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Abstract

There is a critical need to improve trauma-informed services in structurally marginalized
communities impacted by violence and its associated traumatic grief. For community resi-
dents, particularly gang-associated youth, repeated exposure to traumatic grief causes seri-
ous adverse effects that may include negative health outcomes, delinquency, and future
violent offenses. The recent proliferation of digital social media platforms, such as Twitter,
provide a novel and largely underutilized resource for responding to these issues, particu-
larly among these difficult-to-reach communities. In this paper, we explore the potential for
using a human-machine partnered approach, wherein qualitative fieldwork and domain
expertise is combined with a computational linguistic analysis of Twitter content among 18
gang territories/neighborhoods on Chicago’s South Side. We first employ in-depth inter-
views and observations to identify common patterns by which residents in gang territories/
neighborhoods express traumatic grief on social media. We leverage these qualitative find-
ings, supplemented by domain expertise and computational techniques, to gather both trau-
matic grief- and gang-related tweets from Twitter. We next utilize supervised machine
learning to construct a binary classification algorithm to eliminate irrelevant tweets that may
have been gathered by our automated query and extraction techniques. Last, we confirm
the validity, or ground truth, of our computational findings by enlisting additional domain
expertise and further qualitative analyses of the specific traumatic events discussed in our
sample of Twitter content. Using this approach, we find that social media provides useful
signals for identifying moments of increased collective traumatic grief among residents in
gang territories/neighborhoods. This is the first study to leverage Twitter to systematically
ground the collective online articulations of traumatic grief in traumatic offline events occur-
ring in violence-impacted communities. The results of this study will be useful for developing
more effective tools—including trauma-informed intervention applications—for community
organizations, violence prevention initiatives, and other public health efforts.
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Introduction

Exposure to community violence and its associated trauma is a pressing concern. In the
United States, an estimated 38% of adolescents have witnessed community violence [1].
These statistics are even more striking in major cities, such as Chicago, where 30% of youth
have witnessed a homicide and where, by the age of 15, more than 70% have witnessed at
least one serious assault [2]. These numbers are particularly elevated among gang-associated
youth and their neighborhood peers, who are overrepresented as victims [3]. Such exposure
to violence often results in traumatic grief—defined as the combination of trauma and loss
that results from the sudden death of a friend or loved one and that is especially likely in the
aftermath of a homicide [4]. Traumatic grief is associated with a range of negative psycholog-
ical, developmental, educational, and other social outcomes, including involvement in future
violence [4, 5]. Unfortunately, youth in hypermarginalized communities affected by gang
and gun violence are among the most difficult-to-reach populations in terms of detecting
and addressing traumatic grief. New and innovative research and intervention strategies are
sorely needed.

This study addresses this need through a mixed-method, human-machine partnered
approach that combines qualitative fieldwork, domain expertise, and computational linguistic
analyses to pursue two interrelated questions—one empirical and one methodological. Empiri-
cally, we investigate how youth and other residents in communities affected by gang violence
use social media to articulate and process traumatic grief, particularly in the context of ongo-
ing surveillance and the threat of confrontation by law enforcement, school administrators,
and rival gangs. Methodologically, we pursue the question of how to use social media data and
computational methods to gather more reliable, scalable, and actionable data on vulnerable,
difficult-to-reach, and often “system-avoidant” populations. As Decker and Pyrooz [6: 359]
pointedly remind, the search for valid and reliable measures of victimization, particularly
among gangs and gang-associated individuals, remains “one of the vexing problems” for crim-
inologists, sociologists, and social scientists more generally. Against this backdrop, we also ask
how the integration of qualitative methods and domain expertise can enhance the validity, or
“ground truth”, of our computational linguistic analysis. Ground truth is defined as the corre-
spondence between patterns identified by computational techniques and patterns that exist
“on the ground” [7-10]. We adapt this term from meteorological research, where it denotes
the practice of checking weather forecast models against direct observations of weather
conditions occurring “in the real world” (e.g., verifying that a tornado has in fact touched
down at the geographic coordinates indicated by models and remote sensing). In our human-
machine partnered study of social media, ground truth refers specifically to the correspon-
dence between online signals of traumatic grief and the offline traumatic events that generate
those signals.

Applying our collaborative approach to a sample of tweets about traumatic grief associated
with 18 different Chicago gang territories/neighborhoods over a five-year period (2012-2016),
we find that Twitter contains useful and accurate signals for identifying elevated levels of col-
lective traumatic grief, as measured through the increased frequency of tweets about traumatic
grief uploaded from a given territory/neighborhood. The qualitative fieldwork proved highly
informative in revealing key processes by which residents used social media to articulate and
process traumatic grief. These processes primarily entailed two forms of collective traumatic
grief: first, acute grief immediately following loss and, second, grief occurring during anniver-
saries of loss. The application of computational methods and domain expertise further con-
firms the generalizability of these two forms of traumatic grief articulation, while also
providing evidence for a third, “general,” form of traumatic grief articulation.
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Our study makes a number of key contributions to the existing academic literature and pro-
vides insights for building community-based interventions that effectively use social media
technology. First, our unique study design allows us to better exploit the strengths of both
qualitative and computational methodology. The rich, detailed data produced through qualita-
tive, “small data” techniques contribute to the formulation of the initial hypotheses, operative
keywords, and analytic strategies for the computational, “big data” component of our study,
while also enabling the research team to verify the ground truth of the computational results.
Conversely, the computational techniques greatly ensured the generalizability of the qualitative
findings. Second, our approach uses “online gang identifiers” as a novel substitute for estimat-
ing the spatial context of tweets that otherwise lack location information. Third, this spatializa-
tion technique permits us to move beyond the conventional research focus on individual
Twitter users as the unit of analysis to analyze online articulations of collective, traumatic grief
that occur at the community level. Finally, our approach lays a sociologically grounded foun-
dation for addressing trauma associated with community violence through the use of nonpu-
nitive and trauma-informed programs, thereby reducing the harms (and additional trauma)
currently produced by the growing use of social media by law enforcement for arrest and
incarceration [11].

To allow for future research and intervention efforts to replicate and build on our approach,
we have divided the remainder of the article into five sequential sections. First, we introduce
the theoretical background and motivations driving our research, discussing the potential
insights that social media data present for better understanding collective traumatic grief as
experienced in impoverished, structurally marginalized, and criminalized urban communities,
particularly Black, Indigenous, and Latinx communities. Next, we detail the methods and find-
ings from over three years of in-depth, multi-faceted qualitative fieldwork. We draw particular
attention to the concrete modes by which community members in gang territories/neighbor-
hoods express traumatic grief online in response to traumatic events occurring offline. We
then discuss our methods for the computational linguistic analysis, detailing how qualitative
fieldwork produced keywords and strategies for querying and extracting traumatic grief- and
gang-related tweets from the general Twitter stream, and for building a supervised machine
learning classification system to more accurately create an analytic sample of relevant tweets.
Next, we detail our methods for verifying the ground truth of our approach, enlisting domain
expertise, content analysis of tweets, and archival searches to verify that online expressions of
collective traumatic grief identified by our query, extraction, and classification process do in
fact correspond to, or “match”, offline traumatic events. We conclude by presenting the theo-
retical and methodological implications of our approach, discussing the limitations, ethical
considerations, and potential intervention applications of our research.

Theoretical background and justification: Traumatic grief, gang
violence, and digital social media

Public health researchers and professionals have increasingly recognized the detrimental
impacts of violence-related traumatic grief on the well-being of communities, and particularly
youth [12]. Mental health research demonstrates the deleterious impacts of witnessing the vic-
timization of family and/or close friends [13]. For example, in a study of 245 African-Ameri-
can and Latinx boys living in inner-city Chicago, Gorman-Smith and Tolan [14] found that
those individuals who had witnessed a beating, seen someone shot or killed, or had been the
victim of a violent act reported elevated levels of anxiety, depression, and aggression. These
emotional states are particularly likely to occur during moments of elevated traumatic grief,
which may often occur following an acute violence or loss event. Traumatic grief also causes
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indirect, “collateral” impacts. Exposure to violence impairs the students’ ability to concentrate
and to access their stored memories, thereby resulting in poor school performance [15].
Importantly, traumatic grief is a collective, community-wide phenomenon. Local residents
may not even be required to directly or personally experience violence to feel its traumatic
effects. Sharkey [16] found that students who took a cognitive test in the days following a
homicide in their neighborhood scored lower than their peers who took the test at a different
time. In the aggregate, neighborhood violence accounts for almost half of the association
between neighborhood disadvantage and high school graduation among boys and almost all of
the association among girls [17].

Given the strong link between gang affiliation and exposure to homicide, gang-associated
youth and their peers are likely to experience the highest levels of traumatic grief in their com-
munities. Although young people typically form, join, and associate with gangs for safety, this
association actually increases their risk of victimization [18]. Unfortunately, in terms of public
health and mental health interventions, gang-associated youth, peers, and fellow neighborhood
residents are among the most difficult-to-reach and underserved populations. Unlike those
individuals experiencing traumatic grief in better-resourced neighborhoods, structurally dis-
advantaged minority communities—particularly those characterized by a high proportion of
gang-associated residents—are more likely to have had previous harmful contact with the
criminal justice system and to have experienced elevated levels of coercive state surveillance
[19-23]. Such contact results in system avoidance—defined as “the practice of individuals
avoiding institutions that keep formal records (i.e., enter them in the system) and therefore
heighten the risk of surveillance and apprehension” [19]. System-avoidant populations are less
likely to engage with employment institutions (e.g., workplaces), financial institutions (e.g.,
banks), educational institutions (e.g., schools), and—most important for the current study of
traumatic grief—health institutions (e.g., hospitals, counselors, and mental health profession-
als). In fact, individuals experiencing criminalization and surveillance have 33% higher odds of
not obtaining medical care, even when they need it [19].

Fortunately, the proliferation of social media and the accompanying development of
computational linguistic analyses has created new opportunities for detecting and addressing
mental health needs, particularly among system-avoidant populations who are far less likely to
proactively seek out mental health care or similar assistance. Twitter is especially useful in this
regard. Twitter is a free social networking and microblogging service that enables users to send
and read each other’s “tweets”—short, 280-character messages. The service currently has more
than 126 million daily users and processes approximately 500 million tweets per day [24]. The
range of Twitter’s mental health applications include, for example, predicting depression [25],
identifying responses to high profile suicides [26], and monitoring socialization surrounding
eating disorders [27]. Twitter’s large number of users and massive corpus of content represent
great opportunities for data and text mining [28]. By far, the greatest advantage offered by
Twitter analysis is its temporal immediacy. Twitter activity can be obtained and analyzed
almost instantaneously and via automated processes.

Twitter is even more useful given the composition of its user population. Today, Black
teens and millennials (ages 18-39 years) continue to rank as the most frequent users of Twitter,
engaging with the platform at approximately double the average rate of that of all Twitter users
[29, 30]. However, despite these continued usage trends, and despite the growth of #Black-
Twitter over the last half decade [31, 32], there is a dearth of public and mental health research
focusing specifically on Twitter use by Black populations. Although there is similarly scant lit-
erature on traumatic grief among gang-associated youth and their peers and even less research
on how this grief manifests online, a small handful of pioneering studies suggests that gang-
associated youth may indeed articulate their experiences of traumatic grief online [33, 34].
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Most notable is a series of research articles examining the Twitter activity of a now-deceased
gang-affiliated Black youth in Chicago [35, 36]. For example, Patton et al. [33] find that a sub-
stantial volume of the individual’s tweets appear to discuss death, loss, and grief.

The phenomenon of online “grief work,” or mourning the death of a loved one on social
media, is not unique to gang-associated youth and their peers [4]; however, what is distinct is
the heightened significance and potential consequences of public, online grief work among
this particular population. First, given the hypermasculine norms of street culture that disin-
centivize displays of vulnerability and weakness [37], and the experiences of surveillance and
criminalization that produce elevated system avoidance, online platforms, such as Twitter,
may represent one of the few acceptable outlets for expressing difficult emotions. Second,
given its elevated importance, the articulation of traumatic grief online may foreshadow, and
potentially even predict, violence both online and offline. Preliminary evidence suggests the
possibility of such a relationship. Patton et al. [34] find that tweets expressing loss are predic-
tive of tweets expressing aggression. In the day following tweets about loss, there is a 13%
increase in aggressive tweets. This number climbs to 21% in the second day, before falling to
statistically insignificant levels in the following days. Although no research to date has deter-
mined the precise association between aggressive social media content and offline violence,
one existing study has shown that, uploaded under certain conditions, a small number of
aggressive social media statements may catalyze retaliatory violence [38].

The few existing studies of online grief work among gang-associated youth and their peers
represent an important first step toward understanding and addressing a greatly-overlooked
and misunderstood phenomenon. However, previous research is characterized by several limi-
tations, which the current study seeks to overcome. First, prior studies have had difficulty veri-
tying the ground truth of the inferences drawn from online content. By focusing primarily on
decontextualized and disembodied tweets, and not integrating offline fieldwork alongside the
authors of those tweets, prior studies are limited in their ability to determine the offline con-
texts, meanings, and motives associated with those particular tweets. Existing approaches
similarly lack the methods necessary for verifying whether particular online expressions of
traumatic grief actually correspond to offline events. Second, current research has been limited
to studying tweets about traumatic grief at the individual level, and among individual users.
This limitation is due primarily to the fact that a vast majority of tweets (over 99%) lack loca-
tion information [39], which makes neighborhood-level data collection and analysis far more
difficult. However, as the literature shows, traumatic grief is often a community-wide phenom-
enon. As such, it is imperative to identify and examine collective expressions of grief that
occur within extended social networks and/or at the neighborhood scale. These limitations are
not merely academic; they have implications for building effective public health interventions
and ensuring the ethical treatment of long-maligned communities of color.

To overcome the limitations of previous research, we make good on boyd and Crawford’s
[40] provocation that “in this computational turn, it is increasingly important to recognize the
value of ‘small data™ (670)—that is, the data produced through deep, purposeful, in-depth
field methods, such as ethnographic observations and qualitative interviews. As Abreu and
Acker [9] argue, the most important characteristic of these small data methods is their capacity
to provide context surrounding online content, such as tweets, by collecting data not only
about the online content but also, and perhaps most importantly, about other events in the
individuals’ and the communities’ daily offline lives. In our case, the immediate empirical phe-
nomenon of interest is the online articulation of traumatic grief. However, offline context is
vital for understanding such online activity. Integrating small data methods thus enhances
ground truth, allowing us to discern the relationship between such online articulations and
their associated offline events (e.g., instances of homicide and traumatic loss). This approach

3%
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similarly allows us to more accurately uncover the social meanings and offline implications of
such online articulations. As with all social media data, tweets provide ample room for misin-
terpretation. Among outsiders, particularly among law enforcement and other surveillance
institutions, misinterpretation has already produced serious documented harms, including
increased punitive surveillance, expanded criminal justice entanglements, and even erroneous
convictions [38, 41, 42]. Furthermore, by shifting focus to the community level (i.e., analyzing
collective Twitter activity), our method reduces the dangers that this research will be used mali-
ciously to target individual Twitter users.

Qualitative fieldwork: Understanding traumatic grief on Twitter

How do gang-associated youth, their peers, and other local residents articulate and process
traumatic grief on social media? We began pursuing this question as part of a three-year, com-
munity-engaged, qualitative research project called the South Side Youth Violence Prevention
Project (SSYVPP). The SSYVPP’s aim was to investigate the broader role of social media in the
social organization of gangs, gang violence, trauma, and youth life on Chicago’s South Side.
Through a multiyear partnership with two community-based organizations, research team
members collected the following data: (a) four months of weekly observations of youth partici-
pants (ages 14-17 years) in a trauma-informed, violence-reduction after school program devel-
oped and codirected by SSYVPP; (b) 120 formal, in-depth interviews with neighborhood
youth (ages 15-25 years); (c) 24 months of daily observations of approximately 30 youth (ages
15-28 years) associated with a South Side gang faction known as the “Corner Boys,” or “CBE”
for short; (d) 12 months of daily observations of outreach workers, victim advocates, and
directors of a Chicago violence prevention organization. Fieldwork conducted for this study
was approved by the University of Chicago Institutional Review Board (#14-0829). Research-
ers obtained consent in both oral and written forms. One of the community partners—a city-
wide non-profit organization specializing in youth safety and violence prevention—served as
our community advisory board, assisted in study design, and provided input on interview pro-
cedures and questions, as well as interpretation of findings.

The qualitative fieldwork identified two primary practices by which gang-associated youth
and their communities articulate traumatic grief on Twitter: (1) expressing acute grief immedi-
ately following the loss of a friend or loved one and (2) expressing grief on the anniversary of a
significant loss or other important dates related to the deceased (e.g., birthdays). The fieldwork
also revealed important offline, contextual factors that accompany both of these uses of social
media. The most intense way in which communities collectively articulate traumatic grief
online—namely, expressions of acute grief—occurs in the hours and days immediately follow-
ing loss. For example, consider the Twitter activity following the murder of a young man
named Javon (known locally as “J-Boy”). During the fieldwork period, Javon was the victim of
a drive-by shooting. Javon was not formally gang-associated, but the deadly assault occurred
while he was walking with his best friend, who is named Junior and was affiliated with the CBE
gang faction. According to Junior, who survived the attack, a car full of rivals were driving past
when they recognized him and opened fire on both of the young men. When the news of
Javon’s death began reaching his peers and neighbors later that day, they immediately began
expressing their emotions on social media. On Twitter, peers and neighbors uploaded photos
of the young man, shared favorite memories, and communicated their sadness. The following
tweets were authored by different users in the days following Javon’s death:

« RIP J-Boy

« Can’t sleep Wish J-Boy was still here
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o I'lost another one Rest Up Javon CBE keep ya head up
o My boy Javon just died

« RIPJ-Boy #CBE

« LONG LIVE JAVON

The second primary mode of articulating traumatic grief is the expression of grief corre-
sponding to the anniversary of a loss. This mode consists of tweets intended to memorialize
the birthday or date of death of the deceased. In Chicago, residents refer to these anniversaries
as “dead homie days” and use these occasions to publicly convene to engage in block parties,
cook-outs, candlelight vigils, and other acts of remembrance. For example, following the
shooting death of a young man named Benzie, his friends, neighbors, and fellow CBE mem-
bers informally renamed the neighborhood the “Benzie Block”, began referring to CBE as
either the “Benzie Block” or the “Benzie Gang”, and declared both Benzie’s birthday and his
date of death to be “Benzie Day.” Twice a year, on these dates, neighborhood residents gather
at the site of Benzie’s death to memorialize him. On Twitter, neighborhood residents share
their memories of the young man, express their emotions over his loss, and spread invitations
for others to attend the day’s memorial:

« Happy BENZIE day to all my #CBE brothers
« RIP Benzie Its Benzie Day! #CBE

» Happy bday Big Benzie #RIP

o Turn up for Benzie Day S/O CBE

Some neighborhood residents more frequently engage in this form of expression. This form
of expression occurs among those who were particularly close to the deceased or who were
most impacted by the death. Rather than wait until a dead homie day, these residents use Twit-
ter to express their traumatic grief on a weekly or even a daily basis. A young woman named
Bree, one of Benzie’s best friends since childhood, is one such example. Throughout the field-
work period, Bree authored a tweet about traumatic grief memorializing Benzie every morn-
ing. She described this practice in an interview:

I'll try every day at 9:14 AM. I always track his—that’s his date [of death; September 14th]
and at 9:14 AM, I want to always put up something about him. I always save 9:14 AM for
Benzie. . .. They [the tweets] say “Benzie Block, we miss you,” and stuff like that.

Interviews and observations conducted with residents immediately following traumatic loss
and during anniversary periods provided critical contextual insights regarding the social
meanings of such online expressions. Expressions of traumatic grief on Twitter constitute a
collective practice of solidarity and support. Community members relayed that such tweets are
not simply a way for them to articulate their own pain and engage in mourning; rather, these
tweets are a vital means of communicating their continued love of, and commitment to, their
family, friends, and neighbors. One of Javon’s childhood friends articulated how he felt when
he saw the large number of neighborhood residents memorializing Javon on Twitter:

I could see [on Twitter] I ain’t alone. We all lost something when he died. Even some people
I didn’t know was even close to him. It’s crazy. We kinda, like, got a bond over that now.
He touched a lot of different people.
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Among residents, expressions of grief online—both immediately following a loss and dur-
ing anniversary periods—have become a sort of litmus test that residents use to determine the
depth of others’ love and sympathy for the deceased and, by extension, for themselves. As
another one of Javon’s childhood friends relayed:

You could see who really messed with [cared about] him [the deceased] by what they put
up [on Twitter]. That’s how I know who really got my back. When they show Javon love,
they really showing me love too. They know I'm over here messed up. If they don’t got time
to show him love, then I ain’t got time for them!

In the qualitative fieldwork, recurring linguistic patterns and associated social meanings
throughout traumatic grief tweets were found. First, these tweets frequently contained three
particular keywords to express loss of and fondness for the deceased. These were the following:
“RIP,” “Rest Up,” and “Long Live.” Unlike other keywords that residents use in times of dis-
tress, these keywords are highly specific to situations in which a loved one, peer, or neighbor
has died. These keywords are highly unlikely to be used in other contexts. This finding con-
firms previous studies of Twitter use among urban poor youth; these studies identified these
phrases as the top keywords for conveying feelings of loss [33, 35, 43]. Second, traumatic grief
tweets often mention the local gang faction, which is referenced either by its full formal name
(e.g., Corner Boys), an acronym (e.g., CBE), or a variant memorializing a deceased member
(e.g., Benzie Gang). These tweets also frequently reference the informal name of the gang terri-
tory/neighborhood, particularly when the area has been renamed in honor of a deceased resi-
dent (e.g., Benzie Block). Again, qualitative fieldwork identified multiple sources for this
pattern. Given the deep social significance of traumatic grief tweets—particularly their capacity
to convey the collective support for peers, neighbors, and the community at large—gang-asso-
ciated youth are among the most prolific authors of such tweets in their neighborhoods. For
residents who are not affiliated with gangs, mentioning the name of the local gang faction in a
tweet often constitutes a means for conveying support or at least a lack of animosity toward
the local faction. For example, residents seek to communicate that they will not call the police
on the gang members or interfere with their illicit economic activity. For some residents in the
fieldwork communities, the local gang faction name has also become interchangeable with, or
even a substitute for, the official name of the neighborhood. Thus, both residents associated
with gangs and residents not associated with gangs primarily refer to their neighborhood in
gang terms—for example, as Benzie Block. In fact, such self-identification has become a pre-
mier means for longtime residents to convey their community pride and cement their elevated
status as a “local.” These informal neighborhood labels frequently appear on custom silk-
screened shirts and throughout social media activity, including Twitter handles, user descrip-
tions, and other content. As previous research has consistently shown, the local residents’ out-
ward identification with, and support for, local gang factions is common in violent and/or
gang-controlled neighborhoods [44, 45].

These qualitative findings shed much needed empirical light on the ways in which gang-
associated youth and their communities articulate traumatic grief on Twitter. However, as is
the case with many qualitative studies, it is difficult to assess the generalizability of these find-
ings beyond the sample population. Although the qualitative data collection was extensive and
included residents from multiple neighborhoods and gang territories, several important ques-
tions remain: To what extent do residents in other Chicago neighborhoods and gang territories
collectively articulate traumatic grief on Twitter? How common is this practice, generally, and
how prevalent are the two modes of grieving, specifically? In the following section, we detail
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how we examined these questions by developing a computational linguistic analysis of the
larger, daily Twitter stream.

Computational analyses: Using Twitter to identify moments of
collective elevated traumatic grief

Informed by our qualitative fieldwork, we sought to develop a computational approach that
leverages Twitter data to observe our phenomenon of interest—moments of collective trau-
matic grief occurring in gang territory/neighborhoods. One of the primary challenges in using
social media data to identify offline events and mental states is that social media data contain
high levels of noise. Given the vast and varied uses and users of Twitter, even the most careful
search of the Twitter stream can return a large amount of irrelevant or unrelated content. This
dilemma is compounded by the use of automated search methods, which often lack the capac-
ity to process nuanced meanings and context-laden content, and run the risk of creating “auto-
mation bias” [46]. To address this challenge—to reduce the noise contained in the sample of
tweets used in our analysis—we developed sequential steps for preprocessing and a machine
learning classification to distinguish relevant from irrelevant tweets. The following subsections
detail our method. Fig 1 provides an overview of the workflow.

Keywords for Twitter query and extraction

The first step in extracting only gang- and traumatic grief-related tweets from the massive
Twitter stream was to generate a list of keywords to use as search terms to query Twitter.
Given that keywords selection can introduce error and bias results, it is imperative to carefully
evaluate the potential keywords. Our selection of keywords was greatly enhanced by qualitative
fieldwork. The selection of keywords began with gang-related keywords. First, to assemble a
sample of gang territories/neighborhoods on Chicago’s South Side, we drew on the Chicago
Police Department’s list of gang factions (and their territories), which is published in the latest
Chicago Crime Commission Gang Book [47]. Recent criminological research supports the
robustness, reliability, and validity of police and other agency reports of gang crime, gang prev-
alence, and gang membership [6]. Decker and Pyrooz [6: 371] contend that “those who argue
that gang measures reported by the police are political, haphazard, or unreliable, now face the
burden of documenting that such claims are true.” Nevertheless, given the ethical implications
of our study for criminalized, surveilled, and vulnerable populations, we sought additional ver-
ification of the gang data delineated in the Gang Book. We consulted with local organizations,
youth residents, and other community stakeholders about our list of local gangs and gang ter-
ritories. Together, we constructed a sample of 57 unique gang territories/neighborhoods. We
selected these 57 areas based on the stability of the gang faction and the geographic diversity in
our sample. In a later step, we further narrowed our sample to the 18 gang territories/neigh-
borhoods with a stable online presence (which we defined as having at least 100 relevant tweets
in our study period).

Second, we determined the “online gang identifiers” for each gang territory/neighbor-
hood in our sample by consulting the qualitative data, interviewing gang-associated youth,
and conducting online searches. These keywords consisted of the formal gang faction
names, acronyms, informal names based on online grieving practices, associated hashtags,
and other relevant words and phrases that residents associated with gangs or not associated
with gangs use to signal their affiliation with, or proximity to, particular gang territories and
neighborhoods.

Our use of online gang identifiers allows us to approximate each tweet’s spatial context—
that is, the physical location of the events discussed and people referenced in the tweet. This
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Fig 1. Workflow for qualitative fieldwork, machine learning classification, and content analysis.

https://doi.org/10.1371/journal.pone.0236625.9001
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represents a novel technical advance, and it allows us to group tweets that refer to a collective
experience. One of the main obstacles preventing neighborhood-level analyses using Twitter
data is the lack of systematic locational data provided by users, who overwhelmingly turn off
location services. Previous studies report that only 0.85% of all tweets are geotagged [39]. As a
result, although computational linguistic analyses may be able to ascertain users’ potential sen-
timents and mental states, it is difficult to discern the precise location of the events associated
with these sentiments and mental states. Some researchers have addressed this challenge by
restricting their studies to only incorporate geotagged tweets or those authored by known sub-
jects; however, this leads to severely diminished sample sizes [33, 35]. This approach is particu-
larly problematic when research draws on content from gang-associated and violence-
involved Twitter users, who are even less likely than the general public to turn on location ser-
vices. Rather than omit nongeotagged tweets from our study, our methodological approach
employs the Twitter users’ self-identification with, or mention of, a particular gang faction and
a territory as a substitute measure of spatial context. Because gang factions inhabit and control
particular neighborhood streets and blocks as part of their turf [48-50], those who self-identify
with a given gang on Twitter via online gang identifiers are likely to live in, spend considerable
time in, or, at minimum, have meaningful social ties with those who inhabit that gang’s desig-
nated space. Of course, it is plausible that some users may upload tweets containing such
online gang identifiers while physically located outside of the gang territory/neighborhood—at
school or work, for example. Even in such cases, these users are nonetheless actively expressing
their identification and affiliation with a distinct gang territory/neighborhood. Furthermore,
whatever their exact location at the time of their post, such tweets reference or are directed
toward the specific events and people within that particular gang territory/neighborhood.
Given that our analysis is ultimately concerned with identifying online signals of offline events
experienced collectively, the use of online gang identifiers is a systematic and specific method
for identifying tweets expressing traumatic grief that reference the same local context.

In total, our process produced 340 online gang identifiers (search terms that uniquely iden-
tify one gang faction), with an average of 4 identifiers per gang faction in the sample. We
excluded gang identifiers that consisted primarily of numbers (e.g., “#700,” or “059”) because
of the numbers’ lack of specificity and their elevated probability of returning irrelevant tweets
(tweets where the identifier appears but is used to refer to something other than the phenome-
non of interest). (Note that this is an observational study. In compliance with Twitter user
agreements, our computational analysis draws on retrospective, publicly available Twitter
data. To minimize any threat to personal privacy, we have obscured any mention of user han-
dles in our presentation of findings. We also refer to gang factions in the computational analy-
sis and findings by number rather than by name).

Our selection of traumatic grief-related keywords was similarly enhanced by qualitative
fieldwork and additional computational techniques. First, ethnographic fieldwork, interviews,
and consultations with local organizational partners revealed three keyword phrases that are
most likely to be utilized to express traumatic grief: “RIP,” “Long Live,” and “Rest Up.” Second,
we evaluated the appropriateness of these keyword phrases by performing Latent Dirichlet
Allocation (LDA) topic modeling on all gang-related tweets collected in the month following
the murder of Javon (detailed above in Section 3) [51]. LDA is a standard method for automat-
ically discovering the topics and sets of topics contained in a corpus of text. LDA allows
researchers to assess which words and groups of words are most likely to be associated with a
given topic—in our case, traumatic grief. Our domain expert annotators reviewed the top key-
words that resulted from the LDA topic modeling. Excluding the various derivations of the
names of the victim, gang, and gang territory/neighborhood, 5 of the 6 most frequently
tweeted traumatic grief-related words reflected at least one of those that we previously
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identified in our qualitative fieldwork. In order of frequency, these keywords were the follow-
ing (with their respective rank noted in parentheses): RIP (1), Live (3), Long (4), Peace (5), and
Rest (6). Our selection of traumatic grief-related keywords is further confirmed by recent stud-
ies of the expressions of loss and grief by gang-associated youth on Twitter [36, 41, 52]. Much
of the analytic strength of our three traumatic grief keywords is rooted in their specificity.
These keywords are highly specific to situations in which a loved one, friend or neighbor has
died. It is extremely rare that these keywords are used to express emotions for situations other
than this type of traumatic loss.

Twitter query and extraction

After finalizing our selection of traumatic grief keywords and gang keywords for our sample of
Chicago gang factions, we collected all tweets from January 1, 2012, to December 31, 2016,
that contained a combination of at least one traumatic grief keyword and one gang keyword.
To do so, we used the Premium Twitter Application Programming Interface (API). The API is
a set of routines, protocols, and tools that allow for the creation of applications for accessing
and downloading the data of an operating system or platform, which in this case, was Twitter.
To maximize our potential returns, we also collected all tweets that contained a combination
of at least one traumatic grief keyword (e.g., “RIP”) and one gang keyword appended by the
suffix “k.” This suffix is short for “killer” and is used to simultaneously identify one’s own gang
faction and one’s rival gang faction.

Pre-processing. Before any preprocessing, the query returned 101,186 total tweets. We
began preprocessing the data by using several methods. First, given our underlying interests in
traumatic grief and coping as a community-level phenomenon, we excluded duplicate tweets
sent from the same Twitter user on the same day. Duplicate tweets from the same user were
recorded as a single tweet. Second, we excluded any tweets that did not contain at least one
grief-related keyword and one gang-related keyword in the tweet body or “text field.” Third,
we excluded tweets whose text field mentioned another Twitter user whose handle contained
one of the traumatic grief keywords. Fourth, in order to prevent the skewing of our analysis as
a result of retweets, we excluded all retweets. After performing a sequence of string processing
operations, our refined dataset contained a total of 33,517 tweets, of which 30,314 tweets con-
tained the word “RIP”, and 3,165 tweets contained “Rest Up” and/or “Long Live”. Finally, after
the annotation by human experts, to allow the use of our classification algorithm on tweets
assigned to any gang faction in the dataset, we rendered each tweet nongang specific. To do so,
we masked gang identifiers, urls, email addresses, phone numbers, and mentions by replacing
them with _IDENTIFIER_, _URL_, _EMAIL_, etc. We also converted the text to lowercase
before masking (to ensure an exact match of gang identifiers), replaced punctuations with
spaces, removed tokens of size 2 or shorter, replaced 3 or more occurrences of the same char-
acter with one (e.g., looool became lol), and lemmatized the text. To allow human annotators
access to the full text, we masked online gang identifiers after the hand-coding.

Hand-coding and classification of relevant tweets

Studying traumatic grief associated with gang violence on Twitter is difficult because the trau-
matic grief keywords and the gang keywords frequently appear together in tweets that are not
related to traumatic grief or gangs in Chicago. We refer to these tweets that fail to use the key-
words in relation to the phenomenon of interest as “irrelevant tweets.” To classify relevant and
irrelevant returns from Twitter and thus improve our ability to track traumatic grief online,
we developed the following machine learning approach.
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We used supervised learning to construct a binary classification algorithm that sorted the
tweets returned by the query process into two groups: relevant or irrelevant. First, hand-coding
annotation was performed by two domain expert members of the research team, both of
whom are PhD sociologists with over 18 combined years of experience in researching and
designing interventions related to urban violence, gangs, and trauma. These annotators were
also the research team codirectors of the SSYVPP after-school program and lead researchers
on the qualitative data collection process. Drawing from their expertise and insights gained
during the qualitative fieldwork, the annotators mutually created a set of rules to assess
whether a given tweet was indeed “relevant” or “irrelevant.” The rules were as follows:

o Tweets that contain at least one traumatic grief keyword and at least one gang keyword were
considered to be indicative of relevant tweets.

o Tweets that discuss events occurring outside of the city of Chicago, discuss the deaths of
celebrities or other famous individuals, lack one of the trauma grief keywords or online gang
identifiers, or use a keyword or identifier primarily in non-trauma- or non-gang-related
ways were considered to be indicative of irrelevant tweets.

Following these mutually agreed upon rules, the annotators coded a randomly selected sub-
set of 2,219 tweets from 2016 to create a training set for the purpose of classification. Each
annotator independently reviewed the content of each tweet and determined whether it was
relevant or irrelevant. The raters had near perfect agreement—the interrater reliability metric,
Cohen’s [53] kappa, was found to be .95 (where 1.0 corresponds to 100% agreement between
annotators). The few discrepancies were resolved through mutual discussion. Of the training
set, this process identified 861 total tweets as relevant and 1,358 tweets as irrelevant. Alterna-
tive classification and validation techniques support our methodological approach (see S1
Appendix).

After preprocessing and classifying relevant tweets (see S1 Appendix), we found that only
18 gang factions had a stable online presence over our 5-year study period (defined as at least
100 relevant tweets over the study period), and therefore, we further reduced our sample. For
this reduced sample of 18 gangs with a stable online presence, our procedure identified a total
of 12,486 traumatic grief-related tweets, which constitutes our analytic sample.

Matching elevated traumatic grief on Twitter to offline events
Identifying spikes in collective traumatic grief on Twitter

Up to this point, we have described how our novel approach uses Twitter data to observe,
almost in real time, the latent phenomenon of collective traumatic grief among gang-associ-
ated youth. We are now positioned to evaluate the effectiveness of this approach: we will assess
how well the online signals of traumatic grief on Twitter, as identified by our approach, corre-
spond to, or “match”, real-world, offline events. In this section, we present descriptive findings
that suggest our approach provides a relatively high match rate and satisfies the need to ensure
ground truth.

Recall that our underlying intention is to identify specific calendar days that are character-
ized by elevated levels of collective traumatic grief associated with a particular gang territory/
neighborhood. For the 18 gang territories/neighborhoods in our analytic sample, the daily
average of traumatic grief-related tweets was 0.35. Despite this relatively low daily average,
many days were characterized by noticeable increases, or “spikes,” in traumatic grief-related
tweets, reaching as high as 155 tweets in a single day. Given our concern with the most acutely
and collectively experienced moments of elevated traumatic grief, and guided by our
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theoretical background, we focused our analysis on the top 1% of such single-day spikes for
each gang faction in the subsample. This approach produced a total of 114 single-day spikes,
with an average of 12.53 tweets per spike. To ensure that the metric is comparable across gang
territories/neighborhoods, we identify spikes relative to the baseline for each particular gang
territory/neighborhood. This standardization process is necessary to make comparisons across
various territories/neighborhoods characterized by relatively different sized populations and
tweet frequencies. Standardization is also accomplished by excluding retweets and collapsing
identical tweets authored by the same user on the same day into a single tweet. We do not
exclude or collapse when users author the same tweet text on the same day, because such
online expressions are key instances of collective expressions of traumatic grief. Fig 2 provides
examples of standardized spikes in four of the gang territories/neighborhoods in the sample.

Evaluating ground truth: Description of spikes in collective traumatic grief
tweets

To understand the extent to which expressions of collective traumatic grief on Twitter corre-
spond to, or match, offline traumatic events and mental states, under the supervision of
domain expert annotators, the research team examined the text field of every tweet that com-
prised each spike in Twitter activity to identify the names of the specific individual subjects to
whom the “RIP,” “Long Live,” and “Rest Up” keywords were applied. By consulting the Twitter
users’ profiles, using the Twitter search function, and conducting Google searches, the research
team identified the full legal name, date of death, and birthdate (when possible) of each subject.
Team members triangulated this information by using a variety of archival sources, including
homicide victim databases provided by the Chicago Sun-Times, Chicago Tribune and other
local publications.

For example, for one of the gang factions in the subsample (Gang 6), our process identified
the following five-tweet spike (with each tweet authored by a unique user) on March 9, 2012.

« This [GANG 6]! rip lil Josh!
« another [GANG 6] soldier down rip lil josh
@[Handle Obscured] 40 BOI-[GANG 6] YOU WILL ALWAYS BE LOVED #LILJOSH

« REST UP [GANG 6] LIL JOSH
« REST IN PEACE [GANG 6] LIL JOSH

In this example, our subject identification and triangulation procedure determined that the
five tweets causing the spike on March 9, 2012, referred specifically to the death of 16-year-old
Joshua Williams (also known as “Lil Josh”), who was killed the day prior, March 8, 2012. Wil-
liams’ death took place squarely within the approximately seven square-block territory con-
trolled by Gang 6.

This analysis was repeated for all 114 spikes of elevated traumatic grief among the subsam-
ple. We defined a “positive match” as a significant spike for which we were able to confirm cor-
respondence with a death. Of the 114 total moments of elevated collective traumatic grief
identified by our computational techniques, 91 were determined to be positive matches, yield-
ing a mean match rate of 83.4%, with a median match rate of 91.3% (see Table 1). Among the
subsample, 8 gang factions yielded a 100% match rate with offline events, while 11 gang fac-
tions yielded match rates of 90% or above. Although the universe of offline trauma is
unknown, we find that traumatic grief-related Twitter spikes detected by our method corre-
spond to offline events with an impressively high match rate. In short, our procedure
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Fig 2. Standardized spikes for four sample gang territories/neighborhoods (2012-2016).

https://doi.org/10.1371/journal.pone.0236625.9002
successfully identified moments of elevated collective traumatic grief, as indicated by sudden

and large increases in the daily frequency of grief-related tweets.

Confirming generalizability of qualitative findings: Types of collective

traumatic grief tweets

Recall that the qualitative fieldwork revealed two distinct types of collective traumatic grief
tweets—(1) expressions of acute grief immediately following the loss of a friend, peer, or loved

one and (2) expressions of grief on the anniversary of a significant loss or other important
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Table 1. Elevated collective traumatic grief by gang territory/neighborhood.

Gang #
5

6

7

8

10

15

16

17

24

26

27

36

37

43

45

49

54

58
Mean
Total

Tweets
970
177
1157
2699
437
994
796
334
1083
370
162
182
1015
1157
229
151
336
237
693.7
12486

Daily Average

0.53
0.10
0.63
1.48
0.24
0.55
0.44
0.18
0.59
0.20
0.09
0.10
0.56
0.06
0.13
0.08
0.18
0.13
0.35

https://doi.org/10.1371/journal.pone.0236625.t001

Daily Spikes in Elevated Traumatic Grief Number of Matches Match Rate (%)
10 9 90

2 2 100
12 11 91.7
14 7 50

4 2 50

6 6 100
10 7 70

6 4 66.7
11 10 90.9
3 3 100
2 2 100
4 4 100
7 6 85.7
11 9 81.8
4 4 100
2 2 100
4 1 25

2 2 100
6.3 5.1 83.4
114 91

dates related to the deceased (e.g., birthdays). Our human-machine partnered approach sought
to identify, extract, and analyze tweets in a way such that it would allow us to assess the gener-
alizability of these two modes of the online expression of collective traumatic grief among gang
territories/neighborhoods by considering a sample beyond our limited qualitative sample of
neighborhoods and respondents. To determine the prevalence of these modes of online
expression among the 18 gang territories/neighborhoods in our analytic sample, our domain
expert annotators performed a content analysis of the text fields of the individual tweets con-
tained in the 91 spikes in the collective traumatic grief tweets identified earlier as positive
matches.

The content analysis determined that a total of 30 of the spikes in the collective traumatic
grief tweets (33%) corresponded to acute grief immediately following the death of the subject
of an individual. During such spikes, the tweets primarily communicated feelings of intense
loss, disbelief, and efforts to self-medicate and occurred usually in the hours and days follow-
ing the death of the subject of the tweets. For example, the analysis identified that such a spike
occurred on July 26, 2014, and that it was associated with Gang 45. The identification and tri-
angulation procedure identified the subject of this moment of community grief as 20-year-old
Jevonte “Vonno” Johnson, who was killed the day prior, July 25, 2014, during a failed robbery
attempt. The 13 tweets that cause this spike in online grief express a number of intense emo-
tions and mental states. For example, these include the following:

« Woke up tday and my boy gone I'm losing it #{ GANG 45] Rip Brosky Von
« [GANGA45] Rip Vonno Bro It Hurt So Fuckin Much

« Off hella weed and hen for @[Handle Obscured] rip my boy I love you #{GANG 45] Vonno
man this so fucked rest up

PLOS ONE | https://doi.org/10.1371/journal.pone.0236625 July 30, 2020 16/24


https://doi.org/10.1371/journal.pone.0236625.t001
https://doi.org/10.1371/journal.pone.0236625

PLOS ONE

Identifying traumatic grief on Twitter

Among the elevated moments in the collective expressions of traumatic grief, 35 of the sin-
gle-daily spikes (38.5%) were classified as those corresponding to anniversaries. These tweets
are similarly characterized by intense emotions, although they also contain public calls for
local solidarity and collective action. For example, on July, 7 2013, a spike in collective trau-
matic grief tweets associated with Gang 43 consisted of 6 tweets, all of which corresponded to,
and reminded fellow users of, the two-year anniversary of the death of 18-year-old Devonte
“Tay” Childress, who was shot on July 6, 2011, and died on July 8, 2011. For example, these
tweets included the following:

o I cry Everyday Over [GANG 43] Tay Tay long Live the Legend This shit Crazy smh it Just
Don’t seem Real

o We On The Block 4 RIP Tayski [GANG 43]

As a further testament to the potential of our human-machine partnered approach to vali-
date and enhance the qualitative analyses, the content analysis determined one additional
form of collective traumatic grief expression that had not been previously found in the field-
work. A total of 26 spikes in collective elevated traumatic grief tweets (28.6%) fell into a resid-
ual, or “general”, category, in which tweets corresponded to neither a subject’s date of death
nor a subject’s birthday. The tweets associated with these spikes are typically less specific in
terms of content or subject. These tweets often mention multiple deceased friends and loved
ones and typically lack a discussion of coping strategies and collective action. For example, the
following tweet mourns the loss of multiple friends/loved ones by the names “T'utu”, “Crack”,
JaJa”, “Johnrynn”, and “Sammy”, while it also expresses love for multiple friends/loved ones
who are currently incarcerated:

o [GANG 36] RIPTutu Crack JaJa Johnrynn Sammy lo n all dem

Tweets in this residual category are also likely to mourn the loss of unnamed friends/loved
ones. The following tweet is an example of this:

o RIP To All My #[GANG 6] niggas

Although this type of spike may initially appear to be more unpredictable that the previous
two types, general moments of elevated trauma are not entirely random. The content analysis
found that general moments of elevated trauma are particularly likely to appear when users
interact with, consume, and share online content (e.g., songs and music videos) associated
with the subject. This is particularly true for users of media sharing platforms, such as You-
Tube, which broadcast the YouTube users’ activities on Twitter. For example, our fieldwork
revealed that before his death on September 4, 2012, Joseph “Lil JoJo” Coleman recorded a
song and a homemade music video, which was later uploaded to YouTube by his friends, who
added the phrase “RIP JOJO” to the title of the video to honor their deceased friend. Two
months after Coleman’s death, on November 11, 2012, an increased number of users inter-
acted with the video. As this activity was subsequently broadcast on their Twitter profiles, it
caused a spike in tweets associated with both Coleman and his gang faction. An example of
this is the following tweet:

« Tadded a video to a @YouTube playlist [URL] [Gang 15] RIP JOJO

Conclusion and discussion

This is the first study that uses a machine-human partnered approach to accurately identify
temporal patterns in the online expressions of collective traumatic grief among gang
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territories/neighborhoods and to verify those online expressions with corresponding oftline
events. In addition to providing a proof of concept, our results reveal distinctions between
moments of elevated traumatic grief, which correspond to periods of acute grief, anniversaries
related to deceased friends and loved ones, and more general periods of elevated emotions
related to ongoing or past traumatic grief. As our analysis demonstrates, these distinct forms
of grief- and gang-related Twitter activity are driven by different constellations of offline con-
ditions. Despite the differences between the moments of elevated collective traumatic grief
identified in our analysis, all such expressions must be understood as part of a common effort
to cope with the serious precarity and insecurities that characterize structurally marginalized
neighborhoods.

Limitations and suggestions for future research

We acknowledge that our analysis of 114 spikes in collective traumatic grief on Twitter repre-
sents a minority of the homicides that occurred throughout the study period and that an even
greater number of gang- and trauma-related tweets were authored throughout Chicago during
our study period. However, one of the driving aims of this study was to provide a proof of con-
cept for our human-machine partnered approach for verifying and increasing the ground
truth. In this respect, our analysis proved highly successful. Nevertheless, we identify notable
limitations, which can be addressed in future research and applications of our approach. These
limitations are largely related to issues of the Twitter search and extraction process, which are
hardly unique to this study. First, tweets from deleted accounts are not retrievable through the
Twitter Premium API, which retroactively searches through the Twitter stream. There is rea-
son to believe that at least some user accounts and corresponding tweets were deleted between
the time of their creation and the time of our search in 2018. The fieldwork indicated that
some accounts and tweets are sometimes removed either by Twitter administrators (e.g., for
violating Twitter rules) or by users themselves (e.g., deleting content that prompts unwanted
attention from rivals, police, etc.). As a result, our analysis may not have incorporated every
trauma- and gang-related tweet authored during the study period. Future research can over-
come such limitations by performing the search and extraction process more frequently (e.g.,
once per week or even once per hour) to better avoid losing any potential data.

Second, some gang factions’ online identifiers produce relatively more false positives than
others. This is most often the case when online identifiers share words, acronyms, and other
characteristics with other topics frequently discussed by Twitter users. For example, one gang
faction identifies online with an identifier that is similar to a popular nickname for an award-
winning musician, Taylor Swift. When Swift’s fans used Twitter to wish her happy birthday,
the query and extraction process identified a false positive increase in Twitter activity. We sug-
gest that future researchers carefully assess the noise produced by various identifiers prior to
incorporating them into their datasets.

Third, it is important to acknowledge that although the relative frequency of tweets is cur-
rently the best available method for identifying elevated moments of collective traumatic grief,
incorporating additional measures may provide additional insights. For example, gang-
affected communities with fewer than 100 tweets also experience traumatic grief, but they are
not included in our approach. Alternative approaches to Twitter will need to be developed to
monitor dynamics in traumatic grief for gangs that do not have an online presence. Neverthe-
less, our method for pinpointing online expressions of traumatic grief is a promising approach
that yields a high correspondence to real life violent events.

Fourth, online language is constantly evolving, which means that keywords can become
obsolete over time. For example, the use of a particular online gang identifier may decrease as
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individuals age out, experience incarceration, or leave the neighborhood. In addition, when
gang-associated individuals are killed, their names can become new identifiers, supplanting
previous identifiers. It is therefore imperative for future researchers to assess the lifespan of
particular identifiers and adjust study time frames accordingly. Furthermore, the language sur-
rounding trauma is community specific. For example, our primary trauma keywords (“RIP,”
“Rest Up,” and “Long Live”) may not be the most operative terms in communities beyond
urban Black and Latinx communities in Chicago. Applying this method to other communities
—Latinx neighborhoods in South Los Angeles, for example—will require additional and/or
alternative phrases that capture local expressions.

Fifth, our approach does not yet incorporate emojis into the extraction, classification, and
analysis workflow. Previous research suggests that emojis may play an important role in the
communication of grief, particularly among gang-associated youth [43]. Future research
can better assess this hypothesis, and potentially improve the accuracy of our computational
techniques, by integrating emojis. To do so, however, will first require qualitative research
alongside study populations to catalog the various meanings emojis hold for their online
communication.

Finally, all social media platforms undergo periodic changes, which may in turn alter prac-
tices of online expression among users. This will influence how future researchers gather data
and make sense of linguistic patterns. For example, following our study period, in late 2017,
Twitter increased the maximum character limit for individual tweets, from 140 characters to
280 characters. Given the knowledge we gained through our qualitative fieldwork and develop-
ment of our supervised machine learning classification system, we anticipate that the increase
in character limit will allow all users, including those in the communities involved in our cur-
rent study, to more easily and freely express their emotions and reflect on offline events. We
similarly anticipate that the increase will reduce the ambiguity of tweets, thereby making key-
word queries and machine learning far more accurate. However, it is ultimately an empirical
question as to whether and to what degree this will alter the results of future applications of
our approach.

Each of these issues reinforce the importance of integrating community partnerships,
immersive fieldwork, and in-depth qualitative interviews into the research design process.
Computational approaches to identifying, tracking, and intervening into such complex
issues as trauma, gangs, and violence must more centrally involve domain experts, neighbor-
hood residents and, most importantly, those involved in violence (including both offenders
and victims). For instance, in our design, the nuanced mixture of trauma- and gang-related
vernacular required regular consultations with, and input by, community residents. Research
designs that lack such integration carry a high risk of misinterpretation and are likely to have
negative consequences for entire communities [38, 41, 54].

Ethics

It is critical to acknowledge the ethical dilemmas that face current efforts to leverage social
media data and computational linguistic analyses for public health research and interventions.
Despite their potential for delivering new and innovative forms of trauma-informed services
to difficult-to-reach populations, such methods can carry the possibility of harm when
deployed by law enforcement and other surveillance institutions. Efforts by law enforcement
agencies to use social media data, particular Twitter data, for arrests, prosecutions, and sen-
tencing have already been underway for at least a decade and have targeted communities of
color [38, 41]. As the criminalization and surveillance literature increasingly demonstrate, this
practice often occurs in the form of “function creep” [55], in which the data collected and
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analyzed for nonpunitive uses is repurposed for punitive ends [10, 20]. This process exacer-
bates the criminal justice entanglements of already-marginalized populations, while reinforc-
ing system avoidance and its deleterious effects [20].

Despite these possibilities, we (alongside a growing number of scholars) argue that itis a
mistake for researchers and community organizations to simply avoid developing and deploy-
ing these technologies altogether [42, 56]. Doing so cedes immense control over these methods
to law enforcement and other punitive and surveilling institutions. Instead, it is incumbent on
researchers and their community partners to act as an explicit counterweight to these punitive
uses—to build analyses and tools that are trauma-informed and built explicitly for therapeutic
purposes. Thus, rather than turn away from ethical tensions, researchers have a responsibility
to directly address these tensions by developing best practices that actively preempt (or, at
minimum, seriously mitigate) the possibilities of misappropriation, misinterpretation, and
harm that might otherwise result. Our approach does so through four core ethical measures.

First, our trauma-centered approach moves emphasis away from criminality to instead
focus on the intense levels of victimization and trauma plaguing structurally disadvantaged
communities, as well as the many ways community members experience and process grief col-
lectively. This approach allows us to center the needs of survivors in violence-impacted com-
munities. Rather than conceptualize retaliatory violence as a forgone conclusion, we approach
violence as preventable through timely and meaningful support for those who need it most
[57]. Second, through our innovative incorporation of qualitative methods, we are better able
to ensure that inferences about online activity do, in fact, correspond to offline conditions and
events. This also reduces bias in classification and analysis, as well as misinterpretation by
future researchers who adopt our approach. Ground truth is further enhanced through itera-
tive consultations with research participants and qualitative data, as well as the close involve-
ment and input by domain experts and local community organizations. Third, we conduct our
analysis at the aggregate, community level rather than at the individual level. This approach
not only reduces potential risks to individuals involved in our research, it also reduces the pos-
sibility that our methods will be used to single out and target individual Twitter users based on
their online activity. Fourth, we have undertaken a number of measures to ensure privacy and
data security, while retaining research transparency and replicability. This approach entails
removing identifying information (e.g., names and Twitter handles) from the data, performing
minor alterations in tweet content to render them unsearchable, and only releasing data to
researchers who agree to our ethical guidelines precluding them from using the data for puni-
tive purposes. The measures we adopted are among the most stringent used in the field to date.
Lastly, we designed our approach and methodology to be optimally useful for community
organizations, local stakeholders, and other trauma-informed interventions. We heed Chan-
cellor et al.’s [58] caution to avoid what some refer to as “algorithmic fetishism”—that is, the
ongoing drive to develop and use increasingly complex algorithms and other computational
techniques simply for the sake of complexity, often at the expense of human understanding.
“These algorithms,” warn Chancellor et al. [58], “are ‘black boxes,” producing impressive
results but providing little insight into how the algorithm made its decision” (84). This opacity
and lack of accountability alienates relevant stakeholders who wish to adopt these techniques
into practical applications.

Potential intervention applications

Our methods and findings provide a novel opportunity to detect online expressions of trau-
matic grief that correspond to offline traumatic events, and to intervene in ways that can foster
healthy forms of coping, deliver vital services, and reduce retaliatory violence. Our approach
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provides real utility for community violence prevention organizations, such as Cure Violence,
Operation Cease Fire, and Institutes for Nonviolence. These organizations have adopted an
epidemiological approach to urban violence that leverages methods traditionally reserved for
controlling infectious epidemics (e.g., tuberculosis, cholera, and HIV/AIDS) [57]. To do so,
these organizations employ trusted neighborhood residents—often former gang-associated
individuals—as outreach workers or “violence interrupters.” When shootings in the local
neighborhood occur, outreach workers gather intelligence regarding the identity of the victim,
the identity of the offender, and the details of the incident. These workers then reach out to
those in the relevant social networks to “interrupt” the transmission of subsequent and often
retaliatory violence. The Evaluations of Cure Violence implementation in Chicago showed
that shootings dropped by 41%-73% in program communities, and there was a 100% drop in
retaliatory homicides in five of eight communities [59].

Our research demonstrates the potential for such organizations to enhance outreach efforts
by using Twitter to monitor the moments of elevated traumatic grief in their program areas.
Future applications might incorporate automated warnings and mobile “push” notifications to
alert organizations when the daily frequency of trauma- and gang-related tweets surpass criti-
cal thresholds. For example, by more quickly and definitively identifying spikes in anniversary
tweets, local organizations may be able to not only deploy trauma-informed services and sup-
port more effectively, but also to potentially anticipate and intercede to prevent violence. Recall
that Twitter activity of this type corresponds to offline events and mental states characterized
by collective mourning, which often occurs in public gatherings. These offline events may
occur in “staging areas” [37], where attendees become targeted by rivals.

Notable instances of offline violence provide empirical support for the idea that events of
collective mourning are at elevated risk for further violence. In one of the most publicized
examples, on April 12, 2011, the residents of Chicago’s South Shore neighborhood assembled
in an empty lot to memorialize the anniversary of the death of local 18-year-old Fazon “Fazo”
Robinson. Several of Robinson’s friends, neighbors, and community peers had also been
memorializing online, producing a momentary increase in heartfelt tweets about their slain
friend. Without warning, members of a rival gang faction opened fire on the crowd, wounding
five people, including a 10-year-old boy [60]. By paying closer, more systematic attention to
expressions of traumatic tweets in the surrounding area, local South Shore organizations may
have potentially been able to intercede and de-escalate such aggressions.

More generally, our research allows for community organizations to acquire information
about the emotional climate of the surrounding communities, allowing staff to mobilize and
direct support more effectively. Although there were major time investments required to initi-
ate and refine the computational and machine learning component of the research (e.g., quali-
tative fieldwork, hand-coding), once the model has been trained, it can be applied in near real
time and in an automated fashion. The current approach requires that future intervention
applications accumulate at least one day’s worth of tweets, which can be compared back to the
previous days of Twitter activity for a given gang territory/neighborhood, in order to identify
sudden increases in traumatic grief. Although future users may wish to develop a more fine-
grained time unit (e.g., hour-by-hour analyses), daily analyses represent a major improvement
over what was previously possible.

Supporting information

S1 Appendix. Alternative classification and validation technique.
(DOCX)

PLOS ONE | https://doi.org/10.1371/journal.pone.0236625 July 30, 2020 21/24


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0236625.s001
https://doi.org/10.1371/journal.pone.0236625

PLOS ONE

Identifying traumatic grief on Twitter

Acknowledgments

The authors wish to thank Jeffrey Lane, Sarah Brayne, Desmond Patton, Andrew Papachristos,
Jordan Porto, Hunter Westbrook, Andrew Miller, Grant Buhr, Eddie Bocanegra, Teny Gross,
and the University of Chicago Research Computing Center for assistance and insights
throughout the research and writing process. Jingyuan Zhao and Haode Yang provided invalu-
able assistance with the python code. Ashley Jester at Stanford Libraries provided valuable
guidance on data storage and archiving. Finally, none of this would be possible without the
trust and support from our respondents and partners in the community.

Author Contributions

Conceptualization: Forrest Stuart, Alicia Riley.

Data curation: Alicia Riley, Hossein Pourreza.

Formal analysis: Forrest Stuart, Alicia Riley, Hossein Pourreza.
Funding acquisition: Forrest Stuart, Alicia Riley.
Investigation: Forrest Stuart, Alicia Riley.

Methodology: Forrest Stuart, Alicia Riley, Hossein Pourreza.
Project administration: Forrest Stuart, Alicia Riley.

Software: Hossein Pourreza.

Supervision: Forrest Stuart.

Validation: Forrest Stuart.

Visualization: Forrest Stuart, Hossein Pourreza.

Writing - original draft: Forrest Stuart, Alicia Riley, Hossein Pourreza.

Writing - review & editing: Forrest Stuart, Alicia Riley, Hossein Pourreza.

References

1. Zinzow HM, Ruggiero KJ, Resnick H, Hanson R, Smith D, Saunders B, et al. Prevalence and mental
health correlates of withessed parental and community violence in a national sample of adolescents. J
Child Psychol Psychiatry. 2009; 50: 441-450. https://doi.org/10.1111/j.1469-7610.2008.02004.x PMID:
19220624

2. Bell CC, Jenkins EJ. Traumatic stress and children. J Health Care Poor Underserved. 1991; 2: 175—
185; discussion 186—178. PMID: 1685908

3. Papachristos AV, Braga AA, Hureau DM. Social networks and the risk of gunshot injury. J Urban Health.
2012; 89: 992—-1003. https://doi.org/10.1007/s11524-012-9703-9 PMID: 22714704

4. Neria, Litz BT. Bereavement by traumatic means: The complex synergy of trauma and grief. J Loss
Trauma. 2004; 9: 73—-87. https://doi.org/10.1080/15325020490255322 PMID: 23633929

5. Green BL. Traumatic loss: Conceptual and empirical links between trauma and bereavement. J Loss
Trauma. 2000; 5: 1-17.

6. Decker SH, Pyrooz DC. On the validity and reliability of gang homicide: A comparison of desperate
sources. Homicide Studies. 2010; 14: 359-76.

7. Daipha P. Masters of uncertainty: Weather forecasters and the quest for ground truth. Chicago, IL: Uni-
versity of Chicago Press; 2015.

8. Fine GA. Ground truth: Verification games in operational meteorology. Journal of contemporary ethnog-
raphy. 2006; 35: 3-23.

9. AbreuA, Acker A. Context and collection: A research agenda for small data. In: iConference 2013 pro-
ceedings. Fort Worth, Texas; 2013. pp. 549-554.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236625 July 30, 2020 22/24


https://doi.org/10.1111/j.1469-7610.2008.02004.x
http://www.ncbi.nlm.nih.gov/pubmed/19220624
http://www.ncbi.nlm.nih.gov/pubmed/1685908
https://doi.org/10.1007/s11524-012-9703-9
http://www.ncbi.nlm.nih.gov/pubmed/22714704
https://doi.org/10.1080/15325020490255322
http://www.ncbi.nlm.nih.gov/pubmed/23633929
https://doi.org/10.1371/journal.pone.0236625

PLOS ONE

Identifying traumatic grief on Twitter

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Brayne S. Predict and surveil: Data, discretion, and the future of policing. New York, NY: Oxford Uni-
versity Press.

Sered D. Until we reckon: Violence, mass incarceration, and a road to repair. New York, NY: The New
Press; 2019.

Rich JA. Wrong place, wrong time: Trauma and violence in the lives of young black men. Baltimore,
MD: John Hopkins University Press; 2009.

Macmillan R. Violence and the life course: The consequences of victimization for personal and social
development. Annu Rev Sociol. 2001; 27: 1-22.

Gorman-Smith D, Tolan P. The role of exposure to community violence and developmental problems
among inner-city youth. Dev Psychopathol. 1998; 10: 101—116. https://doi.org/10.1017/
s50954579498001539 PMID: 9524810

Sauro MD, Jorgensen RS, Pedlow CT. Stress, glucocorticoids, and memory: A meta-analytic review.
Stress. 2003; 6: 235-245. https://doi.org/10.1080/10253890310001616482 PMID: 14660056

Sharkey P. The acute effect of local homicides on children’s cognitive performance. Proc Natl Acad Sci.
2010; 107: 11733-11738. https://doi.org/10.1073/pnas.1000690107 PMID: 20547862

Harding DJ. Collateral consequences of violence in disadvantaged neighborhoods. Soc Forces. 2009;
88: 757-784. https://doi.org/10.1353/s0f.0.0281 PMID: 20676355

Glesmann C, Krisberg B, Marchionna S. Youth in gangs: Who is at risk? Focus. Oakland, CA: National
Council on Crime and Delinquency; 2009.

Brayne S. Surveillance and system avoidance: Criminal justice contact and institutional attachment. Am
Sociol Rev. 2014; 79: 367-391.

Edwards F. Saving children, controlling families: Punishment, redistribution, and child protection. Am
Sociol Rev. 2016; 81: 575-595.

Stuart F. Down, out, and under arrest: Policing and everyday life in skid row. Chicago, IL: University of
Chicago Press; 2016.

Haskins AR, Jacobsen WC. Schools as surveilling institutions? Paternal incarceration, system avoid-
ance, and parental involvement in schooling. Am Sociol Rev. 2017; 82: 657-684.

Headworth S. Getting to know you: Welfare fraud investigation and the appropriation of social ties. Am
Sociol Rev. 2019; 84: 171-196.

Twitter Inc. Q4 and fiscal year 2018 letter to shareholders. San Francisco, CA: Twitter Inc.; 2019 Febru-
ary 7.

De Choudhury M, Gamon M, Counts S, Horvitz E. Predicting depression via social media. In: Kiciman
E, Ellison NB, Hogan B, Resnick P, Soboroff |, editors. Proceedings of the seventh international AAAI
conference on weblogs and social media. Palo Alto, California: AAAI Publications; 2013. pp. 128—137.

Karamshuk D, Shaw F, Brownlie J, Sastry N. Bridging big data and qualitative methods in the social sci-
ences: A case study of Twitter responses to high profile deaths by suicide. Online Soc Netw Media.
2017;1: 33—43.

Arseniev-Koehler A, Lee H, McCormick T, Moreno MA. #Proana: Pro-eating disorder socialization on
Twitter. J Adolesc Health. 2016; 58: 659-664. https://doi.org/10.1016/j.jadohealth.2016.02.012 PMID:
27080731

Aslam S. Twitter by the Numbers: Stats, Demographics & Fun Facts. Omnicore. 2018. https://www.
omnicoreagency.com/twitter-statistics/.

Smith A. African Americans and technology use: A demographic portrait. Washington, DC: Pew
Research Center; 2014.

Cohen C, Fowler M, Medencia V, Rogowski J. Millennials and technology: An overview of usage, news
consumption, the future of work, and public policy. Chicago, IL: GenForward; 2018.

Florini S. Tweets, tweeps, and signifyin’: Communication and cultural performance on “Black Twitter”.
Television & New Media. 2014; 15: 223-237.

James J. The metonymy of# BlackTwitter: The effect of urban identification on hashtag activism. Jour-
nal of Cultural Marketing Strategy. 2019; 4: 13-28.

Patton DU, MacBeth J, Schoenebeck S, Shear K, McKeown K. Accommodating grief on Twitter: An
analysis of expressions of grief among gang involved youth on Twitter using qualitative analysis and
natural language processing. Biomed Inform Insights. 2018; 10: 1178222618763155. https://doi.org/10.
1177/1178222618763155 PMID: 29636619

Patton DU, Rambow O, Auerbach J, Li K, Frey W. Expressions of loss predict aggressive comments on
Twitter among gang-involved youth in Chicago. NPJ Digit Med. 2018; 1: 11. https://doi.org/10.1038/
541746-018-0020-x PMID: 31304296

PLOS ONE | https://doi.org/10.1371/journal.pone.0236625 July 30, 2020 23/24


https://doi.org/10.1017/s0954579498001539
https://doi.org/10.1017/s0954579498001539
http://www.ncbi.nlm.nih.gov/pubmed/9524810
https://doi.org/10.1080/10253890310001616482
http://www.ncbi.nlm.nih.gov/pubmed/14660056
https://doi.org/10.1073/pnas.1000690107
http://www.ncbi.nlm.nih.gov/pubmed/20547862
https://doi.org/10.1353/sof.0.0281
http://www.ncbi.nlm.nih.gov/pubmed/20676355
https://doi.org/10.1016/j.jadohealth.2016.02.012
http://www.ncbi.nlm.nih.gov/pubmed/27080731
https://www.omnicoreagency.com/twitter-statistics/
https://www.omnicoreagency.com/twitter-statistics/
https://doi.org/10.1177/1178222618763155
https://doi.org/10.1177/1178222618763155
http://www.ncbi.nlm.nih.gov/pubmed/29636619
https://doi.org/10.1038/s41746-018-0020-x
https://doi.org/10.1038/s41746-018-0020-x
http://www.ncbi.nlm.nih.gov/pubmed/31304296
https://doi.org/10.1371/journal.pone.0236625

PLOS ONE

Identifying traumatic grief on Twitter

35.

36.

37.

38.

39.

40.

a.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.
54.
55.
56.

57.

58.

59.

60.

Patton DU, Sanchez N, Fitch D, Macbeth J, Leonard P. | know God’s got a day 4 me: Violence, trauma,
and coping among gang-involved Twitter users. Soc Sci Comput Rev. 2017; 35: 226—243.

Patton DU, Lane J, Leonard P, Macbeth J, Lee JR. Gang violence on the digital street: Case study of a
south side Chicago gang member’s Twitter communication. New Media Soc. 2017; 19: 1000-1018.

Anderson E. Code of the street: Decency, violence, and the moral life of the inner city. New York, NY:
WW Norton; 1999.

Stuart F. Code of the tweet: Urban gang violence in the social media age. Soc Probl. 2019; 67: 191—
207.

Sloan L, Morgan J, Housley W, Williams M, Edwards A, Burnap P, et al. Knowing the tweeters: Deriving
sociologically relevant demographics from Twitter. Sociol Res Online. 2013; 18: 1-11.

boyd d, Crawford K. Critical questions for big data: Provocations for a cultural, technological, and schol-
arly phenomenon. Inf Commun Soc. 2012; 15: 662—-679.

Stuart F. Ballad of the bullet: Gangs, drill music, and the power of online infamy. Princeton: Princeton
University Press; 2020.

Patton DU, Brunton D-W, Dixon A, Miller RJ, Leonard P, Hackman R. Stop and frisk online: Theorizing
everyday racism in digital policing in the use of social media for identification of criminal conduct and
associations. Soc Media Soc. 2017; 3: 2056305117733344.

Patton D, Macbeth J. Chicago gang social media data set. New York, NY: Columbia University SAFE-
Lab; 2016.

Jankowski MS. Islands in the street: Gangs and American urban society. Berkeley: University of Cali-
fornia Press; 1991.

Pattillo M. Black picket fences: Privilege and peril among the black middle class. Chicago, IL: Univer-
sity of Chicago Press; 2013.

Goddard K, Roudsari A, Wyatt JC. Automation bias: A systematic review of frequency, effect mediators,
and mitigators. J Am Med Inform Assoc. 2012; 19: 121-127. https://doi.org/10.1136/amiajnl-2011-
000089 PMID: 21685142

Chicago Crime Commission. The gang book: A detailed overview of street gangs in the Chicago metro-
politan area. Chicago, IL: Chicago Crime Commission; 2018.

Papachristos AV, Hureau DM, Braga AA. The corner and the crew: The influence of geography and
social networks on gang violence. Am Sociol Rev. 2013; 78: 417-447.

Brantingham PJ, Tita GE, Short MB, Reid SE. The ecology of gang territorial boundaries. Criminology.
2012; 50: 851-885.

Thrasher FM. The gang: A study of 1,313 gangs in Chicago. Chicago, IL: University of Chicago Press;
1927.

Blei DM, Ng AY, Jordan MI. Latent dirichlet allocation. J Mach Learn Res. 2003; 3: 993—1022.

Patton DU, McKeown K, Rambow O, Macbeth J. Using natural language processing and qualitative
analysis to intervene in gang violence: A collaboration between social work researchers and data scien-
tists. arXiv:1609.08779 [Preprint]. 2016.

Cohen J. A coefficient of agreement for nominal scales. Educ Psychol Meas. 1960; 20: 37—46.
Lane J. The digital street. New York, NY: Oxford University Press; 2018.
Brayne S. Big data surveillance: The case of policing. Am Sociol Rev. 2017; 82: 977-1008.

Kearns M, Roth A. The ethical algorithm: The science of socially aware algorithm design. New York,
NY: Oxford University Press; 2019.

Slutkin G, Ransford C, Decker RB. Cure violence: Treating violence as a contagious disease. In: Maltz
M, Rice S, editors. Envisioning criminology: Researchers on research as a process of discovery.
Cham, Switzerland: Springer International; 2015. pp. 43-56.

Chancellor S, Birnbaum ML, Caine ED, Silenzio VM, De Choudhury M. A taxonomy of ethical tensions
in inferring mental health states from social media. In: Proceedings of the conference on fairness,
accountability, and transparency. New York, NY, USA: ACM; 2019. pp. 79-88.

Skogan W, Hartnett S, Bump N, Dubois J. Evaluation of Cease Fire-Chicago. Chicago, IL: Northwest-
ern University; 2012.

CBS Chicago. 4 Men, Boy Shot during Memorial Service. CBS Chicago; 2011.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236625 July 30, 2020 24/24


https://doi.org/10.1136/amiajnl-2011-000089
https://doi.org/10.1136/amiajnl-2011-000089
http://www.ncbi.nlm.nih.gov/pubmed/21685142
https://doi.org/10.1371/journal.pone.0236625



