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The dynamics of Twitter users’ gun narratives
across major mass shooting events
Yu-Ru Lin 1,3✉ & Wen-Ting Chung2,3

This study reveals a shift of gun-related narratives created by two ideological groups during

three high-profile mass shootings in the United States across the years from 2016 to 2018. It

utilizes large-scale, longitudinal social media traces from over 155,000 ideology-identifiable

Twitter users. The study design leveraged both the linguistic dictionary approach as well as

thematic coding inspired by Narrative Policy Framework, which allows for statistical and

qualitative comparison. We found several distinctive narrative characteristics between the

two ideology groups in response to the shooting events—two groups differed by how they

incorporated linguistic and narrative features in their tweets in terms of policy stance,

attribution (how one believed to be the problem, the cause or blame, and the solution), the

rhetoric employed, and emotion throughout the incidents. The findings suggest how shooting

events may penetrate the public discursive processes that had been previously dominated by

existing ideological references and may facilitate discussions beyond ideological identities.

Overall, in the wake of mass shooting events, the tweets adhering to the majority policy

stance within a camp declined, whereas the proportion of mixed or flipped stance tweets

increased. Meanwhile, more tweets were observed to express causal reasoning of a held

policy stance, and a different pattern in the use of rhetoric schemes, such as the decline of

provocative ridicule, emerged. The shifting patterns in users’ narratives coincide with the two

groups distinctive emotional response revealed in text. These findings offer insights into the

opportunity to reconcile conflicts and the potential for creating civic technologies to improve

the interpretability of linguistic and narrative signals and to support diverse narratives and

framing.
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Introduction

Gun policy has been one of the most perennial, contentious
issues in the United States. The shooting at Orlando,
Florida, nightclub on June 12, 2016, that left 49 dead and

many wounded, was the deadliest mass shooting in modern US
history—until October 1, 2017, when a shooting at the Route 91
Harvest music festival in Las Vegas where at least 58 were killed
and 527 injured. Of the 20 deadliest mass shootings, more than
half have occurred in the past 10 years. With every mass shooting
came shock and tears, and each restarted a divisive debate about
how guns should be regulated, what is driving the tragedy, and
what can be done to prevent it. Despite many statistics published,
the two opposing sides—people who favor and people who
oppose gun control—seem to believe in distinct answers. The
different opinions on guns have plagued the society for more than
four decades, resulting in very little legislative success.

Have people’s beliefs about guns changed across multiple tragic
shooting events in recent years? This study utilizes social media as
a lens to answer this question by examining how people con-
structed their narratives about gun issues when talking on
Twitter. Social media have been considered as places that support
everyday socio-political talk (Jackson et al., 2013; Graham et al.,
2015; Highfield, 2017). Though researchers argued that platforms
like Twitter can hardly be used equally effective by every citizen
(Rasmussen, 2014), no outlet for opinion has been equally
accessible, and social media could be the most accessible outlet
that has ever existed. Social media could be useful to support a
“talkative electorate”—where people become aware of other opi-
nions, and develop or clarify their positions about an issue—
offering citizens opportunities to achieve mutual understanding
about each other (Graham et al., 2015; Jackson et al., 2013;
Gamson and Gamson, 1992). Nevertheless, most literature has
focused on how social media communications mirror or predict
offline opinion polls or the outcome of related social events
(Tumasjan et al., 2010; Benton et al., 2016; De Choudhury et al.,
2016); less explored is the heterogeneity in the ways people
express their opinions, and how the various talks that translate
individuals’ underlying beliefs evolve (Anstead and O’Loughlin,
2015; Braman and Kahan, 2006). Also, an increasing amount of
work has explored the role of social media and other information
communication technologies (ICTs) in collective actions,
including offering mobilizing structures (Starbird and Palen,
2012; Tufekci and Wilson, 2012), providing opportunity struc-
tures (McAdam et al., 1996; Flores-Saviaga et al., 2018), and
facilitating framing processes (Snow et al., 1986, 2014; Porter and
Hellsten, 2014; Dimond et al., 2013; Stewart et al., 2017). Much
attention has been paid to the frames or discourses driven by
elites, social movement organizations, and media (Merry, 2016;
Starbird, 2017; Guggenheim et al., 2015), while less is known
about how non-opinion leaders discuss and frame political ideas.
We argue that understanding the discursive processes—how
average people develop alternatives in their everyday social media

talk—is particularly important while seeking opportunities to
bridge contested opinion clusters.

The present work. In this study, we utilize a large panel of more
than 155,000 ideology-identifiable users and their complete
timeline of tweets over 3 years. Twitter users’ expressive support
for presidential candidates was used as a proxy for either a liberal-
leaning or conservative-leaning ideological preference—referred
to as Lib and Con, respectively. By examining these users’
everyday talk surrounding the gun issues and three major mass
shooting events occurred in the past 3 years—the 2016 Orlando
nightclub shooting, 2017 Las Vegas shooting, and 2018 Parkland
High School shooting (Table 1)—we examined how Twitter users’
narratives about gun issues changed at the group level. More
specifically, we seek to explore how the narratives, carried in a
public space (Twitter), reflect “what they believe to be the pro-
blem, the cause or blame, and the solution”—a stock of ideas
referred to as causal attribution.

By comparing and contrasting how users’ narratives reflecting
such attribution differ across ideological camps and change
through events, we attempt to seek opportunities that can
potentially reconcile the conflicts. However, retrieving users’
discourse to make a meaningful comparison is nontrivial. To do
so, we employ a mixed-methods approach combing quantitative
and qualitative analyses to characterize both the linguistic signals
and narrative structures, derived from which we present novel
analyses on the variation of narratives about gun-related issues.

Background
Gun debate: rights vs. control. Americans have the highest gun
ownership per capita rate in the world. In 2018, Small Arms
Survey reported that U.S. civilians alone account for 393 million
(roughly 46%) of the worldwide total of civilian held firearms,
which is more than those held by civilians in the other top 25
countries combined (Small Arms Survey, 2018). Recent surveys
showed that about 30% of US adults report they personally own a
gun, and over 43% report living in a gun household (Saad, 2019;
Gramlich and Schaeffer, 2019). Whether more guns make society
less safe or more has been at the center of debates for decades in
the United States (Braman and Kahan, 2006).

Supporters of gun regulation believe that the availability of
guns diminishes public safety as it facilitates violent crimes.
Opponents, rather, often believe that carrying a gun is an
constitutional right to self-defense, which would enhance the
public safety (Haider-Markel and Joslyn, 2001; Braman and
Kahan, 2006). Prior work argued that most individuals’ positions
on gun policy are hardly moved by justifications presented by the
opposing side, but are inextricably shaped by their beliefs about
guns and safety rooted in distinct cultural values (Braman and
Kahan, 2006). The debate has been repeatedly intensified by high-
profile mass shootings. The broader literature on gun issues has

Table 1 List of three major mass shooting events during 2016–2018 used in this work.

Event Alias Time (UTC) #Casualties #Tweets #Relevant

2016 Orlando nightclub shooting Event-1 2016-06-12 50 2,208,837 13,256
— Control — 2018-06-12 1,986,534 2629
2017 Las Vegas shooting Event-2 2017-10-02a 59 1,553,017 7177
— Control — 2018-10-02 2,835,633 2372
2018 Parkland High School shooting Event-3 2018-02-12 17 1,671,017 15,274
— Control — 2017-02-14 2,592,385 2958

Twitter data were collected and extracted from the focus groups. The total numbers of non-retweet tweets (#Tweets) and relevant tweets (#Relevant) from the groups within 2 weeks before and
2 weeks after each pair of event and control dates are listed. All observation times are converted to UTC for comparison across multiple time zones.
aThe date of the event was 2017-10-01 in its local time zone (PDT).
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examined various aspects of responses following mass shootings,
ranging from the impact on affected communities and public
opinion (Newman and Hartman, 2017), to the framing of media
(Guggenheim et al., 2015), to the tactics and discourse of
movement organizations or interest groups (Smith-Walter et al.,
2016; Merry, 2016). Despite that recent surveys have shown
growing support for more restrictive gun policies in recent years
(Poll, 2019; Inc, 2017; Sanger-Katz, 2018), the support for a
legislative change seemed to be softer (Sanger-Katz, 2018) and
more divided along partisan lines (Inc, 2017). High-profile
shooting events seemly played a role in changing the public
sentiments, but did they shake people’s beliefs on gun issues?
How would a change manifest itself in different ideological camps
over time? Our motivation is to unpack the change by probing
the narrative variations from diverse individuals who were likely
to have different ideological preferences.

Collective action and framing. Related to our research, much
work has been done in the studies of collective action and par-
ticularly social movements—an organized group that acts con-
sciously to promote or resist change through collective action.
Social media and other ICTs have been demonstrated to play a
significant role in social movements such as “Arab Spring”,
“Occupy”, and “#BlackLivesMatter” (De Choudhury et al., 2016;
Chung, Lin, et al., 2018; Borge-Holthoefer et al., 2015; Starbird
and Palen, 2012; Tufekci and Wilson, 2012; Stewart et al., 2017).
Increasingly more empirical analyses have made connections
between social media and movement theories, including mobi-
lizing structures, opportunity structures, and framing processes.
For example, in terms of mobilizing structures, social media
facilitated street protests by providing wide-reaching commu-
nication channels (De Choudhury et al., 2016; Starbird and Palen,
2012; Tufekci and Wilson, 2012). When considering opportunity
structures, ICTs create opportunity for people to more easily
connect and coordinates (McAdam et al., 1996; Shklovski et al.,
2008; Starbird and Palen, 2011; Flores-Saviaga et al., 2018). With
respect to framing processes, social media, and other ICTs pro-
vide structures for sharing experiences surrounding a collective
effort (Snow et al., 1986, 2014; Porter and Hellsten, 2014; Dimond
et al., 2013). The concept of “frame” has been studied within
social movements and in political discourse and communications
more broadly. Goffman defined frames as “schemata of inter-
pretation” that help people to make sense of the world—to
interpret and organize individual experiences, render events or
occurrences meaningful, and guide actions (McAdam et al.,
1996).

To date, considerable empirical work has focused on identify-
ing various types of frames and their resonance through strategic
and diffusion processes (Benford and Snow, 2000), where new
capacities have been afforded by social media and other ICTs as
cases of mobilizing or opportunity structures (De Choudhury
et al., 2016; Starbird and Palen, 2012; Tufekci and Wilson, 2012;
Dimond et al., 2013). However, little is known about the
discursive process, especially the variation of frames emerged
from, employed in and changed through ordinary people’s
discussions, which is in part due to the difficulty in retrieving
discourse in individuals’ talk and conversations. One close
attempt is Stewart et al.’s study of networked frame contests on
Twitter (Stewart et al., 2017), where the highly cited tweets from
different networked clusters were selected to be interpreted in a
qualitative manner.

Another aspect that is also less explored is the discovery of
opportunity structures reflecting resources and climates that
movements can take advantage of (McAdam et al., 1996). Outside
of social movements, such as natural disasters and societal events,

ICTs have been used to gauge particular sentiments and climates,
as well as to garner resources (Gilbert and Karahalios, 2010;
Shklovski et al., 2008; Starbird and Palen, 2012). However,
seeking opportunity structures is especially challenging in a
highly polarized environment where already populated frames
seem to tap into existing cultural values. In the case of the gun
debate, it is unclear whether mass shooting events represent a
kind of opportunity structure, how exactly such an opportunity is
unfolded in social media’s talk, and how it is likely to suggest a
potential to reconcile the conflict.

Social media and public deliberation. Social media have become
an important source for studying public’s opinion on social
events and political issues including gun control, same-sex mar-
riage, racial inequality, immigration, and abortion (Benton et al.,
2016; Brooker et al., 2015; De Choudhury et al., 2016; Zhang and
Counts, 2015; Chung, Wei, et al., 2016). While many of these
studies relied on quantitative analyses of social media content,
characterized by, for example, psycholinguistic and textual fea-
tures, others suggested that social media enable studies beyond
quantitative opinion polling by looking into the richer social
conversation and political deliberation process (Anstead and
O’Loughlin, 2015). To study discourse on controversial topics,
some prior works have also employed content or qualitative
analyses (Sharma et al., 2017; Starbird, 2017). Nevertheless, none
has shown whether and how social media can be used to study
users’ casual attributions on a contentious issue. We are parti-
cularly interested in the extent to which social media users’
narratives about gun-related issues vary, contingent on the event
happening and cultural mindsets. In this work, we make the first
attempt to examine users’ narratives reflecting causal attribution
and how such narratives changed across gun violence events in
terms of their choices of vocabulary and structure in their
narratives.

Narrative analysis of policy discussion. Prior research on gun
policy has focused much on identifying the major gun issue
framing/paradigms that been have adopted in campaigns/debates
and the distinct emphasis between opposing campaign organi-
zations (Merry, 2018). However, the less explored was how the
gun narratives themselves are conceived. By gun narrative we
refer to a gun-relevant narrated story that a person may conceive
to communicate with others about their perceived realities per-
taining to guns. Humans utilize narrative thinking (Polkinghorne,
1988) to configure stories that present their subjective under-
standing of how things happen; for example, after a shooting
incident, a conceived narrative could reveal the narrator’s ideas
regarding how the problem was defined, its cause and, the solu-
tions. The same happenings may be narrated into distinct per-
ceived realities because any derived meaning is influenced by the
particular narrators’ held views and beliefs. Our key idea is to
identify the causal-attributional machinism in Twitter users’
narratives by how the narratives cast narrative components.

To do so, we adapted Narrative Policy Framework (NPF)
(Jones and McBeth, 2010), an established methodological frame-
work (Shanahan et al., 2018) that draws upon the characteristics
of narrative to analyze policy narratives by explicating the
narrated components. In NPF, a narrative is a story that can be
decomposed into components—e.g., it could be a temporal order
of events unfolding along a plot with the cast characters
(primarily, villain, victim, and hero) which reveals how the
narrators interpret the cause and consequence of their own or
others’ lived experiences, which culminates in a moral (e.g., a
suggestively right or wrong, or a conclusive message behind).
More specifically, villain may be cast in a narrative to indicate
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who cause the damage to the hurt victims, and a hero cast to
indicate who may resolve the problem, in which the particular
causal relationships among the characters and their actions will
be revealed throughout the course of events in the conceived plot;
finally a moral, often referring to a policy solution in NPF, is
presented, to persuade or make a call to action. We adapted the
framework and extended the elements that will best help us to
focus on the causal inference in a narrative construction.

Rhetoric with emotion. Prior studies on policy persuasion have
investigated how emotion can be employed in rhetoric to argue
for or frame a particular policy stance (Nabi, 2003; McClurg,
1992). In gun debates, rhetoric with certain emotions, such as fear
and national pride, have been argued to hinder constructive
communications between people who hold distinct stances in the
gun issues or contribute particularly to a certain stance (Holbert
et al., 2004; McClurg, 1992). While the existing literature pri-
marily emphasized on the elite arguments (made by those with
power, e.g., debates in the congress, newspaper editorials, or
opinion leaders), our study, instead, is interested in expanding the
understanding of emotions conveyed in gun-related narratives
among the public, and how the negative emotions experienced in
the context of mass shooting events interact with people’s causal
attribution.

This study focuses on the extent to which social media users’
narrative about gun-related issues vary, contingent on the event
happenings and cultural mindsets. In terms of narrative
variations, we are interested in capturing quantifiable indicators,
including linguistic signals and narrative structures. Our study is
guided by the following analytical questions:

RQ1 How did the two ideological camps differ by their
construction of causal narratives about gun? And how did the
causal-attributional discussions on gun issues change in the
context of a mass shooting event?

RQ2 How did the two ideological camps differ by (1) their
stance of gun policy, (2) their calls to act upon a stance, and (3)
their employed rhetoric schemes to convey a stance, solution, or
action changed, in the context of a mass shooting event? And how
did the stances and rhetoric schemes shift after mass shooting
incidents?

RQ3 How did the casual narratives associated with emotions?
And how did the ideological camps differ by these associated
relations?

Results
A large-scale shift in linguistic patterns relevant to the causal-
attributional discussions on gun issues was observed after a
mass shooting event. First, overall, we observe a large-scale shift
in the linguistic patterns after a mass shooting event. The posted
tweets were more likely to involve words relevant to gun-issues
and the words that purport causal-attributional discussions and
emotional expressions. In particular, words in the LIWC cause
category that signifies causal connectives (e.g., “because”, “thus”)
or words that suggests cause/effect (e.g., “result”, “effect”, “rea-
son”), as well as words in the three negative affective (sad, anxiety,
and anger) were much more likely to appear in both groups’ gun-
related tweets compared with their pre-event occurrences. We
estimated the before–after rate ratios for the occurrence of the
linguistic features (before: 2-week pre-event window; after: 2-
week post-event window). Table 2 shows the ratios of the number
of gun-relevant tweets (#Relevant) and the linguistic feature
categories used for all three events. The #Relevant and linguistic
features appear to have a large and significant rate change after a
major shooting incident. For example, after an incident, the
relevant tweets are 12.99 times more likely to appear than those

before an incident (significantly >1, p < 0.001). While a rate
increase in #Relevance is not surprising, we observe greater than
an order of magnitude change in the linguistic features among the
relevant tweets. Compared with the pre-event occurrence, the
tweets with cause words are 16.42 times more likely to appear,
and the negative affective features are 15–16.21 times more likely
to appear. In Table 2, the ratio differences between event and
control indicate that most linguistic features occur at least 10
times more than their base rates, and the increase is attributable
to the shooting events.

Second, while the overall linguistic shifts in two groups seem to
be quite similar, some category words (e.g., cause and sad) were
used more frequently and consistently in one group than in
another. Figure 1 shows the before–after rate ratios by groups.
Overall, the two groups exhibit a similar change pattern with
respect to their own base rates. Lib has slightly more rate increase
than Con in categories including cause, and sad, while Con has a
slightly more rate increase in anxiety. The nuances of these
categorical differences will be further discussed in later sections.

Third, significant linguistic shifts recurred across events, and
the shifts can last for at least 2 weeks. The shift of linguistic
feature occurrences relative to the base rates is more in the later
events. For example (see Fig. 2 top row), the before–after ratios of
tweets including cause words are 36.38 (Con) and 43.17 (Lib)
during Event-3, 16.58 (Con) and 15.88 (Lib) during Event-2, and
8.99 (Con) and 10.21 (Lib) during Event-1 (all estimated values
are significantly >1 with p < 0.001). Figure 2 (bottom row) shows
all event combined that the most drastic change of linguistic
feature occurrences in the immediate 48 h after incidents —at

Table 2 Change in the number of relevant tweets and
linguistic features.

Category Rate ratio
(event)

Rate ratio
(control)

Ratio diff. (lower,
upper)a

#Relevant 12.99*** 0.70 12.30 (11.75, 12.87)
cause 16.42*** 0.64 15.78 (14.30, 17.43)
sad 15.72*** 0.60 15.12 (12.12, 18.77)
anx 16.13*** 0.69 15.44 (12.03, 19.72)
anger 16.21*** 0.68 15.53 (13.79, 17.48)

***p < 0.001.
aUpper and lower bounds of the ratio difference are derived from the 95% confidence intervals
of rate ratios.
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Fig. 1 Overall linguistic shifts in the two groups. Before-after rate ratios
(x-axis) by groups, for the occurrence of the linguistic features (y-axis). The
two groups exhibit a similar change and both have rates significantly
increased from their own base rates (indicated as the vertical line x= 1).
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least 30 times more likely to appear compared with their pre-
event base rates. During the first week (day 2–7), the features still
have a large rate increase, showing 12–29 times more than their
base rates. In the second week, most of the features have around
10 times the rate increase over the base rates.

These large-scale linguistic pattern shifts reveal how a mass
shooting event may penetrate social media users’ causal-
attributional talks on gun issues. The following analyses examine
the qualitative nature of the groups’ narrative changes in response
to the shooting events.

Two ideological camps differ by their constructed causal nar-
ratives in response to events and across time. Through thematic
coding, we identified three types of attributional elements in
tweets (see details in the “Methodology” section). This section
presents the three elements and the observed shifts of incorpor-
ating these elements in tweets.

(1) The three attributional elements emerging from analysis (see
Table 3 for illustrated examples): (i) Problem Nature has to
do with an attempt to dig into the nature of the problem,
e.g., a tweet may discuss a root cause of a recurring
problem. (ii) Blame Target is about accountability or
responsibility; a tweet may talk about who/what should be
accountable or responsible for the problem and solution.
Usually, it is a human agent (a person/group) who should
have done something to prevent harm. In some cases, a
policy/thing is narrated as if it was an agent who should
take responsibility/blame because it is ineffective or should
have been removed or reformed. Blame target is often a
believed cause of the issue/event. (iii) Character refers to
whether a tweet involves casting any of the three specific
roles, Villain, Victim, and Hero. Real people are cast into
these roles and understood as positive or negative
contributors (Hero or Villain), or the immoral consequence
(Victim) of the gun issue/event. We refers to the use of any
of these elements in a narrative as attributional composition.
These elements are not exclusive but distinguishable.

Tweets may consist of one or more of such attributional
elements. Take this tweet as an example, “Libs just don’t
understand that criminals will always break the law with
guns—hence being a criminal. Gun laws prevent citizens 2
defend”: “Gun laws” are considered to be the problem;
“criminals” are villains, while “citizens” who cannot defend
themselves with guns are the victims (the user/narrator is
one of them) and “Libs” are the blame target who are
responsible for such a consequence because they endorse
gun laws.

(2) Tweets involving in Problem Nature and Blame Target
boosted after shooting incidents, and this shift was more
prominent in Con.
Figure 3a shows that, after the shooting incidents, there was
an increase in the proportion of tweets involving Problem
Nature in Con. The proportion has been considerably higher
in Lib during the pre-event time (37.8% in Lib versus 9.4%
in Con, with a significant difference according to Fishers’
exact test, p= 0.01). However, a sharper increase was
observed in Con (from 9.4% in pre-event time to 39.0%
within the immediate 48 h after an incident; significant
difference based on Fishers’ exact test, p= 0.003) and the
rates stayed higher than that in pre-event time throughout
the post-event time. Similarly, tweets talking about Blame
Target were intensified from pre-event time to the
immediate 48 h after the incidents. The increases were
found in both Con (from 25.0% to 55.9%) and Lib (from
29.7% to 47.4%), but only statistically significant in Con
(p= 0.008, and p= 0.132, for Lib and Con, respectively,
Fisher’s exact tests). Both camps Combined, overall, more
tweets involved blame target in the post-event time (from
27.5% to 45.8%, p= 0.005).

(3) The shooting incidents also boosted the discussion about
Villain and Victim, with a gradual shifting focus to Hero.
Before a mass shooting incident, the two camps paid
attention to different Characters. In pre-event time, tweets
talking about Hero were more likely to appear in Lib than in
Con (14.5% versus 1.4%, respectively, p= 0.008, Fisher’s
exact test); tweets talking about Villain are more likely to
appear in Con than in Lib (20.3% versus 5.8%, respectively,
p= 0.002, Fisher’s exact test), and both talked about Victim
at similar rates (11.6% versus 13.0%, for Con and Lib,
respectively, p= 1.000, Fisher’s exact test). However, within
the immediate 48 h after the shooting incidents, Villain and
Victim became the center of attention in both camps and
more so in Lib. While not immediately after the shooting
incidents, during the later stages of post-event time, there
was an increase in the discussions about Hero (from 3.4% to
10.3% in Con and 5.3% to 20.0% in Lib, in the immediate
48 h and the second week, respectively) that concerned who
should be the ones to take actions and to prevent similar
tragedies.

Ideological camps differ by their majority stance about gun
policy; however, tweets adhering to the majority position was
declined after an event, while the proportion of mixed or
flipped stance tweets increased. The policy stance of each tweet
was obtained by human coding (see details in the “Methodology”
section). Overall, 89.6% of the human coded tweets relevant to
guns conveyed a stance (89.4% in Lib and 89.9% in Con).
Unsurprisingly, the two groups’ majorities held the opposite
stances: opposing gun control prevailed in Con, and supporting in
Lib. Such an opposite in majority stance stayed consistent across
the events over years. However, overall, tweets with stance in

Event 1 Event 2 Event 3

1 10 100 1 10 100 1 10 100
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Fig. 2 Linguistic shifts across events and stages. Before-after rate ratios
across events (top) and at different post-event stages (bottom).
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Table 3 Attributional Elements identified from a causal-attributional narrative.

Type & example Explanation

I. Problem Nature
“Mass shooting -> 50 dead -> Pray for City X -> no change to gun laws ->
Cycle -> Repeat”

“Mass shooting” and deaths (“50 dead”) are the focal problem; the
suggested cause of the problem is “no change to gun laws.”

“Most #gunviolence in #Chicago is gang-related.Killers kill for their
’families’. Lone-wolf mass murderers kill because they ’belong’ nowhere”

“Gun violence” is the focal issue; the suggested cause of this issue is “lack
of belongingness”

“[@mention] [@mention] If we keep importing Jihadists, both legally &
illegally, & allow Muslims to buy guns, more American blood will flow!”

Letting particular group of people (“jihadists and Muslims”) enter the US
and buy gun is the problem; the suggested consequence is deaths of
Americans (“more American blood will flow!”).

“Libs just don’t understand that criminals will always break the law with
guns - hence being a criminal. Gun laws prevent citizens 2 defend”

“Gun laws” are the problem; the suggested reason is that “criminals” will
always break the law; the suggested consequence is that citizens will not
be able to defend the selves.

“Take the gun they will use a van take the van they will use a bus take the
bus they will find a way. It’s crazy people that’s the problem”

“Crazy people” is the problem, and hence regulating guns will not help.

II. Blame Target
“[@mention] guns don’t kill. Deranged property do. Work on fixing mental
health. You force kids to school. Cry when we bury them. But never a
word about mental health”

The addressed account name suggests s/he is affiliated with the
Democrat party and “Democrates” are the blamed target who are believed
responsible for kids’ safety in schools.

“Mr. Trump, release the photo of you signing the legislation that makes it
easier for mentally ill persons get guns!”

“Mr. Trump” is the blamed target due to the legislation relevant to make
certain group of people easier to get guns

“[@mention] you say that, but Canada (gun controlled) has had 7 mass
shootings in 20 yrs. USA has had 10 since Monday. AR-15 caused most”

“AR-15” is a blame target.

III. Character (Villain, Victim, and Hero)
“Thank you senators for allowing NRA to control you Divided Senate
answers Orlando w/gridlock on gun curbs”

“NRA” and “senators” are cast as the villains.

“Despite the loss of a beautiful soul #RIPChristina wont stop law makers
from rationalizing guns. To end this madness we need to shout
ENOUGH”

“Christina” is a victim, and “we” can be the hero who ends such loss if
shouting enough.

“If anyone wants to voluntarily give up a gun or all their guns. Please let
me know, I’ll make sure to give them a good home, keep them safe and
make sure they don’t hurt anyone”

“I” would be a hero because I can self-defend and protect others with
my gun.

“We can change our gun culture if we elect people who care. #ImWithHer
because I believe in #NotOneMore”

“We” can be hero if we take action.

“[@mention] Best way to protect Americans is by ending Muslim
immigration, stop making them citizens, & only allow citizens to buy
guns!”

“Muslim” is portrayed as the villain.
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Fig. 3 The distribution of causal components across (a) different stages, and (b) events. Each bar represents the proportion of the group’s tweets with the
corresponding category observed, at each condition.
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favor of gun control increased after shooting events and the
trends kept on over the years. We highlight three observations:

(1) Shift in stance happened in the wake of a shooting event: In
pre-event time, the proportion of tweets opposing gun
control in Con and the proportion supporting gun control
in Lib were 96.9% and 86.5%, respectively; in post-event
time, the proportions dropped to 69.1% and 84.1%,
respectively. Noticeably, the drop in Con is 4.3 times of
that in Lib. In contrast, the proportions of minority stances
in both Con and Lib rose. In Con, the proportion
supporting gun control increases by 17.3% (from 0.0% to
17.0%), and in Lib, the proportion against control increases
2.6% (from 2.7 % to 5.3%).

(2) Mixed stance was observed in Con immediately after the
event: Most of the tweets involving a policy stance either
support gun control or oppose it. However, during post-
event time, there are 2.3% of the tweets in Con that suggest
a need for certain type of gun control while asserting the
support of gun rights as well. Such tweets only appeared in
two post-event stages, within the immediate 48 h and one
week (day 2–7). For example, this tweet, “[@mention] [Be]
more difficult to acquire a gun. But getting rid of guns
altogether is a recipe for disaster since criminals will
acquire”, suggests partial gun regulation. These tweets also
tend to propose a specialized regulation that seemed to be
most directly relevant to prevent similar killing; for
example, “[@mention] Why they don’t change the laws
and have restrictions on how many guns a person can buy?”
No such mixed stance tweets found in Lib.

(3) Across events over years, pro-control stance rose to above
50% while pro-gun stayed around 40%: Both camps
combined, the supportive tweets for gun regulations
increased from 48.3% and 44.3% in 2016 and 2017,
respectively, to 55.7% in 2018. Opposing tweets, however,
remained similar, which were 37.8%, 42.0%, and 37.9%, in
2016, 2017, and 2018, respectively. We also observed that,
in 2018, there were fewer tweets that did not suggest a
stance; 12.6%, 13.0%, and 5.7% in 2016, 2017, and 2018,
respectively.

Overall, after the shooting incidents, a tweet was less likely to
express a particular policy stance after shooting events, especially
in Con. In order to understand how tweets conveying a policy
stance coupled with causal-attributional narratives, we further
analyzed the interaction between stance and attributional
composition in tweets. We observed that, for example, in Con,
after the shooting event, those tweets with a policy stance were
more likely to incorporate a discussion of problem nature and
blame target than those not (from 9.7% to 33.5%, p= 0.009, and
from 25.8% to 48.4%, p= 0.029, respectively, Fisher’s exact test).
Such patterns were not found in Lib. These results suggest that
after the shooting events, a tweet from Con with a policy stance
was more likely to explicate the reason for the held stance. Such
tweets may potentially invite and facilitate an understanding and
discussion across camps than those that simply express a stance.

Ideological camps differ by whether their narratives about a
solution and when to call to action after the shooting incidents.
Through human coding (see “Methodology” section), we identify
tweets talking about a solution and/or call to action, referred to as
Moral Solution. Overall, 28.3% of the tweets talk about Moral
Solution. Such tweets are more likely to be found in Lib: nearly
one out of every three tweets (30.4%) in Lib, and one out of every
four tweets (26.1%) in Con. We highlight two observations:

(1) More calls to action after shooting incidents; two camps
differ by the timing: Figure 4 shows the group differences
regarding when a call to action was made. Among Con, it
was primarily the immediate 48 h after the incidents that
such tweets appeared to increase, and then the calls
dropped after 48 h; among Lib, such tweets started
increasing only after the 48 h and the rate kept rising till
the end of the second week.

(2) Alternative direction appeared in Con’s action-calls: In Lib,
almost all of the tweets talking about Moral Solution
(96.8%) supported gun control. While in Con, the patterns
of stance varied across times. In pre-event time, all of the
Con tweets that called to action were advocating against
gun control. After the shooting events, the stance in the
calls split. Within the immediate 48 h after the incidents,
the opposing rate dropped from 100.0% to 52.4%, and it
increased a little to 70.0% and 68.8%, in the first and second
week, respectively. In contrast, in Lib, the tweet opposing
gun control only appeared in the second week with a rate of
9.5%. There were 3.0% of Moral Solution tweets that
conveyed mixed stances in post-event time.

A tweet with Moral Solution has stronger intent than a tweet
only with Stance (without Moral Solution) to push actual action
upon/against a solution/policy. In our analyzed tweets, only
31.5% of the Stance tweets also called to action. For Con, in post-
event time, there appeared tweets with a supportive Stance to gun
control that called to action as well. Such observation suggests not
only that more tweets after the shooting incidents expressed the
alternative stance, but that more tweets moved forward to call
others to act upon/against the Twitter users’ personal favored/
disfavored stance.

Shooting incidents triggered a different use pattern in rhetoric
schemes, where Argumentative Assertion and Sarcasm were
especially dominant after an event, and the use of Argu-
mentative Assertion expanded. A variety of rhetoric schemes
was observed; through thematic coding (see the section “Metho-
dology”), we identified seven distinct Rhetoric Schemes (see Table 4
for description and illustrative examples). A rhetoric scheme is to
persuade; in our studied context, the schemes were employed to
persuade why a stance is valid/invalid, why a suggested policy
solution will work or not, and why a change or call to action is
needed. These seven schemes are: (1) Argumentation with plot, in
which there are five specific plots: Story of Decline, Stymied Pro-
gress, Change Illusion, Story of Helpless & Control, and Conspiracy;
(2) Argumentative Assertion; (3) Evidence-based Argumentation;
(4) Sarcasm; (5) Rhetorical Question/Imperative mood; (6) Perso-
nal/Community Relatedness; and (7) Scripted Message/Petition.
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Fig. 4 The proportion of Moral Solution tweets throughout the shooting
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talked about Moral Solution across the different stages of shooting events.
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Overall, 86.5% of the analyzed tweets employed rhetoric
schemes. Among the seven schemes, two were used more often
than others. Nearly half of the analyzed tweets involve either
Argumentative Assertion (28.0%) or Sarcasm (20.8%), which are
the first and the second mostly used schemes in both camps
(combined pre-event and post-event times). The former scheme
engages in developing a logically sound argument and asserting the
argument itself without referring to evidences. The later involves
people saying the opposite of what they mean to ridicule a stance/
view that they themselves disagree with. There exists distinctive
persuasive strategies in these two rhetoric schemes: the former
builds a path for one to understand or/and develop alternative
views and beliefs, which can involve no negativity; the latter
challenges or attacks one’s views and beliefs directly by negatively
ridiculing them.

The patterns of employing a specific scheme changed
throughout a shooting event, across multiple events, and differed
between two groups. Figure 5 shows the distributions and
differences, and the changes are summarized below.

(1) The use of schemes were less diverse after an event in both
camps: Figure 5a shows the proportions of tweets involving
the use of these schemes over the four stages of the shooting
events. Within the immediate 48 h after the incidents, the
employed schemes shifted to concentrate exceptionally on
the two, Argumentative Assertion and Sarcasm. After the
48 h, in both camps, the employment of rhetoric schemes
gradually became diverse again, while Argumentative
Assertion and Sarcasm were still the most.

(2) Two camps differed by when to use specific schemes: In pre-
event time, Con had the highest chance of using Sarcasm
(34.4%) among other schemes, but the chance within the
48 h after incidents decreased yet remained the second
highest (20.3%). Meanwhile, their use of Argumentative
Assertion increased significantly from 15.6% to 33.9%, and
this scheme became the most dominant one. Lib employed
most of the schemes and employed them more evenly than
Con before the incidents; however, within the 48 h after the
incidents, Argumentative Assertion and Sarcasm both

Table 4 Sub-category coding for Rhetoric Scheme.

Category Abbr. Description Example Freq.

Argumentation with Plot
Story of Decline 1-Decl How things got worse, and something must

be done.
“We’ll have shootings worse than this, and we’ll die old
asking why nothing was ever done. America’s fucking
gun laws will outlive us.”

1

Stymied Progress 1-Stym Things could get better due to a hero, but
someone/thing is interfering with the
hero’s work.

“President Bill Clinton used my cousin’s image and story
as an example for his gun reform bill and that shit was
cool but further legislating should’ve continued. We let
the NRA and Republicans highjack the conversations
and any kind of solution to the obvious problem.”

2

Change Illusion 1-Illu While everyone thought things were getting
worse/better, things were actually going in the
opposite directions.

“The more gun laws you make, the more things like this
will happen. So stricter gun laws are not the answer.
[link]”

5

Story of Helpless &
Control

1-H&C Change can occur even the current situation
seems to be hopeless and cannot be in control.

“Another day in America, another campus shooting. We
don’t need #thoughtsandprayers - we need evidence-
based/rational gun legislation.”

14

Conspiracy 1-Cnsp Authority figures or the government advocate
a stance/policy with a covered purpose that is
irrelevant to the stance/policy itself and is
unjust to the citizen or certain group of people.

“[@mention] [@mention] The Dems want gun control
so bad their fellow Dems create violent gun crimes to
show how bad guns are.”

18

Argumentative Assertion 2-Assr Assert an argument directly and without
involving any reference of evidences.

“Only one solution to America’s gun problem that’s to
vote out all the politicians who take blood money from
the NRA. If you support the NRA you obviously don’t
support the best interests of America’s children. You
can’t serve two masters.”

116

Evidence-based
Argumentation

3-Evid Argument with stated/cited evidence. “Only 0.0001% of guns are used for murder. Over half
of all guns are used for suicide. It’s a respect and moral
issue, not a gun issue. Fix the root cause, not the result.
#morals #resoect life.”

36

Sarcasm 4-Sarc Say the opposite of what is really meant in
order to ridicule a disagreed stance/point/
view.

“Imagine thinking that taking away guns from American
people would stop mass shootings. That makes
complete sense.”

86

Rhetorical Question/
Imperative mood

5-Rhet Statement or question that commands,
requests, or hints a suggestion.

“Here’s an idea: how about you stop trying to disarm
law-abiding gun owners and support training and arming
teachers?”

31

Personal/Community
Relatedness

6-Pers Draw upon personal experienced life stories to
support/oppose a particular stance or policy
solution.

“My daughter after the Las Vegas shooting “I don’t get
Americans, they ban Kinder eggs but allow everyone to
buy guns.””

43

Scripted Message/
Petition

7-Scrp Pre-scripted message offered for petition. “I’m calling on [@mention] to return $86,850 in NRA
contributions. We deserve leaders who will stand up to the
gun lobby and prioritize protecting our children and keeping
our communities safe. #VoteCourage.”

6

Not present 0-None No rhetoric scheme applied. “KHSD board allows teachers to carry guns on campus
[link].”

56
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increased and became the most dominant schemes (both
28.1%).

(3) Yearly trend exhibits increasing use of Argumentative
Assertion and decreasing use of Sarcasm: Overall, across
the events over the years, Argumentative Assertion and
Sarcasm remained the two mostly employed schemes.
However, there was an increase in using Argumentative
Assertion and a decrease in Sarcasm; the proportions for the
former were 22.4%, 27.5%, and 34.3% in 2016, 2017, and
2018, respectively, and the proportions for the later were
22.4%, 21.4%, and 18.6%, respectively.

Shooting incidents triggered negative emotions; two camps
differ by the coupled associations between emotions and
attributional compositions, which reflects the group difference
in the believed cause and the perceived control over the
believed cause. We now unpack the associations between the
emotional psycholinguistic features and the narrative elements.
After the shooting incidents, more tweets were associated with
negative emotions, which can be observed by comparing the
probabilities, before and after the incidents (see Table 2). These
emotions appear to be more likely to co-occur with certain
attributional compositions and there exists group differences:

(1) The dominant emotions in Con associated with attributional
compositions are anxiety and sadness: Anxiety is more likely
to be found in the Con tweets casting Villain and Victim as
well as ascribing Blame Target than those not (8.5% versus
0.7%, p= 0.008, 11.1% versus 1.2%, p= 0.009, and 7.0%
versus 0.0%, p= 0.005, respectively; Fisher’s exact tests).
These associations were not found in Lib.

(2) The dominant emotion in Lib associated with attributional
compositions is anger: Anger is more likely to be found in
the Lib tweets casting Villain and Victim than those not
(37.8% versus 10.5%, p < 0.001, and 32.1% versus 14.0%,
p= 0.026, respectively; Fisher’s exact tests). These associa-
tions were not found in Con.

We further conducted an inquiry into the patterns of such
associations that differentiate two camps: Why did Con associate
anxiety to villain and victim, but Lib anger? And, why did Con
feel sad about the problem nature of gun issues? Our analysis was
motivated by appraisal theories of emotion (Hareli, 2014; Lazarus,
1991), which considers emotions as contingent to cognitive
evaluation, and specific to our study context is the role of
perceived control. We analyzed the cases where the Twitter
authors expressed a sense of control over the ascribed problem
nature, causes, and solutions in understanding emotions over an
undesirable occurrence or outcome. We uncover distinct quality
between camps. We explicate below.

In Con, the prevailing anxiety often has to do with the tweets
casting villains as the unpredictable people who use guns to kill,
and these people regarded as out-of-control are also viewed as the
causes of harms (blame target). For example, this tweet, “It was
done because a crazy person did it. Without a gun he would use
something else. That is why he had explosives. Killers kill.”,
expressed an anxious feeling concerning “crazy” person or
“killers”, who are the causes of harms, who cannot be controlled
because by their unpredictable nature, it would be hard to predict
what they may be doing. And this tweet, “[@mention] gun laws
only hurt honest gun owners. Maybe the libtards can start
allowing the crazies to be locked up instead of ’rehabing’ them”
further contrasting “honest gun owners” being victims with “the
crazies" being villains. As for the sad feeling, it is often observed
when the Twitter authors ascribed the root problem of mass
killings to the gun laws—there is a belief that the existing gun
laws or ongoing attempts for pushing gun reforms make the
victims even more powerless. This tweet, “Sadly these incidents
justify why the right people need to have guns to prevent
tragedies like this #savethesecondamendment”, not only referred
the shooting event as sad (“tragedies”), but suggested a potential
problem (guns may be taken away from “right people”) that was
considered to contribute to such a sad tragedy. The low sense of
control in sadness is not centered on unpredictability; instead, it
is about feeling powerless or hopeless in getting rid of a cause
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Fig. 5 The distribution of Rhetoric Scheme across (a) different stages, and (b) events. Each bar represents the proportion of the group’s tweets coded with
the corresponding category, at each condition. The first three sub-categoriesare merged into one (1-Lack) for the convenience of presentation.
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(e.g., gun laws) that has been believed to make the victims more
vulnerable and the villain more powerful—a powerless emotion
associated with a perceived low control over the gun laws or
potentially coming gun reforms. Such associations were not
found in Lib. Among Lib, the majority policy stance for guns is
the opposite; gun control is desired, and the believed cause of
mass shootings is just the lack of gun reforms.

In Lib, the prevailing emotion is anger that usually has to do
with a grievance sentiment about the cause, accompanied by a felt
moral obligation to take the uncontrolled into control or gain
more autonomy in the powerless situation. For example, gun
issues could and should have been taken into control if the
politicians who should be accountable had done something, or if
certain regulations had been passed in congress; however, none of
these happened earlier, so the mass shootings went out of control.
This tweet, “People this young and talented shouldn’t be dying
because idiots get a hold of guns. Is this what we needed to finally
realize what guns +”, suggests that the dead of the “young and
talented” (victim) is unjust and this shooting event should lead to
a final solution of gun laws. And this tweet, “@realDonaldTrump
But, of course, no efforts at gun control will be made as you suck
the dicks of the right wing.”, expresses anger while accusing the
leader who cannot be accountable. Also, in this tweet, “As a gay
American, do not tell me I am not allowed to talk about gun
control, hours after my community was the target of terror
attack”, the Twitter user perceived the self as a victim and
expresses anger regarding why he could not have a say for the
belonged community. In brief, anger is neither about unpredict-
ability nor low control over the undesired; it is about wanting
more control over the desired because the low control is unjust.
Such associations were not found in Con.

Discussion
Finding common grounds across camps in the context of polar-
ized politics is difficult. In the US, the partisan stances on gun
issues have seemed to lead to a policy deadlock. Over the past two
decades since the Columbine High School massacre in 1999, there
have been speculation and skepticism about how the non-stop
incidents of mass shootings could have any implications or actual
impacts on politics and policies. Our study provides empirical
evidence that, in the wake of shooting events, the public discus-
sions could turn less polarized. The changes of narratives before
and after the events suggest that the events may provide crucial
conditions that could facilitate the progress in reaching consensus
between camps.

While the tragic sorrow and shock in extraordinary events may
likely reinforce or even push a person more strongly to advocate
their held beliefs, our findings suggest that such moments could
otherwise open a person’s mind and eyes. Prior studies have
suggested gun shooting events may change people’s behaviors in
information seeking, such as increasing the visits of more
balanced and factual webpages regarding gun control (Koutra
et al., 2015). In seeking the understanding of the psychological
process of how such events shift or transform a person’s view, a
plausible explanation is that in these moments, unusual incidents
may draw people in a highly shared experience that could enable
them to focus on needs and wants (Atkeson and Maestas, 2012),
rather than ideologies—e.g., everyone loves their children, and no
one may disagree with being more cautious about the access to
firearms by people with mental illness.

The present study provides several research and practical
implications in public policy making. The shifting voices and the
emerging narrative complexity, as characterized in our study, can
be seen as an opportunity for policy makers to seek common
grounds and constructive movements. For policy makers who

often act partisanly, which is partly, if not primarily, due to a
concern of losing their electorate in the future, our findings offer
insights as to how the different stages of an event may provide
conditions that could allow them to better navigate solutions
across partisan lines. Below, we discuss the specific implications
with respect to our findings in details.

(1) The same shooting incident meant differently to the two
ideological camps, of which the complexity could be
uncovered by coupling the stance, attribution, and emotion.
Negotiating with people who hold the opposite stances
requires the understanding of the minds engaged in the
transitions. Our findings, especially the coupling of the
policy stance with cognitive and emotional elements,
provide rich interpretations and implications.
First, our findings uncover what specific negative emotions
were dominant in the two camps (in Con, anxiety and
sadness; in Lib, anger). More, we investigate how the
associated patterns of emotion with attribution and stance
could help reveal the distinct nature of the perceived sense
of control between camps over the problem, cause, and
solution in a shooting event. Prior studies have indicated
that negative emotions could jeopardize constructive com-
munication; and in order to mitigate and manage the effects,
it is critical to have self-awareness of the specific emotions
involved and to understand specifically where the emotions
come from (Adler et al., 1998). Our observations provide an
overall picture of the engaged emotions and potential
reasons why.
Second, the coupled information may be leveraged to
predict a person or a group’s stance and its change from the
particular patterns of emotion and causal narratives
observed. Ideological identity may be useful in predicting
what a person’s policy stance or what a person may argue
and say but, it may have less explanatory and even predictive
power, especially in the social context that a policy stance is
shifting within an ideological camp.
Third, while emotion can be contingent on cognitive
appraisal, the relation between emotion and cognition is
reciprocal (Lazarus, 1991). Once a particular emotion is
induced, it may be associated with a certain behavioral
tendency (e.g., anxiety and anger suggests rather distinct
thinking and behavioral consequence). Further investigation
is needed to identify the exact implications of how the
already incited emotions may have an impact on arguing
and negotiating about gun issue.

(2) The more persistent change observed in narratives was
consistent with recent polls—while still partisan, the
discussions were more assertive than antagonistic: With a
trend of stances consistent with recent surveys (Poll, 2019;
Inc, 2017; Sanger-Katz, 2018), both camps are still
dominated by a single policy stance, opposing each other.
While this may suggest an unchanged polarized politics, we
uncovered the ways of communicating alternative views
have undergone a shift. Overall, across the events, tweets
with sarcasm shrank and tweets with argumentative
assertion increased in both camps. Considering the nature
of these two rhetoric schemes—the former centers on
negatively ridiculing an opposite view, and the latter may be
used without hostility—such a shift may reveal that the
conversation may move away from attacking the opposite
side to the one that could be used positively to argue a view
or to compare and contrast distinct views.

(3) The immediate and short-term shift in narratives after
shooting incidents may point out an opportunity for
reconciling conflicts: Within the immediate 48 h after the
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shooting incidents, the emerging tweets put a less emphasis
on referring to the predominant policy stance within
ideological camps, e.g., fewer tweets referred to a particular
policy stance; mixed-stance tweets emerged; stance flips
were found; and there appeared more calls to action with
mixed stances. Moreover, among the tweets that did express
a stance, after the shooting events, more tweets involved in
causal-attributional discussions including expliciting the
nature of problems and inquiring the causes, instead of
simply conveying a stance without causal reasons. We
consider that a tweet that talks over the causal attributions
with stance, compared with a tweet that simply claims or
advocates a stance without causal reasons, could provide a
more promising chance and constructive base for people to
understand where the stances are from and to further
exchange ideas or discuss alternatives. These momentary
and drastic changes suggest the uniqueness of the time right
after the shooting events, where the talking was more likely
to deviate from the extant ideological preferences and issue
framing and open to alternative views, as well as to
communicate the underlying causal beliefs regarding why a
stance or a solution is believed justifiable or not. This can be
seen as a kind of “opportunity structures” (McAdam et al.,
1996) in the collective action literature, which represents
resources or climates that may be utilized for resolving the
contentious debates for movement campaigners and policy
makers.

(4) Design implication for making policy progress: A need for
social media and ICTs to support diverse narratives,
especially those beyond existing or dominant framing
around a contentious issue: Social media has been found
effective in discovering allies and enabling positive feedback
loops that reinforce shared beliefs (Althoff et al., 2014;
Dimond et al., 2013), which makes it valuable in supporting
collective action. However, the same capacity has also been
criticized as a catalyst for “echo chambers” or “filter
bubbles” (Pariser, 2011; Sunstein, 2018). This capacity,
together with the capacity for discovering opinion leaders
(e.g., rank-ordering most retweeted tweets or most followed
users) can be destructive when seeking resolution in a
heated debate, allowing users to be exposed to an even
stronger adherence to the extant ideological preferences
rather than narratives crossing the group/ideology bound-
ary. In terms of framing processes, such capacities may
support frame diffusion and alignment but is inadequate for
frame bridging (Benford and Snow, 2000). In talking about
a polarized topic, there is a need to develop information
technologies that support users, including policy makers
and mainstream media who often seek social media as a
source to uncover public opinions with diverse narratives
and alternative views.

Study limitations. There are several limitations in this work.
First, our analysis of narrative variation relied on a stratified
sample of users accounting for a different level of social media
activity (see the section “Methodology”). While this ensured that
the retrieved narratives came from a more diverse set of users, we
had not considered the mobilizing or diffusion structures—e.g.,
users may simply adopt extent frames originated by opinion
leaders or movement organizations, or alter extent frames into
their talking. This is likely to influence the originality and
diversity of the retrieved narratives. It is possible to incorporate
the network-based sampling strategy (Stewart et al., 2017) with
stratified sampling, but how to deal with the mobilizing or dif-
fusion structures outside of the social media data remains a

challenging task for future research. In addition, we acknowl-
edged that gun-relevant issues may have a differential impact on
communities—for example, prior studies showed a dispropor-
tionate number of gun violence victims in African–American
communities (Papachristos and Wildeman, 2014; Beckett and
Sasson, 2003). Due to the difficulty of obtaining reliable demo-
graphic information of social media users, empirical analysis
along this line has been limited. Future work that combines
online surveys and self-reported demographic information with
stratified sampling of social media conversations across diverse
communities will offer insights with respect to this equity aspect.

Second, while our study has purposefully focused on the
deadliest mass shooting events from 2016 to 2018, it is challenging
to distinguish whether the observed changes were due to long-
term temporal trends or the differences in the event nature. This
limitation may not be easily addressed, due to the heterogeneity in
events, e.g., event scope and motive for the shooting.

Third, when extracting linguistic features based on lexicons,
certain lexicon words might correspond to the context of an
event, e.g., “kill*” may be used to refer to the event happenings
with less connotative meanings associated with emotions than
usual. While we carefully excluded such lexicon words manually
to reduce the false positive possibility, future work may explore a
more efficient context-sensitive linguistic approach to deal with
the precision-recall tradeoff.

Lastly, the narrative components were identified by human
coding on a smaller randomly sampled set of data from our entire
data corpus; therefore, the patterns of narrative structures may be
prominent only within the tweets being selected. While we have
employed stratified random sampling to mitigate this issue, there
may be other narrative patterns beyond what we have identified.
Our purpose of employing mixed-methods was to leverage their
complementary strengths. Specifically, our quantitative analysis
based on simple lexicon matching has a benefit to extract word-
level linguistic patterns from big data sets and discover the
statistically significant shifts in such patterns efficiently. However,
it has been limited in interpretability. We carefully examined its
applicability and limitation in our studied context, and further
incorporate qualitative human coding to gain in-depth under-
standing of how language associated with causal attribution
changed over time.

Conclusion
Social media have been used to gauge sentiments and climates
around political issues, but less to reveal the conflict and shift in
people’s narratives on a contagious topic. This study utilized
large-scale longitudinal social media traces from over 155,000
properly sampled, ideology-identifiable Twitter users to probe
deeply into the recent years’ gun debate in the US. We introduced
a mixed-methods approach in order to extract and analyze the
linguistic and attributional signals in users’ narratives. We pre-
sented novel analyses that capture the quantitative and qualitative
differences in the sampled narratives.

This research makes three contributions. First, we presented
a case study of how social media users’ narrative around a
polarized topic change in response to relevant events. We
identified measurable shifts, not only in linguistic features but
also in narrative structures indicative of causal attribution, over
the course of high-profile shooting events. Through retrieving
the narrative components, we empirically showed how events
penetrated the public discursive processes that have been pre-
dominated by the extant ideological preferences. Second, our
study design demonstrates how to retrieve and contrast indi-
viduals’ narratives from large-scale longitudinal social media
data. By leveraging a human coding scheme drawn upon
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Narrative Policy Framework, we were able to retrieve the nar-
rative elements for qualitative and statistical comparison. Our
method suggests a potential direction for conducting narrative
research at scale. Third, our findings have implications for
discovering the opportunity to reconcile conflicts, for under-
standing the utility of different rhetoric schemes in context, for
improving interpretability from linguistic signals, and finally,
for designing more inclusive civic media technologies that
support diverse narratives and framing.

Methodology
Data. We choose Twitter as our data source, which allows us to
observe users’ daily conversations as well as authentic reactions to
significant events. We adopt a quasi-experiment design (Lin et al.,
2017) that allows us to trace groups of focal users and compare
the language and narrative characteristics in their tweets before,
during, and after various events.

In our study, we first identify two groups of users from Twitter.
Our data collection extends a Twitter corpus collected in prior
work (Yang et al., 2017), where the authors identified two groups
of users—Trump-supporters and Clinton-supporters—who are
likely to have distinct political and ideological positions. The two
groups consist of those “exclusive followers”—i.e., Twitter users
who followed only one presidential election candidate but not the
other. The validation of whom the users supported was
conducted by statistically testing the extent to which the exclusive
followers posted tweets containing the support or disapproval
hashtags—either from the campaign slogans of the candidates or
simply stating the support, e.g., #MakeAmericaGreatAgain,
#ImWithHer, #DumpTrump, #NeverHillary, etc. In this work,
we use the two groups of supporters as a proxy for two ideological
camps. Gun-related debate has been highly political in the US,
and for years, there has been a sharp partisan divide over gun
issues, which suggests that the majorities of the supporters of the
two party candidates hold distinctive ideas or beliefs (ideological
basis) on this issue. We refer Trump-supporters and Clinton-
supporters in this study as “Con” and “Lib”, respectively, for
denoting these two camps’ ideologies.

The original collection includes user IDs and their timeline
tweets in a four-month period starting in August 2016. We
expand the data collection using a stratified sampling procedure
to account for different levels of user activities based on tweeting
frequency and their tweets for a longer period. (See the
Supplementary Information for the details of the sampling and
data collection procedure.) This procedure formerly resulted in
over 214,000 users. When analyzing the users’ contributions in
terms of percentage of total non-retweeted tweets posted by each
user, we found that the top 10% most active users contributed
70% of the collected tweets (see the Supplementary Information).
As our research aims to study the variation of narratives from a
diverse sample of users, we decided to focus on non-retweeted
tweets. Further, to avoid the analysis outcome to be dominated by
only a small set of users, we exclude the top 10% users (referred as
“super users”), who account for the disproportionately high
number of tweets, and focus our study on the bottom 90% of
active users who account for 30% tweets. While this significantly
reduces the number of tweets for further analysis, we argue that
this bottom 90% of users represent more diverse and typical users
in the groups. The data were collected from publicly posted tweets
using official Twitter Rest APIs. We also excluded the automated
accounts that potentially connected to the foreign interference in
political conversations on Twitter, including the Internet Research
Agency (IRA) associated accounts (Gadde and Roth, n.d.).

In total, there are over 66 million non-retweet tweets, produced
by users for whom we have their complete timeline tweets for

more than 30 months, including 77,954 users in the Con group
and 77,355 users in the Lib group. All retweets were excluded in
this study for the reason described earlier.

Event-related tweets and control set. We compile tweets from the
two groups of users for the selected three mass shooting events.
Each event set includes users’ tweets within a 4-week time win-
dow centered on the time of incident, referred as the Event per-
iod. To examine whether any measured differences in users’
tweeting language are attributable to the incidents, we identify an
equivalent period of 4 weeks for each event during one of its
preceding or succeeding years1, referred as Control period. This
design is similar to related work (Saha and De Choudhury, 2017)
and other causal inference literature. A comparison between the
event and control sets is likely to rule out measurement con-
founding effects triggered by unobserved factors such as seasonal
and periodic events. Table 1 summarizes the data for the event/
control periods.

Filtering tweets related to gun violence. To distinguish tweets
relevant to gun violence or policy issues among others in our data
collection, we adopt the list of keywords, phrases, and hashtags
used in Benton et al. (2016). The authors used several keywords
likely to be associated with guns or gun control in the US, and a
set of hashtags indicative of support for or opposition to gun
control (e.g., second amendment, #guncontrolnow, #gunrights,
#protect2a, etc.). Using keyword matching to retrieve relevant
tweets can be problematic and may lead to selection bias (King
et al., 2017). To mitigate this issue, we consider three subsets of
keywords (for, against, or ambiguous regarding gun control) from
the original list (Benton et al., 2016) as independent seed sets and
iteratively extended the list by adding keywords and hashtags
mostly likely to co-occur with the chosen words, to capture the
related tweets on either side to a great extent while avoiding the
bias toward a particular stance. We then chose keywords/hashtags
that consistently appeared in our dataset across events. (However,
we acknowledge that the natural decline in the use of some
hashtags was not accounted for in this study.) Next, we manually
examined the chosen keywords/hashtags to exclude those that
have been largely used in advertising (e.g., #pewpew, #ak47,
#glock). Our extension includes hashtags used for supporting
control (e.g., #disarmhate, #wearorange), gun rights (e.g., #2a),
and for either side (e.g., #SecondAmendment, #2ndamendmend,
#nra). Finally, relevant tweets were extracted through keyword
matching.

The presence of bots and elites, as shown to be influential in
prior work (Varol et al., 2017; Rizoiu et al., 2018), can be a
concern in our analysis as we aim to study the variation of
narratives from a diverse set of users. To examine the impact of
likely bots and elites in the set of relevant tweets, we estimate the
extent to which these tweets are contributed by the likely bot
accounts and the elites. The proportion of likely bots was
estimated using the Botometer API (Botometer, 2018), and that of
elite or highly popular users was measured based on users’
follower counts and the number of retweets received per tweet
sent. We found that the contribution of these relevant tweets
from likely bot accounts is negligible, and the contribution of
highly popular users in this relevant tweet set is no more than
that of the average users (see the Supplementary Information).

Table 1 lists the number of relevant non-retweet tweets (i.e.,
#Relevant) extracted from our dataset for the corresponding event
and control periods. Figure 6 shows the temporal variations of the
relevant tweets within a 4-week period for the events and
controls. Unsurprisingly, the numbers of relevant tweets,
aggregated on a daily basis, exhibit a sudden increase immediately
after the incidents of all three events. There appeared to be an
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observable second spike after the first peak in both Event-1 and
Event-3, due to the subsequent development following the mass
shooting events. The former corresponds to the House Demo-
crats’ day-long sit-in protest over gun control, and the latter is
associated with President Trump’s meeting with the students and
teachers affected by the school shooting.

Quantifying linguistic dynamics
Extracting linguistic features. Prior studies have shown that dif-
ferent social groups, when faced with social issues, can respond
differently in terms of various moral value principles and emo-
tions. To quantitatively analyze such variation of language use
across events, we first employ the Linguistic Inquiry and Word
Count (LIWC) (Tausczik and Pennebaker, 2010), a psycho-
linguistic lexicon-based measuring method that has been widely
adopted to analyze the use of linguistic markers in large text
datasets. LIWC relies on a human-validated word list associated
with various linguistic and affective categories. Our study focus
on two key aspects regarding how users communicate their
thoughts and causal stories in tweets: (1) Causal attribution
(category: cause), and (2) Affective attributes (categories: sad,
anxiety, and anger).

We extract tweets associated with the aforementioned
categories (see Table 2). We further conduct a manual verification
step on a random sample set of tweets to validate whether the
extracted tweets can be reasonably measured based on the
lexicon. (See the Supplementary Information for the verification
details.) Overall, most of the examined categories have a high
precision above 90%, with the lowest being 73.3% (anger),
suggesting a reasonable applicability of these linguistic measure-
ments in our studied context. The implication of some of the false
positive cases will be discussed in a later section.

Analysis of change and variation. We present our analysis
approach for examining the change and variation of linguistic
features in groups’ tweets. Most prior studies focus either on
comparison across time (e.g., using time-series analysis (Saha and
De Choudhury 2017)) or on comparison across groups (e.g.,
using odds ratio (Chung, Wei, et al., 2016)). None of these allows
for a statistical comparison of groups’ changes while taking into
account the baseline temporal variation within individual groups.
We propose the following analysis that simultaneously satisfies
these requirements: comparing the differences in the before–after
change (i) against controls, (ii) between groups, (iii) accounting
for the baseline temporal variation within groups, and (iv)
enabling analysis for short-term and longer-term changes.

Our analysis is based on the Poisson rate estimation. The
Poisson model has been widely used for modeling the event
occurrence in a given time interval. Let λ be the mean rate of
event occurrence, the probability distribution of an event X can be
modeled by a Poisson distribution characterized by a single rate
parameter λ, as X ~ Pois(nλ), where n represents the time interval
(assumed known) for the Poisson process with the given rate λ.

To compare event occurrence rates from two groups of events,
X ~ Pois(nxλx) and Y ~ Pois(nyλy), one could test whether the

rates ratio
λy
λx
is significantly different from, greater, or less than a

specify value. We use the probability-based method (Hirji, 2005)
to estimate the p-value and confidence interval.

In our analysis, we assume the occurrence of a linguistic feature
in tweets within a given time window (e.g., number of tweets
containing words in the linguistic category “anger” in the first
week) can be modeled by a Poisson distribution. We first examine
the change of a linguistic feature occurrence in tweets with respect
to the feature occurrence base rate, where the base rate, denoted as
λb, is estimated based on the mean feature occurrence rate within
the 2-week window prior to the incident (before-event rate). We
then quantify the change for a time window T after the incident
w.r.t. its base rate by testing the before–after rate ratio, i.e., the
ratio of two Poisson rates θ= λa

λb
, where λa the mean feature

occurrence rate within the time interval T (after-event rate). The
observing time window T can be chosen as the 2-week period
since the incident. To further compare the immediate and slightly
longer-term changes, we examine the feature occurrence rates for
different time periods following the time of the incident: within
the first 48 h, between day 2 and day 7, and within the
second week.

To examine the change of feature occurrence in an event
period against its control, we first quantify the change for the
equivalent time interval T during the control period by estimating
the before–after rate ratio—the rate in T over the base rate within
the 2 weeks prior to the control time. Let θevent and θcontrol to be
the before–after rate ratios for a pair of event and control, their
difference in change is then quantified as the ratio difference
Δ= θevent− θcontrol. Likewise, to compare the difference in
changes between two groups, we first compute the change within
an equivalent time interval T for each group, and then examine
the difference between the before–after ratios of the two groups.

Human coding on narrative patterns
Extracting narrative components. To identify whether and what
narrative components were employed in the gun-related tweets,
we developed a coding scheme through a three-stage iterative
human coding process that incorporates: (1) an exploratory phase:
examined the applicability of the prior coding schemes from NPF
(Shanahan et al., 2018; Merry, 2016) and determined a taxonomy
system that is suitable for our data, (2) a pilot phase: tested our
coding scheme that emerged from the first exploratory phase and
conducted reliability testing, and (3) a coding phase: coded data
following our created coding scheme. We first present the final
classification taxonomy derived from our coding process and then
discuss the details of coding procedure.

Classification taxonomy. Our final classification scheme includes
a relevancy indicator and four narrative components. The binary
relevancy indicator indicates whether a tweet content involves a

Fig. 6 Daily counts of gun-issue-relevant tweets produced by the two groups. The reference vertical line represents the date (in UTC) of both the event
and its corresponding control set.
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narrative for gun-related issues (0: irrelevant, e.g., gun users
discuss a gun model; 1: relevant). The four narrative components
include: (1) Stance: whether the narrative involves a policy stance
and in what way (0: no; 1: support gun control; −1: oppose gun
control; 0.5: mixed, e.g., support both gun control and rights); (2)
Moral Solution: whether the narrative involves call to action,
advocating for or against a particular policy solution (0: no; 1:
yes); (3) Rhetoric Scheme: rhetoric strategies used to promote a
stance or advocate a policy solution (0: no rhetoric scheme
identified; 1–7: types of rhetoric schemes; see Table 4 for defi-
nitions and illustrative examples); (4) Attributional Element: This
includes five elements, each has a binary code (0: no; 1: yes) to
indicate whether the element appears in the narratives: (i) Hero: a
person/group who act(s) to resolve the problem, (ii) Victim: a
harmed person/group, (iii) Villain: a person/group who does
harm, (iv) Blame Target: who/what to be responsible or blamed
for the problem, and (v) Nature of Problem: whether the narrative
involves an effort to communicate about what exactly the nature
of the problem is or the focal issue should be.

Sample tweets for coding. We sampled tweets to be coded from all
the gun-issue-relevant tweets posted by the two groups, and
further restricted the samples to tweets with cause keywords in
order to better capture tweets involving causal attribution.
Throughout the coding process, we create multiple stratified
sample sets by randomly sampling an equal number of tweets for
each group, each event, and each stage (before, within 48 h, day
2–7, and week 2).

Coding procedure. We summarize the three phases: (1)
Exploratory phase: A set of 50 randomly sampled tweets (25 for
each camp) was used. The two authors conducted a preliminary
coding together that started with an NPF coding guidance sug-
gested by literature (Shanahan et al., 2018), in which the coders
thought aloud to each other and deliberated on the taxonomy
system. Through the process, the two coders agreed on the nar-
rative components and codes that were modified or extended
from the NPF scheme. An emerging new scheme, scheme-beta,
was created. (2) Pilot phase: Another new set of 160 randomly
sampled tweets (80 for each group) was used to test the reliability
of the scheme-beta. Two authors conducted the coding separately;
each coded all of the 160 tweets. The results of inter-rater relia-
bility, indicated by Cohen’s kappa, were mostly moderate to
substantial (Relevancy indicator: 0.55; Stance: 0.70; Moral: 0.41;
Rhetoric Scheme: 0.40; Hero: 0.47; Blame Target: 0.40; Problem
Nature: 0.43). Victim has a fair agreement (0.32). Villain has the
lowest agreement (0.14). Through discussion, most of disagree-
ment was due to that in the second phase, there were some new
narrative scenarios that did not appear in the first phase, so the
coders encountered ambiguity to assign an appropriate code. The
coders then re-organize the categories to include the new themes.
Through this process, the coders resolved the issues and agreed
upon 99% of the codes in the end of this phase. The coding
scheme was revised and finalized as scheme-final. Then, another
set of randomly sampled 160 tweets was used to test the reliability
of scheme-final. Two coders coded separately, and the values of
Cohen’s kappa for relevancy indicator and all narrative compo-
nents ranged from 0.61 to 0.79, suggesting substantial agreement.
The two coders then again discussed the disagreement. Similarly,
the inconsistency occurs when the tweet contents did not fit in
the original categories well. The coders again revise the codes to
include all the tweets, and finally agreed upon 99% of the codes.
(3) Final coding: An additional set of 160 tweets were coded
following the coding scheme-final independently by either of the
authors.

Analysis of change. Through the coding process, we obtained a
total of 480 tweets with human coded results. The raw frequencies
of narrative components are 414, 117, 358, 370, 64, 104, 44, 121,
and 177 for Relevancy, Moral Solution, Rhetoric Scheme, Stance,
Victim, Villain, Hero, Problem Nature, and Blame Target,
respectively. We further analyzed the frequencies by stages,
events, and groups, in order to differentiate group differences and
changes over time.

Data availability
The dataset analyzed in this study is available at: https://github.
com/picsolab/gun-narrative-tweets.
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Note
1 Due to the high frequency of mass shooting events in the US, we have to carefully
identify an equivalent period in one of the preceding or succeeding years that did not
cover a major mass shooting event. For example, for Event-1 (incident on 2016-06-12),
there were mass shooting events happening within the equivalent 4-week period in
both 2015 and 2017. Therefore we have chosen the control period in 2018.
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