⁎⁎ 0.86⁎⁎ 1.06⁎⁎ 1.15⁎⁎ 0.96⁎⁎ 1.52⁎⁎

Abstract 0.04⁎⁎ 0.33⁎⁎ 0.44⁎⁎ 0.07⁎⁎ 0.42⁎⁎ 0.20⁎⁎ 0.09⁎⁎ 0.38⁎⁎ 0.25⁎⁎ 0.07
#Follow 0.22⁎⁎ 0.27⁎⁎ 0.27⁎⁎ 0.18⁎⁎ 0.19⁎⁎ 0.22⁎⁎ 0.23⁎⁎ 0.20⁎⁎ 0.21⁎⁎ 0.26⁎⁎

Abstract × follow 0.03⁎⁎ 0.06⁎⁎ 0.09⁎⁎ 0.03⁎⁎ 0.09⁎⁎ 0.05⁎⁎ 0.08⁎⁎ 0.07⁎⁎ 0.06⁎⁎ 0.02
Polarity 0.15⁎⁎ −0.01 −0.05⁎⁎ −0.00 −0.01 −0.10⁎⁎ 0.04⁎⁎ −0.11⁎⁎ 0.04⁎⁎ 0.10
#Word 0.01⁎⁎ 0.02⁎⁎ 0.03⁎⁎ 0.02⁎⁎ 0.02⁎⁎ 0.01⁎⁎ 0.01⁎⁎ 0.02⁎⁎ 0.02⁎⁎ 0.02⁎⁎

#Friend −0.11⁎⁎ −0.11⁎⁎ −0.09⁎⁎ −0.05⁎⁎ −0.05⁎⁎ −0.08⁎⁎ −0.11⁎⁎ −0.05⁎⁎ −0.07⁎⁎ −0.12⁎⁎
Time −0.07⁎⁎ −0.02⁎⁎ −0.03⁎⁎ −0.02⁎⁎ −0.07⁎⁎ −0.02⁎⁎ −0.03⁎⁎ −0.11⁎⁎ −0.07⁎⁎ −0.05⁎⁎
R2 0.17 0.30 0.26 0.16 0.27 0.17 0.16 0.25 0.25 0.28

Note: Regression coefficients when using the abstraction score (Abstract) and number of followers (#Follow), both mean-centered, and their interaction as the main
predictors along with covariates to predict like-count. ⁎ p b .05. ⁎⁎ p b .01.
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source (H2). We added to the previous model an interaction
term between the abstraction score for each tweet and the
number of individuals following the user who posted the tweet
(Abstract × Follow). The dependent variable was the like-count
of the tweet. We found strong support for H2, as the positive
interaction we predicted was significant across all main events,
but not for the control event (Table 5). That is, the tendency for
more abstract tweets to be liked was stronger (weaker) among
those who had a larger (smaller) number of followers, but only
for events associated with heightened causal uncertainty.
Figure 2 shows the plots of the predicted values depicting this
interaction.
Fig. 2. Plots of the interaction confirming H2 (Study 1A). Plots depict an interaction
the tweet (mean-centered) on the tweet’s like-count. For ease of interpretation, the
charts.
Exploratory analyses of message sharing (i.e., retweeting).

A positive evaluation of a tweet may have important
downstream consequences, such as message sharing, which
amplifies the reach of a message beyond just direct followers.
Indeed, we found a strong positive correlation between
message liking and retweeting across all events (rs N 0.70, ps
b 0.001). We repeated the analyses for our hypotheses, using
retweet-count rather than like-count as the dependent variable.
First, we tested an extension of H1 and found that the
abstraction score had a positive and significant effect across
between the number of followers of the source (log) and the abstraction score of
nontransformed like-count is presented. Both axes are scaled uniformly across



Table 6
Exploratory analyses using retweet-count as the outcome variable in relation to H1 (Study 1A).

E1 E2 E3 E4 E5 E6 E7 E8 E9 Ctrl

Intercept 0.06⁎ −0.44⁎⁎ −0.82⁎⁎ −0.51⁎⁎ −0.45⁎⁎ −0.59⁎⁎ −0.49⁎⁎ −0.24⁎⁎ −0.58⁎⁎ −0.40⁎⁎
Abstract −0.01 0.11⁎⁎ 0.19⁎⁎ 0.03⁎⁎ 0.20⁎⁎ 0.07⁎⁎ 0.03⁎⁎ 0.16⁎⁎ 0.14⁎⁎ −0.02
Polarity 0.08⁎⁎ 0.04⁎⁎ −0.00 0.00 0.00 −0.04⁎⁎ 0.02⁎ −0.06⁎⁎ 0.00 0.04
#Word 0.00⁎⁎ 0.01⁎⁎ 0.01⁎⁎ 0.01⁎⁎ 0.01⁎⁎ 0.01⁎⁎ 0.01⁎⁎ 0.01⁎⁎ 0.01⁎⁎ −0.16⁎⁎
#Follow 0.18⁎⁎ 0.29⁎⁎ 0.27⁎⁎ 0.18⁎⁎ 0.24⁎⁎ 0.19⁎⁎ 0.20⁎⁎ 0.22⁎⁎ 0.25⁎⁎ 0.29⁎⁎

#Friend −0.10⁎⁎ −0.12⁎⁎ −0.09⁎⁎ −0.06⁎⁎ −0.07⁎⁎ −0.07⁎⁎ −0.09⁎⁎ −0.07⁎⁎ −0.09⁎⁎ −0.13⁎⁎
Time −0.05⁎⁎ −0.06⁎⁎ −0.03⁎⁎ −0.02⁎⁎ −0.09⁎⁎ −0.01⁎⁎ −0.02⁎⁎ −0.100⁎⁎ −0.05⁎⁎ −0.02
R2 0.17 0.35 0.28 0.20 0.31 0.21 0.21 0.30 0.30 0.29

Note: Regression coefficients when using the abstraction score (Abstract) as the main predictor along with covariates to predict retweet-count. The Time variable
captures the number of minutes (log) since each event’s occurrence. * p b .05. ** p b .01.

87J.-E. Namkoong et al. / Journal of Interactive Marketing 45 (2019) 81–98
all events except for one high causal uncertainty event and the
control event (see Table 6). The size of the coefficients also
indicated that the effect sizes were consistently smaller
compared to when like-count was used as the dependent
variable.

We then tested an extension of H2 using retweet-count as
the dependent variable. The results showed a significant
interaction between the abstraction score and the number of
followers in all but two events in the main data and the control
(see Table 7). For the seven events that revealed a significant
effect, the positive interaction term indicated a greater (weaker)
tendency for more abstract tweets to be retweeted when coming
from someone with a larger (smaller) number of followers. The
effect sizes were again consistently smaller compared to when
like-count was used as the dependent variable.

Discussion

The findings of Study 1A confirmed our hypotheses. We
found support for our theory that when individuals turn to their
social networks to deal with heightened causal uncertainty, they
prefer language from others that reflects more abstract thinking.
This is consistent with the notion that one’s goal to reduce
causal uncertainty leads to a proclivity for abstraction, which
helps simplify how causal relationships are cognitively
represented (Helzer and Edwards, 2012; Namkoong and
Henderson, 2014). Above and beyond the main effect of
message abstractness on liking, we also found that the effect
was stronger when the message originated from a source with
Table 7
Exploratory analyses using retweet-count as the outcome variable in relation to H2

E1 E2 E3 E4 E

Intercept 0.06⁎ −0.44⁎⁎ −0.82⁎⁎ −0.51⁎⁎ −
Abstract 0.00 0.09⁎⁎ −0.03⁎ 0.01 −
#Follow 0.18⁎⁎ 0.29⁎⁎ 0.27⁎⁎ 0.18⁎⁎ 0
Abstract × follow −0.00 0.00 0.03⁎⁎ 0.00⁎ 0
Polarity 0.08⁎⁎ 0.04⁎⁎ −0.00 0.00 0
#Word 0.00⁎⁎ 0.01⁎⁎ 0.01⁎⁎ 0.01⁎⁎ 0
#Friend −0.10⁎⁎ −0.12⁎⁎ −0.09⁎⁎ −0.06⁎⁎ −
Time −0.05⁎⁎ −0.06⁎⁎ −0.03⁎⁎ −0.02⁎⁎ −
R2 0.17 0.35 0.28 0.20 0

Note: Regression coefficients when using the abstraction score (Abstract) and numbe
predictors along with covariates to predict retweet-count. * p b .05. ** p b .01.
greater social prominence. Presumably, this moderation oc-
curred because of the greater perceived diagnosticity, which is
an important consideration for information search among those
with high causal uncertainty (Weary and Jacobson, 1997).
Importantly, such effects were not observed in individuals’
responses to a control event associated with lower causal
uncertainty.

In addition, the above effects were observed when message
sharing was used as the outcome variable. This further highlights
the managerial implications of our findings, as facilitating
message sharing is especially relevant for word-of-mouth
strategies. The effect sizes, however, were smaller compared to
when like-count was the dependent variable. This is consistent
with previous research showing that social media communica-
tion is driven by a variety of motives (Hennig-Thurau et al.,
2004). Retweeting a message may be influenced by motives
beyond liking, such as a call for action or crowdsourcing, due to
its more public nature (Nagarajan, Purohit, and Sheth, 2010)
such messages may involve concrete requests or actionable
information (Verma et al., 2011). Hence, the value of concrete
messages in these cases may offset the effect of abstract language
to some extent when users consider retweeting.

Study 1A provided results that support our hypotheses
across a wide range of events using real-world data. While the
study provided external validity and demonstrated the breadth
of our effects, the comparison between high and low causal
uncertainty was made across different events. Naturally, there is
variation across events that cannot be fully accounted for in
observational data. Indeed, we found a significant variation in
(Study 1A).

5 E6 E7 E8 E9 Ctrl

0.45⁎⁎ −0.59⁎⁎ −0.50⁎⁎ −0.24⁎⁎ −0.59⁎⁎ 1.51⁎⁎

0.05⁎⁎ −0.16⁎⁎ −0.27⁎⁎ −0.00 −0.06⁎⁎ −0.03
.24⁎⁎ 0.20⁎⁎ 0.20⁎⁎ 0.22⁎⁎ 0.25⁎⁎ 0.29⁎⁎

.04⁎⁎ 0.04⁎⁎ 0.05⁎⁎ 0.02⁎⁎ 0.03⁎⁎ −0.02

.00 −0.04⁎⁎ 0.02⁎ −0.06⁎⁎ 0.00 0.04

.01⁎⁎ 0.01⁎⁎ 0.01⁎⁎ 0.01⁎⁎ 0.01⁎⁎ 0.02
0.07⁎⁎ −0.07⁎⁎ −0.09⁎⁎ −0.07⁎⁎ −0.09⁎⁎ −0.14
0.09⁎⁎ −0.01⁎⁎ −0.02⁎⁎ −0.10⁎⁎ −0.05⁎⁎ −0.02
.32 0.21 0.21 0.30 0.30 0.29

r of followers (# Follow), both mean-centered, and their interaction as the main



Table 8
Test of H1 using tweets about Anthony Bourdain before his suicide (low causal
uncertainty; “Low CU”) and after his suicide (high causal uncertainty; “High
CU”) with like-count and retweet-count as dependent variables (Study 1B).

Like-count Retweet-count

Before suicide After suicide Before suicide After suicide

(Low CU) (High CU) (Low CU) (High CU)

Intercept −0.34 −0.29** −0.04 −0.31**
Abstract 0.01 0.30** −0.01 0.07**
#Follow 0.24** 0.33** 0.14** 0.23**
Polarity 0.13* 0.14** 0.01 0.06**
#Word 0.01** 0.02** 0.00** 0.01**
#Friend −0.16** −0.18** −0.11** −0.13**
Time 0.03 −0.06** −0.01 −0.04**
R2 0.21 0.30 0.20 0.27

Note: ⁎ p b .05. ⁎⁎ p b .01.

88 J.-E. Namkoong et al. / Journal of Interactive Marketing 45 (2019) 81–98
effect sizes even within the high causal uncertainty events—the
strongest effects were found with the four terrorist attacks,
while the remaining five events, consisting of disruptions in
politics and sports, showed weaker effects, possibly because the
latter were more polarizing (e.g., those who voted for Brexit
may have experienced lower causal uncertainty compared to
those who were against Brexit). To better account for such
factors, the next study was designed to make comparisons
within an event to test our hypotheses.
Study 1B

In Study 1A, we compared individuals’ reactions to
messages that addressed events likely associated with high
versus low causal uncertainty. Comparing between high and
low causal uncertainty events, however, can introduce noise in
the data due to event-specific factors as discussed earlier. To
strengthen the validity of our findings, we identified the person
Anthony Bourdain as a subject that was appropriate for a
within-subject comparison. Specifically, we focused on tweets
about Bourdain before and after his suicide. While tragic, his
suicide marked an appropriate comparison point for this study
because (a) it allowed us to establish a clear time at which before
Table 9
Test of H2 using tweets about Anthony Bourdain before his suicide (low causal
uncertainty; “Low CU”) and after his suicide (high causal uncertainty; “High
CU”) with like-count and retweet-count as dependent variables (Study 1B).

Like-count Retweet-count

Before suicide After suicide Before suicide After suicide

(Low CU) (High CU) (Low CU) (High CU)

Intercept 1.11** 1.80** 0.81** 1.12**
Abstract 0.02 0.28** −0.01 0.05**
#Follow 0.24** 0.34** 0.14** 0.23**
Abstract ×
follow

−0.03 0.14** −0.03* 0.06**

Polarity 0.13* 0.14 0.01 0.06**
#Word 0.01** 0.02 0.00** 0.01**
#Friend −0.16** −0.18** −0.11** −0.13**
Time 0.03 −0.06** −0.01 −0.04**
R2 0.21 0.31 0.20 0.27

Note: ⁎ p b .05. ⁎⁎ p b .01.
and after comparisons could be made (i.e., when the news broke
at 7:30 AM, June 8, 2018), (b) we were confident that causal
uncertainty regarding Anthony Bourdain was low prior to his
suicide and high after the suicide due to the significant, negative,
and completely unexpected nature of the event, which was also
supported by the increase in the Google search term “why
Anthony Bourdain” following the event, (c) the name Anthony
Bourdain, being a proper noun with no other meaning or publicly
known person, allowed us to obtain a set of before and after data
specific to the person with minimal noise or confounds, and
finally (d) there was a sufficient number of tweets regarding
Anthony Bourdain both before and after his suicide.2
Method

Tweets and their associated metadata were collected the
same way as in Study 1A using Twitter’s search API. We
collected tweets mentioning Anthony Bourdain a week before
the suicide news broke (1798 tweets)3 and 24 hours after the
news broke (209,946 tweets).
Results

We repeated the analyses from Study 1A for both the before-
suicide (low causal uncertainty) and after-suicide (high causal
uncertainty) dataset. For each dataset, the like-count and
retweet-count of a tweet were regressed on the tweet’s
abstraction score and control variables. As shown in Table 8,
we found strong support for H1; that is, the coefficients of the
Abstract variable on message liking and retweeting were
insignificant before the suicide (when causal uncertainty was
presumably low) but significant after the suicide (when causal
uncertainty was presumably high).

We then examined whether the social prominence of the
message source moderated the effect of message abstractness,
specifically by adding to the previous models an interaction
term between the abstraction score for each tweet and the
number of individuals following the user who posted the tweet
(Abstract × Follow). As shown in Table 9, H2 was also
confirmed. The interaction was positive and significant in the
after-suicide dataset when predicting both the like-count and
retweet-count. In the before-suicide dataset, on the other hand,
the interaction term was either insignificant (when predicting
the like-count) or significant in the negative direction (when
predicting the retweet-count). Figure 3 depicts the interaction
term predicting the like-count before and after the suicide.
2 Kate Spade (fashion designer) had also committed suicide around the same
period. However, because Kate Spade’s brand name was identical to her
personal name and she was not active publicly, the before data would consist
mostly of product/brand promotions while the after data would consist mostly
of her suicide. An attempt to work around this confound by searching for tweets
that referred to her personal Twitter account (@KateSpade) only yielded 17
tweets during the week prior to her suicide giving us an insufficient number of
observations to make comparisons with.
3 There were only 107 tweets about Anthony Bourdain 24 hours prior to his

suicide; hence we extended the period to one week to reach a sample size that
provided sufficient power (N0.99) to detect a small effect.



Fig. 3. Plots depict the interaction between the number of followers of the source (log) and the abstraction score of the tweet (mean-centered) on the tweet’s like-
count, before and after Anthony Bourdain’s suicide (Study 1B). For ease of interpretation, the nontransformed like-count is presented.
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Discussion

The findings of Study 1B replicated the results of Study 1A.
We found that users’ preference for and sharing of more
abstract messages increased as the causal uncertainty surround-
ing the same subject became greater (H1), an effect that was
amplified when the source of the message was socially
prominent (H2). While Studies 1A and 1B demonstrated the
proposed effects using real-world Twitter data, they ultimately
relied on correlational evidence, and hence, were subject to
potential confounds, such as measurement errors or self-
selection in terms of those who generated and responded to
tweets. In the following studies, we used controlled experi-
ments in which we manipulated causal uncertainty and the
abstractness of the message (Study 2) as well as the social
prominence of the message source (Study 3).

Study 2

The previous study offered correlational evidence supporting
both hypotheses by observing consumers’ real social media
activity in response to a wide range of events associated with
high (vs. low) causal uncertainty.We complemented these findings
with experimental data in Studies 2 and 3, which tested H1 andH2,
respectively. These experiments were designed around a real-
world event (i.e., Amtrak train derailment that occurred in
Washington on December 18, 2017).

Study 2 tested H1 by manipulating uncertainty and
presenting a tweet that was either abstract or concrete. To
demonstrate that the liking of more abstract messages is indeed
driven by heightened causal uncertainty, we elicited either high
or low causal uncertainty or a different type of uncertainty (i.e.,
outcome uncertainty), based on the prediction that abstract
messages would be liked more than concrete ones only in the
high causal uncertainty condition. High causal uncertainty
regarding the incident should lead to a greater liking of abstract
messages about the incident, based on the notion that abstract
thinking helps reduce causal uncertainty through simplifying
causal representations (Namkoong and Henderson, 2014), and
that, as a result, causal uncertainty motivates people to think
more abstractly (Helzer and Edwards, 2012; Namkoong and
Henderson, 2016). In contrast, the abstractness of a message



Table 10
Pool of tweets used in the abstract versus concrete condition (Studies 2 and 3).

Pool of abstract tweets
“Amtrak is always making headlines and never for anything good.”
“The derailment was Amtrak's 26th within the U.S. since 2014 and 4th in the
state of Washington since 2014. This is obviously a problem.”

“In the 21st century, this seems to be inexcusable. My thoughts are with the victims.”
“It is just like the Titanic. Seriously, how does something like this happen?”
“I had worked for Amtrak for 12 years and my heart goes out to the families. I
know how difficult times like this are but be there for others now.”

“This accident could have been avoided. How many more derailments like this
will happen before we all finally admit that Amtrak needs to be reformed?”

“What a shame. Seems like there is always some kind of tragic event every
Christmas.”

Pool of concrete tweets
“Stories like the Amtrak train derailing send a chill down my spine. I take two
train rides every day.”

“I live in this county. My dad’s on the phone with someone talking about the
Amtrak train. I don't think anyone I know was on the train, but it's still scary.”

“Yesterday morning was the hardest December morning for me. Seeing the
Amtrak train cars pummel to the ground off that bridge, while watching TV.”

“Can you imagine driving down the freeway, and all of a sudden train cars jump
off the overpass right in front of you? Terrifying.”

“I take public transportation every day. Seeing the derailed Amtrak train just
breaks my heart.”

“Very sad Monday morning for some families traveling on Amtrak in Tacoma.”
“I drove under that Amtrak overpass minutes before the train crash. I feel so
sorry for those poor people…”

Note: Participants were randomly assigned to either the abstract or concrete
tweet condition and were shown one of the seven tweets in the respective pool.
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should not influence message liking if the goal to reduce causal
uncertainty is not active—i.e., when individuals experience low
causal uncertainty, or when they experience a different type of
uncertainty, such as outcome uncertainty, that may involve
more concrete cognitive processes (Rim et al., 2012).

Method

Participants and design
Three hundred forty participants in the United States

completed the study via Amazon Mechanical Turk. The sample
size was determined through a power analysis based on the
effect sizes found in previous research (Namkoong and
Henderson, 2016). We excluded two participants from the
data who did not complete the manipulation; their exclusions
did not change the results. We performed all the analyses with
the remaining 338 participants (47% female, Mage = 36). The
experiment was a 3 (uncertainty: high causal uncertainty vs.
low causal uncertainty vs. high outcome uncertainty) x 2 (tweet
construal: abstract vs. concrete) between-participants design.

Manipulation of causal uncertainty
We informed participants that the study was about “how

people react to news and current events” and that they would be
asked to answer questions about the Amtrak train derailment.
We provided information about the derailment describing what
happened and how many people were injured. We then
manipulated uncertainty regarding the train derailment based
on the procedure from Namkoong and Henderson (Namkoong
and Henderson, 2016). Specifically, we asked participants to
elaborate on aspects of the incident that made them feel either
uncertain in terms of why it happened (high causal uncertainty
condition), certain in terms of why it happened (low causal
uncertainty condition), or uncertain in terms of how the
community would be influenced by the incident (high outcome
uncertainty condition).

Participants then answered six questions measuring causal
uncertainty adapted from Namkoong and Henderson (Namkoong
and Henderson, 2016). These questions asked the extent to which
participants agreed with the following statements (1 = strongly
disagree; 7 = strongly agree): “I feel like I don't understand most
things regarding why the recent derailment happened”; “I feel like
I understand little about why the recent derailment happened”;
“I feel like my understanding about why the recent derailment
happened, is mostly lacking”; “I feel like I have a good
understanding of why the recent derailment happened” (reverse
coded); “When I think about the recent derailment, I now have a
better understanding about why it happened” (reverse coded);
“There are things about the recent derailment that make me feel
like I understand why it happened” (reverse coded).

Pretest and manipulation of tweet construal
After answering filler questions, participants saw either an

abstract tweet or a concrete tweet. To ensure that our effects
were not driven by the content of any specific tweet,
participants in the abstract (concrete) condition saw a randomly
chosen tweet among a pool of seven abstract (concrete) tweets
about the derailment.

A pretest was conducted prior to the experiment to ensure
that tweets in the abstract and concrete pools varied in message
abstractness, but not in other dimensions. Positive or negative
emotionality expressed in tweets, for example, can influence
message liking; hence, to make sure this did not drive our
results, we verified through the pretest that the abstract and
concrete tweets had similar levels of emotionality.

The pretest was carried out in two stages: tweets were
initially categorized based on natural language processing
dictionary scores and were subsequently verified with a
participant sample. First, 14real-user tweets about the train
derailment were adapted and categorized based on their
abstraction scores using the natural language processing
dictionary by Brysbaert, Warriner, and Kuperman (2014), the
same one used in Study 1. Based on the dictionary, the seven
tweets in the abstract tweet pool all had abstraction scores
higher than the mid-point of the scale (2.50), ranging from 2.90
to 3.06 with a mean of 2.98, while the seven tweets in the
concrete tweet pool all had abstraction scores lower than the
midpoint of the scale, ranging from 1.85 to 2.33 with a mean of
2.02. The average length (i.e., word count) of tweets in the
abstract pool and concrete pool were also matched so they were
both 20 words. See Table 10 for the list of tweets.

In the next stage, we verified these tweets through
participants from Amazon Mechanical Turk (N = 80), who
rated the tweets based on abstractness and emotionality. We
presented the tweets in a random order and asked participants to
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indicate the extent to which they thought the tweets expressed
concrete versus abstract thinking (1 = very concrete; 7 = very
abstract). The instructions mentioned that concrete thinking
relies on details, specifics, and individual examples, whereas
abstract thinking relies on generalizations, trends, and examples
that extend over time or space. We also presented participants
with the same tweets, again in a random order, and asked them
to rate each tweet based on the extent to which they thought it
expressed negative versus positive emotion (1 = very negative;
7 = very positive). Whether participants rated the abstractness
or emotionality first was counterbalanced to avoid order effects.

As intended, the results from a paired-samples t-test
indicated that the mean abstraction score of tweets in the
abstract pool (M = 4.42, SD = 0.96) was significantly higher
compared to that in the concrete pool (M = 3.77, SD = 1.16; t
(79) = 4.46, p b .001, 95% CI = [0.36, 0.94], d = 0.5). This
result also supports the validity of our abstraction measure used
in Study 1. We then conducted a paired-samples t-test to
examine emotionality and found no difference between the two
pools. Specifically, the mean emotionality scores of tweets in
the abstract pool (M = 2.95, SD = 1.20) and concrete pool (M =
2.96, SD = 1.35) were both lower than the midpoint of the scale
(4.00), indicating negative emotionality, and were not signif-
icantly different from each other (t(79) = .08, p = .936, 95% CI
= [−0.18, 0.17], d = 0.01). In summary, we established that
tweets in the abstract pool had a higher mean abstraction score
compared to tweets in the concrete pool. We also confirmed
that the two pools did not differ in terms of potential
confounding factors such as message emotionality or word
count.

Dependent measure
Participants saw either an abstract or concrete tweet from the

pool of tweets to which they were randomly assigned. The
tweet was presented in a realistic manner to closely resemble
Twitter’s format, except we masked all the user-related
information (see Fig. 4). Participants were then asked to
indicate how likely they would be to like and retweet the tweet,
each using a 7-point scale (1 = unlikely; 7 = likely).

Results

Manipulation check
We created a composite measure of participants’ causal

uncertainty by averaging across all items (α = .91). As
intended, participants in the high causal uncertainty condition
reported greater causal uncertainty (M = 4.54, SD = 1.41) than
those in the low causal uncertainty condition (M = 3.34, SD =
1.55; t(227) = 6.10, p b .001, 95% CI = [0.81, 1.58], d = 0.81)
and in the high outcome uncertainty condition (M = 3.85, SD =
1.55; t(222) = 3.67, p b .001, 95% CI = [0.32, 1.05], d = 0.47).
Fig. 4. One of the seven tweets in the abstract tweet pool (Studies 2 and 3).
While the scores in the low causal uncertainty and high
outcome uncertainty conditions were both below the midpoint
of the scale, the difference between themwas significant (t(221) =
2.63, p = .009, 95% CI = [0.13, 0.90] , d = 0.33), presumably
because of the spillover effect of inducing high uncertainty of
any kind.

Test of H1
We examined the full-factorial model using an ordinal

regression analysis with message liking as the dependent
variable. There was neither a main effect of uncertainty nor
tweet construal (ps N .05). Only the predicted interaction
between the two factors was significant (B = 0.86, SE = 0.25,
p = .001, 95% CI = [0.37, 1.36]; see Fig. 5).

To better understand the observed interaction, we examined
the simple effects through pairwise comparisons based on the
estimated marginal means with Bonferroni adjustment. The
results were consistent with our prediction, in that the construal
level of the tweets only influenced participants in the high
causal uncertainty condition. In the high causal uncertainty
condition, participants liked abstract tweets (M = 3.79, SD =
2.47) significantly more than concrete tweets (M = 2.58, SD =
2.04; mean difference SE = 0.40, p = .003, 95% CI = [0.42,
2.01], d = 0.5), while tweet construal had no effect in the low
causal uncertainty condition (mean difference SE = .41, p =
.618, 95% CI = [−0.60, 1.00]). In the high outcome uncertainty
condition, concrete tweets (M = 3.30, SD = 2.29) were margin-
ally preferred over abstract tweets (M = 2.48, SD = 1.94; mean
difference SE = 0.42, p = .050, 95% CI = [0.00, 1.65], d = 04).

Exploratory analyses of message sharing (i.e., retweeting)
A paired t-test showed that, overall, individuals were

significantly less likely to retweet (M = 2.28, SD = 1.96) than
to like a tweet (M = 3.01, SD = 2.19; t(337) = 7.00, p b .001,
95% CI = [0.53, 0.94], d = 0.35). An ordinal regression using
the intention to retweet as the dependent variable yielded a
significant two-way interaction between causal uncertainty and
tweet construal (B = 0.85, SE = 0.27, p = .002, 95% CI = [0.31,
1.38]). To examine the simple effects of the interaction, we
made pairwise comparisons based on estimated marginal means
with Bonferroni adjustment. We found that only in the high
causal uncertainty condition was the intention to retweet
1
High Causal
Uncertainty

Low Causal
Uncertainty

Outcome
Uncertainty

Fig. 5. Interaction between uncertainty and construal in predicting liking of
tweet (Study 2). The intention to like the tweet was measured on a 1−7 scale.
Error bars represent ±1 SE of the mean.



Fig. 6. Images used in the high social prominence condition (top row) and low social prominence condition (bottom row). Participants in the high social prominence
condition saw people in managerial occupations and were told that they were leaders in society who had, on average, 90,000 followers on Twitter. Participants in the
low social prominence condition saw people in working-class occupations and were told that they were regular members of society who had, on average, nine
followers on Twitter. The faces in the pictures were held constant between conditions.
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significantly higher for abstract tweets (M = 2.91, SD = 2.29)
than for concrete tweets (M = 1.81, SD = 1.58; mean difference
SE = 0.36, p = .003, 95% CI = [0.39, 1.81], d = 0.56). The
effect of tweet construal was insignificant in the low causal
uncertainty (p = .104, 95% CI = [−0.12, 1.30]) and high
outcome uncertainty conditions (p = .140, 95% CI = [−1.29,
0.18]).

Discussion

The findings of Study 2 replicated those of Studies 1A and
1B and supported H1 in an experimental setting. Specifically,
Study 2 demonstrated that participants in the high causal
uncertainty condition were more inclined to like and share
abstract than concrete messages. In contrast, the construal level
of the tweets did not influence participants in the low causal
uncertainty condition. In the outcome uncertainty condition, the
finding was in the opposite direction, which relates to previous
research showing that speculating about consequences involves
more concrete thinking (Rim et al., 2012).

Study 3

The goal of Study 3 was to test H2 with experimental data.
Causal uncertainty is associated with a stronger accuracy
motivation and a tendency to seek more diagnostic information
(Weary and Jacobson, 1997). Hence, we predicted that a
favoring of abstract (vs. concrete) messages in times of high
causal uncertainty would be stronger when the message source
is more socially prominent, and thus, is perceived as a source of
more diagnostic information.

Method

Participants and design
Eight hundred and four participants in the United States

completed the study via Amazon Mechanical Turk. Six
participants who did not complete the manipulation were
excluded from the analyses; exclusions did not change the
results. We conducted the analyses with the remaining 798
participants (51.5% female, Mage = 37). We manipulated all
three factors pertaining to H2, in a 2 (causal uncertainty: high
vs. low) x 2 (source prominence: high vs. low) x 2 (tweet
construal: abstract vs. concrete) between-participants design.

Manipulation of social prominence
We used the same method as used in Study 2 to manipulate

causal uncertainty and tweet construal based on the Amtrak
train derailment. The procedure of Study 3 was the same as that
for Study 2, except that, before seeing the tweet, participants
were given information about the social prominence of the
source of the tweet.

Specifically, we told participants in the high (low) social
prominence condition that they would be randomly presented



Fig. 7. Depiction of interaction between causal uncertainty, social prominence,
and tweet construal in predicting the liking of tweet (Study 3). The intention to
like the tweet was measured on a 1−7 scale. Error bars represent ±1 SE of the
mean.
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with a tweet that was among those posted by the leaders
(regular members) of various companies, organizations, or
communities, who had an average of 90,000 (9) followers on
Twitter, and we also showed pictures of individuals in
managerial (vs. working-class) occupations (see Fig. 6).

As a check, we asked participants how influential these
individuals seemed to be on a seven-point scale (1 = a little; 7
= a lot). As shown in the next section, we also conducted a
separate test to ensure that the manipulation of social
prominence affected perceived diagnosticity. Then, as in
Study 2, participants saw a randomly chosen tweet from either
an abstract or concrete pool and indicated the extent to which
they would like and retweet the tweet.
Results

Manipulation checks
The average causal uncertainty score was higher in the high

causal uncertainty condition (M = 4.24, SD = 1.47) than in the
low causal uncertainty condition (M = 3.12, SD = 1.40; t(796)
= 11.01, p b .001, 95% CI = [0.92, 1.32], d = 0.78). Partici-
pants in the high social prominence condition thought the
sources were more influential (M = 5.02, SD = 1.28) compared
to those in the low social prominence condition (M = 2.86, SD
= 1.54; t(796) = 21.42, p b .001, 95% CI = [1.95, 2.35], d =
1.52).

In a separate manipulation check study, we tested whether
the social prominence manipulation influenced perceived
diagnosticity. We recruited participants from the same pool as
those from the main experiment. Since the test was for a
manipulation check, the sample size (N = 75) was determined
based on a strong effect. Participants in this test were assigned
to either a high or low social prominence condition and saw the
same instructions as those used in the main experiment. Then,
they rated how diagnostic they believed the message source to
be—that is, to what extent they thought they would gain useful
information by paying attention to their tweets (1 = not at all
diagnostic, 7 = extremely diagnostic). The wording of this
question was adapted from Weary and Jacobson (Weary and
Jacobson, 1997), who studied how causal uncertainty predicts
diagnostic information seeking. To check for the robustness of
the manipulation, we also varied whether the instructions were
accompanied by the images used in the main experiment. Five
participants who failed to pass the attention check were
eliminated from the analysis. As predicted, the perceived
diagnosticity of the message was greater when the message
source had high social prominence (M = 4.56, SD = 1.56)
versus low social prominence (M = 3.61, SD = 1.66; F(1, 66)
= 6.15, p = .016, d = 0.59). The presence versus absence of
pictures did not influence the perceived diagnosticity (F(1, 66)
b 0.001, p = .995), and neither did it interact with the social
prominence manipulation (F(1, 66) = 0.39, p = .535).

Test of H2
We conducted an ordinal regression to test the effect of our

manipulated variables and their interactions on message liking.
We found a significant two-way interaction between social
prominence and tweet construal (B = 0.15, SE = 0.06, p = .019,
95% CI = [0.03, 0.27]), which was qualified by a significant
three-way interaction (B = 0.13, SE = 0.06, p = .043, 95% CI =
[0.01, 0.25]; Fig. 7).

To examine the simple main effects in the three-way
interaction, we performed pairwise comparisons based on
estimated marginal means with Bonferroni adjustment. As
predicted, the two-way interaction between social prominence
and tweet construal was driven by participants in the high
causal uncertainty condition. That is, only in the high causal
uncertainty condition did the high prominence message source
elicit a greater liking of abstract tweets (M = 3.73, SD = 2.20)
than concrete tweets (M = 2.71, SD = 2.01; mean difference SE
= 0.31, p = .001, 95% CI = [0.41, 1.63], d = 0.48), while tweet
construal had no effect when the message source had low social
prominence (mean difference SE = 0.31, p = .445, 95% CI =
[−0.84, 0.37]). In addition, in the high causal uncertainty
condition, the liking of abstract tweets was marginally higher
when coming from a source with high social prominence (M =
3.73, SD = 2.20) versus low social prominence (M = 3.17, SD
= 2.29; mean difference SE = 0.31, p = .07, 95% CI = [−0.05,
1.18], d = 0.25), while concrete tweets were liked less when the
source had high social prominence (M = 2.71, SD = 2.01)
versus low social prominence (M = 3.40, SD = 2.15; mean
difference SE = 0.31, p = .023, 95% CI = [0.10, 1.29], d =
0.33). Tweet construal had no effect on message liking in the
low causal uncertainty condition (mean difference SE = 0.21, p
= .919, 95% CI = [−0.44, 0.40]).

Exploratory analyses of message sharing (i.e., retweeting)
Consistent with our earlier findings, participants were

overall significantly less likely to retweet (M = 2.26, SD =
1.82) than to like a tweet (M = 3.15, SD = 2.16; t(797) = 14.15,
p b .001, 95% CI = [0.77, 1.01], d = 0.50). An ordinal regres-
sion analysis revealed significant main effects and a three-way
interaction. Overall, participants in the high (vs. low) causal
uncertainty condition were more likely to retweet (B = 0.18,
SE = 0.07, p = .007, 95% CI = [0.04, 0.32]), and abstract (vs.
concrete) tweets were more likely to be retweeted (B = 0.24,
SE = 0.07, p = .001, 95% CI = [0.12, 0.40]). Unlike in Study 1,
the main effect of social prominence was only marginally
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significant (B = 0.12, SE = 0.07, p = .079, 95% CI = [−0.02,
0.26]). This was likely because participants in this study did not
know the identity of the message source, whereas the identity is
known on actual Twitter.

In addition to the main effects, we found a marginal three-
way interaction between causal uncertainty, social prominence,
and tweet construal (B = 0.13, SE = 0.07, p = .052, 95% CI =
[−0.01, 0.27]). Consistent with our findings on message liking,
we found that in the high causal uncertainty condition, a high
(but not low) social prominence of the message source elicited
a stronger intention to retweet abstract tweets (M = 2.86, SD =
2.04) compared to concrete tweets (M = 1.96, SD = 1.57; mean
difference SE = 0.26, p = .001, 95% CI = [0.39, 1.41], d =
0.49). This pattern was not observed in the low causal
uncertainty condition.

Discussion

The findings of Study 3 supported H2 and were consistent
with those from Study 1, which employed real-world Twitter
data. That is, the main effect of tweet construal, i.e., the liking
of more abstract messages in times of heightened causal
uncertainty, was moderated by the social prominence of the
message source. When causal uncertainty was high, abstract
(vs. concrete) messages were better received if originating from
a source with high social prominence (i.e., who is expected to
provide information with high diagnosticity), but not if coming
from a source with low social prominence (i.e., someone who is
expected to provide information with low diagnosticity). These
findings support and extend previous work that showed causal
uncertainty is associated with a stronger accuracy motivation
and more diagnostic information-seeking (Weary and
Jacobson, 1997). Furthermore, under high causal uncertainty,
participants’ liking of abstract tweets was greater, while their
liking of concrete tweets was reduced, when the message
source had high (vs. low) social prominence. This is consistent
with the findings from Namkoong and Henderson (Namkoong
and Henderson, 2016), who suggested that one’s desire for
abstraction under high causal uncertainty involves both
approach (i.e., to seek abstract processing) and avoidance
(i.e., to avoid concrete processing) tendencies.

General discussion

The goal of reducing causal uncertainty is a fundamental
human need, which, if left unsatisfied, can lead to a host of
negative psychological consequences (Tobin and Raymundo,
2010). Considering that many individuals with unresolved
causal uncertainty will continue to seek answers, understanding
how to communicate effectively with such individuals is
critical; yet, not much is known about the type of language
that is preferred by the audience when causal uncertainty is
high. The context of social media provides a unique
opportunity to study this issue, as individuals often turn to
others online to deal with causal uncertainty (Bravo, 2016;
Verma et al., 2011). Furthermore, timely and appropriate
communication in times of causal uncertainty can be facilitated
by social media (Hanna, Rohm, and Crittenden, 2011).
Previous research on social media, however, did not consider
causal uncertainty (Naveed et al., 2011; Stieglitz and Dang-
Xuan, 2012). Moreover, the literature on causal uncertainty and
construal level, which suggests that high causal uncertainty
motivates abstract thinking (Helzer and Edwards, 2012;
Namkoong and Henderson, 2016), did not explore the role of
social dynamics, i.e., how the goal of reducing causal
uncertainty through abstraction is pursued through others.

Theoretical and practical implications

Using both real-world and experimental data, we offer
unique insights into the type of language favored and shared on
social media in situations of heightened causal uncertainty and
the moderating role of the social prominence of a message
source. Specifically, we demonstrated across a wide range of
events that individuals in situations of heightened causal
uncertainty found abstract messages from others more appeal-
ing, suggesting that the goal to reduce causal uncertainty
through abstract processing is pursued through social interac-
tions. Importantly, the finding that this effect becomes stronger
(weaker) when the message source has higher (lower) social
prominence supports and extends previous research showing
that the goal to reduce causal uncertainty increases the
importance one places on information diagnosticity. Our
findings contribute to the literature of causal uncertainty,
construal level, self-regulation, and social media communica-
tion by demonstrating how one’s goal to reduce causal
uncertainty through abstract cognitive processing is manifested
in a social context.

The implications are also clear from a managerial stand-
point. The mean estimated effect sizes from Study 1 indicated
that, in situations of heightened causal uncertainty, increasing
the abstractness of a message by one standard deviation can
increase the like-count of the tweet by 10.25% and the retweet-
count of the tweet by 4.07% for an average user. If the tweet
originates from a user with one standard deviation larger
number of followers, the effect becomes even stronger, with a
15.80% increase in likes and a 5.98% increase in retweets (see
Table 11 for these results by events).

Whether in the realm of business, politics, or other areas
involving social media communication, campaigning and
public relations can benefit from using abstract language
when causal uncertainty is high. Furthermore, those with
higher social status—e.g., managers, influencers, politicians, or
religious leaders—may reap the benefits of abstract communi-
cation to a greater degree. This is especially relevant because
consumers are becoming increasingly selective about who they
follow or pay attention to on social media (Shi and Wojnicki,
2014), and modern technology, such as machine learning, is
enabling highly customized and targeted digital marketing.

To illustrate, suppose that the CEO of an automobile
company goes on Twitter to address a business disaster
associated with high causal uncertainty, such as the company’s
self-driving car being involved in a fatal accident. Our findings
suggest that it would be better to communicate the incident in



Table 11
Percentage increases in number of likes (#Like) and retweets (#Retweet) for a standard deviation increase in the abstraction level of a tweet for each event (Study 1A).
The table also shows the changes when the source of the tweet is more socially prominent, i.e., has a standard deviation larger number of followers; these are indicated
by #Like-SP and #Retweet-SP.

E1 E2 E3 E4 E5 E6 E7 E8 E9

#Like 1.21% 13.24% 18.46% 2.34% 21.49% 7.21% 3.01% 14.38% 9.58%
#Like-SP 3.10% 19.32% 27.33% 4.36% 33.66% 10.77% 7.61% 21.12% 14.95%
#Retweet – 4.23% 7.59% 1.00% 9.71% 2.47% 1.00% 5.82% 5.26%
#Retweet-SP – 4.23% 9.79% 1.00% 14.47% 5.18% 3.79% 7.57% 7.81%

Note: Empty cells represent insignificant effects.
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broader, higher-level terms (e.g., focus on the company’s
overall mission, technological advancements in the field, or big
picture industry trends regarding safety) rather than bringing up
concrete details associated with the incident (e.g., how fast the
car was going or who was in the driver’s seat). Similarly,
political leaders, who now rely heavily on social media to
communicate with their followers, may garner favorable
reactions from their constituents by communicating about
high causal uncertainty events (e.g., a recession, mass shooting,
or other national tragedies) in more abstract terms—for
example, by focusing on broader themes and patterns across
related events.

It is important to note that our findings, while particularly
relevant on social media, are likely generalizable and thus also
contribute to communication strategies on a wider range of
platforms. Communication methods are constantly evolving
and new platforms to reach an audience are constantly
emerging—but the socio-cognitive process discovered in the
present research that relates causal uncertainty and preference
for abstract language, and the moderating role of social
prominence, provides broad applicable insights for communi-
cation strategies, regardless of the medium.

Future research

The rise of social media has given anyone a chance to be a
“broadcaster” with the potential to engage a large audience.
These communications can have real-world impacts, as
illustrated by the many widespread grassroots movements
around the world that have been organized via Twitter, coining
the phrase “Twitter Revolution” (Pew Research Center, 2009).
Our findings suggest that when the key objective is to reach as
many people as possible on social media, it is important to
consider whether message spreading would be driven by
message liking versus other motives (e.g., call for action,
warning others), as abstract language is likely to be more
effective when it is liking that drives the message spreading,
while concrete language may be more effective in other cases
(see the Appendix for supplementary analyses and discussions
on this subject). Fully exploring the factors that drive the
spreading of messages is beyond the scope of this research;
hence, future research should identify specific motives behind
message sharing during times of heightened causal uncertainty
to formally investigate message-sharing behavior.

Future research should also examine if and how culture
moderates the effectiveness of abstract communication. Many
events in our data had a global impact, and new technology has
made it easier than ever before to tune in to others, including
leaders, in different parts of the world; but, a one-size-fits-all
communication strategy is likely to be ineffective because
norms and mindsets vary between cultures (Gudykunst et al.,
1996). For example, the holistic (vs. analytic) mode of thinking
observed and favored in many Eastern nations involves making
connections between seemingly disparate events and appreci-
ating contextual details (Nisbett et al., 2001). This suggests that
the role of abstraction or other simplifying cognitive strategies
may take on a more complicated pattern in these cultures.
Furthermore, cultural background often determines what is
considered effective leadership and what is expected of leaders
during critical times (Ensari and Murphy, 2003). Thus, whether
the moderating role of social prominence discovered in our
research is specific to Western European cultures is an
empirical question that has global implications and is worth
investigating.

Finally, our research focuses on negative events because
causal uncertainty is more likely to occur after negative, rather
than positive, unexpected events (Wong and Weiner, 1981).
Furthermore, high-profile events that people learn about
through the media and experience high causal uncertainty
about tend to be more negative (Trussler and Soroka, 2014).
However, some positive events—whether because of luck or a
random act of another’s kindness—can also leave people
wondering why (Wilson et al., 2005). The psychological
process underlying the effect of causal uncertainty on
preference for abstract processing should not be qualified by
valence; nonetheless, it is possible that one’s need to reduce
causal uncertainty is generally lower for more positive
unexpected events. As such, the moderating role of valence
should be investigated in future research in causal uncertainty
and communication.

Coda

Our findings offer guidelines for communication and
leadership in situations of high causal uncertainty. The findings
may also help explain why public figures who ignore concrete
details, and instead offer simplified causal explanations for
complex issues, are passionately followed by those struggling
to make sense of current events (Associated Press, 2017), and
why their influence is growing on social media. More broadly,
we contribute to the body of work examining the interplay
between causation-related language and negative events (e.g.,



Table A2
Moderated mediation paths indicating that the indirect effects from abstraction
to liking to retweeting varied with the social influence of the message source
across all events in the main data (Study 1A)

Indirect effects by social prominence (i.e., number
of followers)

Direct effects

Low (−1 SD) Average High (+1 SD)

E1 [−0.02, 0.01] [0.01, 0.04] [0.03, 0.09] [−0.05, −0.03]
E2 [0.14, 0.18] [0.26, 0.28] [0.36, 0.41] [−0.25, −0.22]
E3 [0.17, 0.18] [0.31, 0.32] [0.44, 0.47] [−0.18, −0.17]
E4 [0.01, 0.02] [0.04, 0.05] [0.07, 0.09] [−0.05, −0.04]
E5 [0.17, 0.20] [0.34, 0.36] [0.50, 0.54] [−0.20, −0.18]
E6 [0.04, 0.08] [0.10, 0.13] [0.14, 0.21] [−0.09, −0.06]
E7 [−0.04, 0.00] [0.04, 0.07] [0.10, 0.15] [−0.06, −0.03]
E8 [0.16, 0.19] [0.29, 0.31] [0.40, 0.45] [−0.20, −0.18]
E9 [0.09, 0.12] [0.20, 0.22] [0.30, 0.34] [−0.11, −0.09]
Ctrl [−0.04, 0.10] [−0.02, 0.13] [−0.05, 0.26] [−0.15, −0.02]

Note: Moderated mediation results shown in 95% confidence intervals. Indirect
effects are probed at low (−1 SD), average, and high (+1 SD) levels of social
prominence.
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Park, Ayduk, and Kross, 2016) and to the growing literature on
how people find meaning in the face of adversity (e.g., Kross
and Ayduk, 2011).
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Appendix

Across all studies, we explored the extent that the effect of
abstraction in predicting message sharing behavior (i.e.,
retweeting) was driven by message liking. We also explored
the pattern of the remaining effect of message abstractness on
retweeting, after message liking has been accounted for.

In Study 1A, we conducted mediation analyses for all events
using the bootstrapping method Model 4 of PROCESS (Hayes,
2013). The abstraction score and control variables were
independent variables. Retweet-count was the dependent
variable and like-count was the mediator. As shown in Table
A1, the 95% confidence intervals (nboot = 5000) for indirect
effects excluded 0 across all events in the main data, indicating
significant mediation. Once the mediation was accounted for,
the direct effect of abstraction on retweeting was significant and
negative across all events, indicating that concrete messages
were retweeted more if the motive for retweeting under causal
uncertainty was not due to liking. In the control event, the
mediation was not significant, which is expected since
abstraction did not increase message liking.

We also tested in Study 1A whether the interaction between
abstraction and social prominence (number of followers) in
predicting retweeting was driven bymessage liking. A moderated
mediation effect was tested using Model 7 of PROCESS (Hayes,
2013). As shown in Table A2, the 95% confidence intervals
(nboot = 5000) indicated that the mediation path—from abstrac-
tion to like-count to retweet-count—was indeed moderated by
social prominence, being stronger (weaker) as the social
prominence of the message source got higher (lower).

We found the same pattern of results in Study 1B using
Model 4 of PROCESS (Hayes, 2013); that is, only in the high
causal uncertainty dataset (tweets about Anthony Bourdain
after his suicide), the indirect effect of message abstractness on
retweeting through message liking was significant and positive
Table A1
Test of mediation path from tweet abstraction to liking to retweeting (Study 1A)

Indirect effects Direct effects Indirect effects Direct effects

E1 [0.01, 0.04] [−0.04, −0.02] E6 [0.10, 0.13] [−0.05, −0.03]
E2 [0.23, 0.26] [−0.15, −0.13] E7 [0.04, 0.06] [−0.03, −0.00]
E3 [0.29, 0.30] [−0.11, −0.10] E8 [0.26, 0.28] [−0.12, −0.10]
E4 [0.04, 0.05] [−0.02, −0.01] E9 [0.18, 0.20] [−0.05, −0.04]
E5 [0.29, 0.31] [−0.11, −0.09] Ctrl [-0.01, 0.10] [−0.13, −0.00]

Note: Mediation analyses results shown in 95% confidence intervals.
(95% CI = [0.14, 0.15]), while the direct effect was significant
and negative (95% CI = [−0.19, −0.07]). A test of moderated
mediation using Model 7 of PROCESS (Hayes, 2013) revealed
that for the high causal uncertainty dataset, the mediating path
(from abstraction to message liking to retweeting) was indeed
moderated by social prominence. The effect was strongest
(95% CI = [0.29, 0.32]) when the source had high social
prominence (+1 SD number of followers), more modest (95%
CI = [0.14, 0.15]) when the source had average social
prominence (average number of followers), and insignificant
(95% CI = [−0.02, 0.00]) when the source had low social
prominence (−1 SD number of followers). As in Study 1A, the
direct effect was negative and significant [−0.12, −0.10].

In Study 2, we repeated the analysis of moderated mediation
using Model 7 of PROCESS (nboot = 5000). We tested the
indirect effect of tweet construal on retweet-count, with like-
count as the mediator and uncertainty condition as the
moderator. We found that the moderated mediation was
significant and that the indirect effect was only significant in
the high causal uncertainty condition (95% CI = [0.01, 0.09])
but not in the low causal uncertainty condition (95% CI =
[−0.02, 0.02]) or high outcome uncertainty condition (95% CI
= [−0.06, 0.00]).

In Study 3, we conducted a moderated mediation analysis
using the bootstrapping method Model 11 of PROCESS
(Hayes, 2013), given the three-factor design. We tested the
indirect effect of tweet construal on retweeting, with message
liking as the mediator and both causal uncertainty and social
prominence as moderators (nboots = 5000). The analysis
revealed that the mediating path leading from tweet construal
to liking to retweeting was significant only in the high causal
uncertainty and high social prominence condition (95% CI =
[0.02, 0.07]). The path was insignificant in the high causal
uncertainty and low social prominence condition (95% CI =
[−0.04, 0.01]), the low causal uncertainty and high prominence
condition (95% CI = [−0.03, 0.03]), and the low causal
uncertainty and low prominence condition (95% CI = [−0.03,
0.02]).
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In sum, we found a highly consistent pattern of results across
our studies, whether based on natural or experimental data. The
pattern was that abstraction increases message retweeting in
situations of high causal uncertainty because it increases
message liking. However, once message liking was accounted
for, concrete tweets were more likely to be shared. This
explains the smaller effect sizes when retweet-count (as
opposed to like-count) is used as a dependent variable. It is
also consistent with previous research showing that retweeting,
due to its highly public nature, is driven by a variety of other
motives beyond message liking. Importantly, some of these
external motives (e.g., to warn other people) may cause
messages to be more widely spread if containing concrete,
actionable information (Nagarajan, Purohit, and Sheth, 2010;
Verma et al., 2011).
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