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Modeling Stress with Social Media Around Incidents of
Gun Violence on College Campuses
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Stress constitutes a persistent wellbeing challenge to college students, impacting their personal, social, and
academic life. However, violent events on campuses may aggravate student stress, due to the induced fear and
trauma. In this paper, leveraging social media as a passive sensor of stress, we propose novel computational
techniques to quantify and examine stress responses after gun violence on college campuses. We first present
a machine learning classifier for inferring stress expression in Reddit posts, which achieves an accuracy of 82%.
Next, focusing on 12 incidents of campus gun violence in the past five years, and social media data gathered
from college Reddit communities, our methods reveal amplified stress levels following the violent incidents,
which deviate from usual stress patterns on the campuses. Further, distinctive temporal and linguistic changes
characterize the campus populations, such as reduced cognition, higher self pre-occupation and death-related
conversations. We discuss the implications of our work in improving mental wellbeing and rehabilitation
efforts around crisis events in college student populations.
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1 INTRODUCTION
Stress is a psychological reaction that occurs when an individual perceives that environmental
demands exceed his or her adaptive capacity [73]. One of the populations particularly vulnerable
to stress is college students [8]. Stress is one of the most commonly identified impediment to
academic performance and student retention in colleges [92]. When stress becomes excessive,
students experience physical and psychological impairment, and intensified stress can undermine
resilience factors, such as hope.

However, external factors are also known to exacerbate college student stress [68]. A prominent
set of such environmental attributes includes exposure to traumatic and violent events, which
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can have a profound impact on college students’ perceived stress and stress responses [72]. Over-
whelming amounts of stress emanating from this exposure can impact students’ ability to cope, and
regulate their emotions. In some cases, persistent stress episodes may eventually lead to serious,
long-term negative mental health outcomes, such as post-traumatic stress disorder, acute stress
disorder, borderline personality disorder, or adjustment disorder [91].
Violent incidents on college campuses, ranging from mass shootings to acts of terrorism have

proliferated in the past few years. A survey from Everytown for Gun Safety Support Research1
reports that between 2013 and 2016, 76 incidents of gun violence alone have occurred on U.S.
college campuses, resulting in more than 100 casualties. It is reported that many of these incidents
not only affected those involved in the incidents directly, they have also left a profound negative
psychological impact on the general campus population [92]. Colleges are valued institutions that
help build upon a society’s foundations and serve as an arena where the growth and stability of
future generations begin. In that light, it is vital to understand the impacts that violent incidents
have within the psyches of students on a college campus.

However, methods to assess the stress experiences of college students are plagued by challenges
in access to timely information, exacerbated by the social stigma of the condition, lack of awareness
of the condition, and the noted acceptance of stress in colleges as a “badge of honor” [6]. Since many
of these assessment techniques rely on retrospective recall, they are susceptible to missing out
real-time, fine-grained information or sudden fluctuations in psychological signals [81]. Moreover,
because of the stigma associated with stress, self-reported and active solicitation techniques to
identify students’ stress vulnerabilities are likely to be less reliable [6]. Violent incidents on campuses
may further amplify these limitations. Due to the unique circumstances presented to a community
exposed to a crisis, rehabilitation efforts that utilize student contributed data on stress andwell-being
are likely to be difficult to implement, conduct and leverage in a timely fashion [81].
This paper addresses these gaps by inferring and analyzing the perception of stress on college

campuses around gun violence, as manifested on social media. Our work is motivated from two
complementary research directions. Studies in psycholinguistics and crisis informatics have found
promising evidence that the linguistic characteristics of content shared on social media can help us
understand and infer psychological states of individuals and communities [25, 48, 77]. Second, over
90% of young adults, or individuals of college going age use social media 2, providing a promising
opportunity to study college students’ mental well-being status unobtrusively and passively using
social media data [6]. We focus on the following three research questions in this paper:
RQ1. How can we automatically infer the expression of stress in social media posts?
RQ2. How can we quantify temporal changes in stress expressions following gun violence on

campuses?
RQ3. How can we quantify linguistic changes in stress expressions following gun violence on

campuses?
We focus on 12 gun violence incidents reported over the past five years (2012-2016) on different

U.S. college campuses. For each campus, we obtain historical data around the incidents, contributed
in college-specific Reddit communities. Then, targeting RQ1, we first develop an inductive transfer
learning approach to infer stress expressed in Reddit posts, which achieves a mean accuracy of
82%. We apply this classification framework to identify high stress posts shared in the 12 different
college-specific Reddit communities. Then to address RQ2 and RQ3, that is, to assess the extent to
which expressions of high stress change in the aftermath of the incidents, we develop computational
techniques drawing from the time series analysis and computational linguistics literatures.

1everytownresearch.org Accessed: 2017-04-09
2pewinternet.org Accessed: 2017-04-20
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We employ a causal inference based analytical approach, in conjunction with these computational
techniques, to examine the outcomes of our RQs. We observe that, compared to a control (gun
violence free) time period on each campus, our methods reveal a rise in the volume of posts
expressing high stress following the violent incidents, including a considerable change in the
patterns of stress expressed in the immediate aftermath of the incidents. Then, psycholinguistic
characterization of the high stress posts indicates that campus populations exhibit reduced cognitive
processing and greater self attention and social orientation, and that they participate more in death-
related conversations. Additionally, a lexical analysis of high stress posts shows distinctive temporal
trends in the use of incident-specific words on each campus, providing further evidence of the
impact of the incidents on the stress responses of campus populations.

To our knowledge, we present the first multi-campus study of the expression of stress in social
media in colleges affected by gun-violence incidents, including methods to quantify changes in
these stress expressions. We situate our findings in the context of psychological theories surround-
ing trauma and crisis. In closing, we discuss the implications of our work in improving stress
measurement around crisis events, and in the design of tools that can enable timely detection of
and intervention to tackle the psychological impacts of such crises.

2 RELATEDWORK
2.1 Measuring Stress on College Campuses
There is a rich body of literature that has focused on assessing stress, its causes, and its effects in
college students [8]. A variety of personal and academic life factors and environmental stressors
have been found to precipitate college student stress [68]. Stressful episodes, in turn, are associated
with cognitive deficits in students (e.g. concentration difficulties), decreased life satisfaction, and
poor health behaviors [92].
Due to these multi-faceted risk factors and consequences of the stress experience, researchers

over the past several decades have employed a variety of techniques to devise global and event-
specific measures of stress in college students. For example, several investigations have modified
life-event scales in an attempt to measure global perceived stress [16]. However, due to reliance
on a specific list of events, this approach is insensitive to stress emanating from unforeseen or
unanticipated circumstances such as crises. In other work, subjective measures of response to
specific stressors have also been widely used [34]. However, it has been identified that it can be
difficult and time-consuming to adequately develop, and empirically and theoretically validate an
individual measure every time a new stressor is identified, such as following an environmental
upheaval [17]. The widely adopted Perceived Stress Scale [17] addresses many of these challenges
in stress measurement and has been employed in the study of college student stress [68]. However,
data obtained from such psychometric instruments are sensitive to self-report and retrospective
recall biases, and may not necessarily reveal factors associated with the stigma of stress. Moreover,
such measurements of stress can only be conducted periodically, posing difficulties in understanding
the temporal dynamics or evolution of college student stress.
To overcome these limitations, in recent years, researchers have employed wearable sensing

technologies and experience sampling methodologies that can obtain real-time information on
psychological symptoms in college students [32, 40, 88]. Although these techniques capture rich
and dense behavioral signals, they lack in terms of scalability, e.g., expanding to different campus
populations at the same time, and require active compliance from the participants for discovering
longitudinal patterns. In this work, we seek to address these gaps in the literature, by employing
unobtrusively and passively gathered naturalistic social media data to measure levels of stress in
multiple college student populations.

Proc. ACM Hum.-Comput. Interact., Vol. 1, No. 2, Article 92. Publication date: November 2017.
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2.2 Measuring Psychological Impacts of Gun Violence
A growing body of work in behavioral sciences has attributed that violence in any form of an
attack can lead to short and long term psychological effects among individuals [74, 75, 91]. Studies
have characterized such effects as “invisible wounds” in terms of psychological and cognitive
injuries [37, 50]. Relatedly, Cook et al. studied the propagation of shock waves following gun
violence tragedies in the schools of U.S. [19]. It is well established that exposure to violence is not
only correlated with mental health concerns like depression, anxiety and distress [13, 27], it also
negatively impacts a student’s academic performance [9, 41, 56, 80]. In an earlier work, Asmussen
and Creswell conducted an in-depth qualitative case-study, for understanding the response to
gun violence on college campuses [3], and recently Schildkraut et al. studied moral panic about
shootings among college students [71].
As also noted in these studies, timely and objective measurement of the impact of crisis events

on a community’s well-being is a significant challenge. Many crisis events inflict emotional toll
on the affected populations, leading to disruptions in day-to-day life [81]. Although surveys like
the Trauma Symptom Checklist [11] provide a mechanism to assess psychological responses to
crises, such surveys are often administered only after life has restored to normalcy [81]. Because
respondents are likely to be displaced in space and time from the actual occurrence of the events,
such methods are likely to be impacted by the respondents’ memory and recall bias.

In this paper, we address the gaps of assessing the psychological impacts of violence, by utilizing
student contributed data of college student populations, shared in time periods preceding and
succeeding the violent events. Since social media is recorded in the present and preserved, it
minimizes the hindsight bias sometimes induced by retrospective analyses of psychological states.
Moreover, due to the ability to gather longitudinal social media data, we can quantitatively assess
the psychological impacts of a violent incident by comparing with the patterns manifested during
a violence-free period.

2.3 Language and Crisis
Over the years, research in crisis informatics has utilized language as a tool and lens to understand
how major crisis events unfold in affected populations, and how they are covered on traditional
media [29, 39, 44], online media such as blogs [48], and social media [59, 77]. This body of work
has consistently shown that online platforms emerge as a safe haven for people, enabling them to
interact and express themselves during times of upheavals in their environment [1, 26, 48, 77].
Since language is known to signal an individual’s underlying psychological states [15], a com-

plementary line of research has employed social media language analysis for understanding and
improving crisis rescue [2, 14, 57, 65, 85, 86]. In addition, prior studies have also identified psycho-
logical and affective responses associated with violence [42, 53, 84]. Specifically, centering around
gun violence in schools, such as the Sandy Hook and the Virginia Tech shooting, multiple studies
have examined the reactions of affected populations as gleaned via social media [10, 33, 59, 90].
However, there is limited work which focuses on quantifying the psychological wellbeing

manifested on social media during crisis events. In an early work, Cohn et al. identified language
based psychological markers of 9/11 victims, based on blog posts [18]. Recently, De Choudhury et
al. examined the notion of desensitization in response to persistent violence during Mexican drug
war [25], Delgado Valdes et al. analyzed the psychological effects of crime and violence [82], and
Lin et al., studied the evolution of emotions in the aftermath of the Boston Marathon bombings [46].
Taken together, this body of work motivates our goal of leveraging social media to examine the
expression of psychological stress around gun violence related crisis events on college campuses—a
hitherto under-explored community in the crisis informatics literature.
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2.4 Inferring Mental Health States with Social Media
There has been a growing body of work focusing on developing quantitative approaches in social
media analytics to assess mental health and wellness states [76]. Topics of investigation in this
emergent area include, mood and depressive disorders [24], post-traumatic stress disorder [20], and
suicidal ideation [43]. While we are inspired by this body of work, we note that stress inference
from social media is particularly challenging, and existing methods of inferring other mental health
states cannot be employed to quantify stress from social media. This is because, according to the
DSM-V [4], stress is a different psychological construct compared to depression or suicidal ideation.
Further, stress inference from social media is challenging, because of the lack of appropriate ground
truth data, and also because its DSM-V defined attributes (e.g., lack of control) are difficult to measure
using standard lexicon-based approaches like LIWC—a common tool adopted in prior work. In
this paper, we introduce transfer learning as a way to circumvent the challenges surrounding
unavailability of ground truth, and then develop a machine learning framework that is able to infer
levels of stress by factoring in not only the words in social media text, but also by modeling the
semantic relationship between them.
We do note that, recently, there has been some research quantifying stress with social media

data as well: Lin et al. developed deep learning models [45], and Zhao et al. built machine learning
classifiers [93] to quantify an individual’s stress from social media data. However, these works used
a sentence labeling approach to derive ground truth on stress—e.g., a tweet saying “I feel stressed”
was labeled positive. Such methods may be limiting, in that they are not theoretically motivated
from the psychology literature, such as alignment with DSM criteria for stress, or nuances of stress
expression that may not be captured via directed self-disclosures. Flippant references to stress on
Twitter may further confound classifiers built on such data. Moreover, these works have not applied
these techniques in the context of college student populations, or to understand the psychological
impact of crisis events.
Especially relevant to our work, social media has also been harnessed for assessing mental

well-being of college students. Bagroy et al. used data from college subreddits, to build an index of
collective mental well-being [6]. Manago et al. found that social networking helps in satisfying
psychosocial needs of college students [47], and Moreno et al. studied mental health disclosures
by college students on social media [55]. Prior research also inferred other behavioral attributes
and psychological attributes of college students, using social media [49, 83]. To the best of our
knowledge, our study is the first of its kind to infer the expression of stress from social media posts,
and examine the evolution of stress among college populations exposed to gun violence.

3 DATA
3.1 Gathering Campus-Specific Gun Violence Data
For our study, we adopted the definition of gun-related violence on college campuses, as published
by Everytown for Gun Safety Support Research1 – “a shooting involving discharge of a firearm inside
a college building or on campus grounds and not in self-defense”. Everytown for Gun Safety is an
American nonprofit organization, which conducts gun violence research in the U.S. However, since
there is no single database for gun violence incidents on college campuses, we adopted a snowball
approach to curate our dataset [5, 60] – 1) First, we collected a seed list of gun-related violence
incidents on US college campuses from Everytown for Gun Safety Research; prior studies have
leveraged Everytown’s gun violence data as well [5]. 2) Next, we augmented this seed list with
additional incidents, which qualify the same definition given above—to do so we consulted different
credible online sources in an iterative fashion3.
3A sample of these sources are gunviolencearchive.org, time.com, motherjones.com, huffingtonpost.com, en.wikipedia.org;
All Accessed: 2017-04-09
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Our curated list consisted of gun-related violence incidents in and within a close proximity of
a US college campus, all of which happened between 2012 and 2016. Sample incidents in our list
included the 2012 Oikos University shooting, the 2013 Santa Monica College shooting, and the 2016
UCLA shooting. Aside from purely gunfire based incidents, we note that this list included attacks
with the involvement of gun as well as other weapons and violent activities (e.g., car ramming,
butcher knife etc.), such as the case of the 2014 Isla Vista massacre at UCSB, and the 2016 OSU
attack.

Before inclusion in our ensuing analysis, for each of these incidents, we additionally assessed the
veracity of their occurrence and known after-effects from various online news sources, obtained
through hand-curated search engine queries.

3.2 Finding Campus-Specific Social Media Data Sources
Having gathered the above campus specific gun-related violence data, we moved on to acquiring
social media data of the respective campuses. For this purpose, we used the popular social media
platform Reddit as the source of data for this research. Due to its forum structure, the platform is
extensively used for both content sharing, as well as for obtaining feedback and information from a
variety of communities of interest. These communities are known as “subreddits”, and they include
many geographically localized ones dedicated to specific university campuses. This allows a large
sample of posts shared by students of a university to be collected in one place. Additionally, Reddit
is a popular social media platform among the college student demographic, where they have been
observed to discuss a wide variety of issues related to their personal and campus life. Moreover,
semi-anonymity of Reddit is known to enable candid self-disclosure around stigmatized topics
like mental health [23]. Prior work has further demonstrated that Reddit subreddit data specific to
college campuses may be utilized to infer the mental well-being of the students [6].
Using this research as a foundation, among the incidents involving gun-related violence on

college campuses (ref. previous subsection), we shortlisted those schools which have subreddit
communities with at least 500 subscribers on the day of incident on campus. For the purpose, we
utilized Reddit’s subreddit search functionality feature, and retrieved number of subscribers from
Reddit Metrics4. We found 12 such colleges meeting the criteria, and the number of subscribers in
these subreddits ranges between 969 (r/NAU) to 8,936 (r/OSU).

Our choice of the above threshold of subscribers was inspired by prior work which made psycho-
logical inference from campus subreddit posts [6]. Essentially, this work provides a rough estimate
of the number of unique subscribers in college subreddits that were sufficiently representative of the
size of the student body at the same university, as well as of its student demographic distribution.
Therefore we used these estimates in our work as a threshold to select the college subreddit pages
corresponding to the gun-related violence incidents.

3.3 Compiling Treatment and Control Data from Social Media
For the above identified subreddits, we now describe our data collection technique. Since our study
involves examining statistical differences in the expression of stress around the gun-related violence
incidents on college campuses, we needed to ensure that the measured differences in stress are
attributable to the incidents, instead of another unobserved or latent variable. In the statistics
literature, these concerns around quantification of an “outcome” (stress) are typically mitigated by
adopting randomized experimental approaches, where, given a “treatment” (gun-related violence
incident) in the target population, an equivalent population is assigned to a “control” (gun-related
violence free) condition to rule out the effects on the outcome that are attributable to confounding or
omitted variables [38, 63]. An experimental approach being inappropriate in our case, we adopted

4redditmetrics.com Accessed: 2017-04-09
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Table 1. List of gun-related violence in U.S. college campuses during 2012-16 used in our work. We also
include the date, number of casualties and descriptive statistics of the corresponding subreddit communities.

College Incident #Casualties Subreddit Users #Posts

University of Southern California 2012-10-31 4 r/USC 1,143 2,676
University of Maryland 2013-02-12 3 r/UMD 2,201 9,578
University of Central Florida 2013-03-18 1 r/ucf 2,886 13,708
Massachusetts Institute of Technology 2013-04-18 3 r/mit 1,568 1,682
Purdue University 2014-01-21 1 r/Purdue 3,605 11172
University of California Santa Barbara 2014-05-23 21 r/UCSantaBarbara 3,278 17,682
Florida State University 2014-11-20 4 r/fsu 3,859 8,150
University of South Carolina 2015-02-05 2 r/Gamecocks 1,903 1,661
University of North Carolina at Chapel Hill 2015-02-10 3 r/chapelhill 2,025 1,177
North Arizona University 2015-10-09 4 r/NAU 969 1,025
University of California, Los Angeles 2016-06-01 2 r/ucla 6,301 9,454
Ohio State University 2016-11-28 14 r/OSU 8,936 35,372

a statistical matching technique, drawing from the causal inference literature, to compile our
data [67]. Specifically, for each of the 12 violent incidents, we identified two separate time periods
of campus subreddit data collection:

Treatment Period.We identified a period of two months following and a period of two months
preceding the gun-related violence in each of the campuses. Our rationale behind the choice of
the duration of period of analysis stems from prior work [43], wherein it has been observed that
effects of a societal upheaval persists a limited period of time. Given our focus on college campuses
that tend to follow a 4 month semesterly or a 2.5 month quarterly academic system, we deduced
that a four month period around each incident that closely follows the academic system will be
able to glean meaningful stress changes that are attributable to the incident. Let us assume it as the
Treatment period.
Control Period. For the combined period of two months before and two months after the

gun-related violence incident on each campus, we identified an equivalent period of four months
during the previous year. Gathering data from exactly the same period in the past year (when
no gun violence was reported) is likely to rule out confounding effects in the measurement of
temporal or linguistic differences in stress attributable to academic calendar factors, or other
seasonal and periodic events that impact students’ experiences, lifestyle, and activities. Moreover,
since we identified this period specific to each campus, we ruled out the possibility of incorporating
confounding effects attributable to campus characteristics or the nature of student population and
their demographics. Let us call this time period as the Control period.

Finally, we leveraged the archive of all the Reddit data made available online by Google BigQuery5
to collect data for each of the college subreddits in the Treatment and Control periods, which we
refer to as Treatment and Control datasets respectively. BigQuery is a cloud based managed data
warehouse, that allows third parties to access large publicly available dataset through simple
SQL-type queries. Our final dataset consists of 113,337 posts6, whose descriptive statistics are
summarized in Table 1. We further demarcate each of the Treatment and Control datasets into
Before and After samples based on whether the date of a post included in the Treatment (or Control)
dataset is prior to or following the date of the reported incident at the corresponding campus (or
the same date in the previous year).

5bigquery.cloud.google.com Accessed: 2017-04-09
6In this paper, we refer to ‘posts’ within campus subreddits as a unified term for both posts and comments.
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4 METHODS
4.1 Building a Stress Classifier
Our first research goal is to assess levels of stress manifested in the social media posts of different
college campuses (RQ1). In the absence of ground truth labels on this data, we adopted a transfer
learning approach, similar to [6], wherein we first built a supervised machine learning model to
classify stress expressions in posts into binary labels of High Stress and Low Stress. Then we adopted
this classifier to automatically label posts in the campus subreddits.

Class Definitions. Our stress class definition is based on the established psychometric measure
of stress given by the Perceived Stress Scale (PSS) [17]. In the widely used 10-item version of PSS,
the interpretation of scoring identifies three categories: Scores ranging from 0-13 are considered
minimal stress; those ranging from 14-26 are considered moderate stress; and scores ranging from
27-40 are considered extremely stressed. However, typically, very few people score in the third
category of extreme stress – except for those who suffer from chronic stress challenges. Scores
around 13 in the scale are considered average that typically split respondents’ scores into two
classes. Moreover, factor analysis [36] is known to reveal two factors, based on this scoring. This
motivated our choice of the two classes – Low Stress and High Stress.

Transfer Learning Data. For the purpose of building a stress classifier, we collected all 1402
posts from the subreddit r/stress from December 2010 to January 2017. The r/stress community
allows individuals to self-report and disclose their stressful experiences and is a support community.
For example, two (paraphrased) post excerpts say: “Feel like I am burning out (again...) Help: what do
I do?”; and “How do I calm down when I get triggered?”. The community is also heavily moderated;
hence we considered these 1402 posts as ground-truth data for High Stressposts. Next, we utilized a
second dataset of over 100,000 random posts obtained by crawling the landing page of Reddit; this
dataset was used in prior work to develop a social media based mental well-being index for college
campuses [6]. We employed this dataset as a source of ground-truth data for Low Stress posts to
build the stress classifier. To approximately balance the two classes, we used a randomly sampled
2000 posts from this dataset.

Establishing Linguistic Equivalence. In our transfer learning framework, we employ a train-
ing dataset, which is obtained from non-college campus subreddits. Hence we situate our rationale
behind its appropriateness to build the stress classifier. We note that the primary demographic of
Reddit constitutes young adults2, which is also the predominant demographic of college students.
Therefore we do not anticipate large linguistic differences between the content of the training
dataset and our college campus posts. Nevertheless, to further demonstrate linguistic equivalence
between the two sources, we borrow methods from the domain adaptation literature [21]. Specif-
ically, we employed an approach involving pairwise comparison of word vectors [7, 69]. This
technique involves first constructing word vectors using the frequently occurring n-grams in each
source of data, and then calculating a distance metric, e.g., cosine similarity, to assess their linguistic
similarity. Cosine similarity of word vectors is an effective measure of quantifying the linguistic
similarity between two datasets [62], and a high value would indicate that the posts in the two
datasets are linguistically equivalent.

To apply this method, we first extracted the most frequent 500 n-grams from our training dataset,
and the same from the posts of every campus subreddit. Next, using the word-vectors of these top
n-grams (obtained from the Google News dataset of about 100 billion words [54]), we computed
the cosine similarity of the two datasets in a 300-dimensional vector space. We observed that the
similarity ranged between 0.94 and 0.96, with a mean value of 0.95, providing significant confidence
in our ability to use of the training data in building a stress classifier for college campus posts.

Classification Approach. Using the above training dataset, we obtained features for the stress
classifier: for this, we used Stanford CoreNLP’s sentiment analysis model to retrieve the sentiment
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class of the posts. We also obtained the top n-grams (n = 3) from the posts to be used as additional
features. Then, using these n-gram features and the sentiment class, we developed a binary Support
Vector Machine (SVM) classifier (with a linear kernel) for detecting High Stress and Low Stress in
posts. Finally, we used this classifier to machine label all of the Before and After post samples shared
in the Control and Treatment datasets associated with the 12 college campuses.

4.2 Quantifying Temporal Dynamics of Stress
Corresponding to RQ2, we now propose a suite of computational techniques to assess the temporal
changes of stress following gun-related violence on college campuses. Drawing from the time series
analysis literature, on the above classified High Stress posts, we develop two approaches: 1) time
domain analysis and 2) frequency domain analysis.

4.2.1 Time Domain Analytic Approach. Normalized Temporal Variability of Stress. First we ex-
amined the temporal variability of High Stress expressed in subreddit posts around each campus
specific gun-related violence (Treatment data), and a similar period in the previous year (Control
data). For the purpose, we first aggregated posts shared per day, and then normalized the number
of posts labeled as High Stress on each day. In order to assign weightage to the number of High
Stress posts on a day as well as its proportion in this normalization, we employed a variant of
the TF-IDF (term frequency-inverse document frequency) estimation technique: we multiplied
the proportion of High Stress posts in a day with squared root of their count on the same day.
We obtained this temporal variability measure of stress for both of our Control and Treatment
datasets, spanning the Before and After periods. In order to reduce irregularities in time series, we
smoothened the measures of the temporal variability of stress, using a non-parametric curve fitting
regression method of lowess . Thereafter we used 0-lag cross correlation as a way to assess how the
manifestations of High Stress around the incident differ from the same in a comparable timeframe in
the past. Cross correlation measurement, that estimates the normalized cross-covariance function
between two time series is an established mechanism to assess the relationship between a pair of
time series signals.

Before-After Change Analysis. Continuing with time series analysis, next, to quantify to what
extent stress changed, following a gun-related violence on college campus, we estimated changes in
the trend of High Stress preceding and following the incidents. For this, we computed the z-scores
of High Stress posts on each day for the Before and After samples in the Treatment dataset. z-scores
quantify the standardized variation around mean value of a distribution and help estimating the
relative changes in a time series data. Since z-scores don’t rely on absolute values in a time series,
it is a well suited metric for analyses spanning across different periods of time (like in our case),
when social media activities might vary.

Next, we computed an average change in z-scores between the Before and After samples by
taking difference of the mean z-scores in the two samples. Finally, we fitted linear regression models
in the Before and After samples to obtain the trend manifested by High Stress over time.

4.2.2 Frequency Domain Analytic Approach. Crisis events are known to trigger significant
disruptions in lifestyle, activities and psychological expression of affected populations [48]. In order
to understand whether a gun violence incident on a college campus disrupts the general periodicity
of expression ofHigh Stress in social media posts, we transformed the time series ofHigh Stress posts
in the frequency domain. Frequency domain analyses are particularly suitable to study the rate at
which the signal in a time series is varies and therefore in assessing its periodicity [87]. Taking help of
Fast-Fourier Transform (FFT) algorithm [12], we obtained the distribution of frequencies (measured
in terms of days) of High Stress posts in Before and After samples in the Treatment dataset. On
these distributions, we quantified the disruption in periodicities of High Stress posts by employing
two methods: 1) spectral density analysis; and 2) wavelet analysis. For the former, we compared the
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spectral density of the two waveforms, computed using the periodogram technique [89]. The latter
analysis included, computing symmetric mean absolute percentage (SMAP) difference between the
peaks at the signal waveforms of the two samples.

4.3 Quantifying Linguistic Dynamics of Stress
Per RQ3, where we are interested in assessing linguistic attributes that characterize High Stress
posts following the campus gun violence incidents, we adopt two forms of language analysis: 1)
psycholinguistic characterization; and 2) incident-specific lexical analysis.

4.3.1 Psycholinguistic Characterization. First, we seek to perform a psycholinguistic characteri-
zation of the High Stress posts in Treatment data, shared in the college campus subreddits around
their respective gun-violence incidents. To do so, we employed the well-validated lexicon called
Linguistic Inquiry and Word Count, or LIWC [61]. Borrowing from prior work [43], to compare
the High Stress Treatment posts belonging to the Before and After samples, we used the following
LIWC measures for understanding the expression of psychological attributes in social media: 1)
affective attributes (categories: anger, anxiety, negative and positive affect, sadness, swear), 2) cog-
nitive attributes (categories: causation, inhibition, cognitive mechanics, discrepancies, negation,
tentativeness), 3) perception (categories: feel, hear, insight, see), 4) interpersonal focus (categories:
first person singular, second person plural, third person plural, indefinite pronoun), 5) temporal
references (categories: future tense, past tense, present tense), 6) lexical density and awareness (cate-
gories: adverbs, verbs, article, exclusive, inclusive, preposition, quantifier), 7) biological concerns
(categories: bio, body, death, health, sexual) 8) personal concerns (categories: achievement, home,
money, religion) and 9) social concerns (categories: family, friends, humans, social).

4.3.2 Incident-Specific Lexical Analysis. Second, we examined the lexical cues shared in the High
Stress posts in Treatment data for each of the college campuses. Our goal here is to understand to
what extent, lexical references of the specific incidents directly surface in theHigh Stress expressions
shared in the college subreddits. For this, we specifically analyzed posts shared within 7 days before
and after the day of incident, to focus on weekly patterns. This chosen time window of analysis
was inspired from prior work [66], that demonstrates that major shifts in psychological states and
emotional responses are manifested until 7 days after the date of a crisis incident. Other work in
social media analytics [22, 35] further indicates that human affective and mental health patterns
follow stable weekly patterns, with systematic waning and intensification through different days of
the week.. We extracted 50 top occurring n-grams (n = 1, 2, 3) shared in the 7 days after the incident,
and computed their Log Likelihood Ratio (LLR) with respect to their occurrences in posts 7 days
before the incident. The LLR for an n-gram is determined by calculating the logarithm (base 2) of
the ratio of its two probabilities, following add-1 smoothing. Thus, when an n-gram is comparably
frequent in the two week-long periods, its LLR is close to 0; it is closer to 1, when the n-gram is
more frequent in the posts after the incident, whereas, closer to -1, for the converse.

5 RESULTS
5.1 RQ 1: Inferring Stress in Social Media

5.1.1 Building a Stress Classifier. Corresponding to RQ1, we begin by presenting the results of
the machine learning classifier of stress. Our binary SVM classifier used 5000 n-gram features and
three boolean sentiment features of Positive, Negative and Neutral; the number of n-gram features
was determined based on systematic parameter sweep. We used a k-fold (k=5) cross-validation
technique to evaluate our model, and achieved a mean accuracy of 0.82. This accuracy was better
than the baseline accuracy (based on a chance model) of 0.68 on this dataset. Table 2 reports the
performance metrics of the stress classifier and Figure 1 shows the Receiver operating characteristic
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Table 2. Performance metrics of stress classification
based on k-fold cross-validation (k=5)

Metric mean stdev. median max.

Accuracy 0.82 0.11 0.78 0.90
Precision 0.83 0.14 0.77 0.92
Recall 0.82 0.09 0.78 0.88
F1-score 0.82 0.11 0.79 0.89
ROC-AUC 0.90 0.08 0.78 0.95 0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate
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Fig. 1. ROC curve for stress classification

Table 3. Top 30 Features in stress classifier. Sta-
tistical significance reported after Bonferroni cor-
rection. (*** p < 0.001).

Feature p log(score) Feature p log(score)

stress *** 9.63 thank *** 6.20
try *** 7.46 meet *** 6.17
work *** 7.20 life *** 6.07
anxiety *** 7.05 sleep *** 6.03
meditation *** 6.88 problems *** 5.98
help *** 6.81 control *** 5.95
focus *** 6.62 job *** 5.89
luck *** 6.62 good *** 5.87
breathing *** 6.44 health *** 5.87
techniques *** 6.33 week *** 5.86
feel *** 6.30 minutes *** 5.83
exercise *** 6.30 doctor *** 5.83
time *** 6.25 mental *** 5.83
play *** 6.23 relax *** 5.72
body *** 6.21 stressful *** 5.67

0 10 20 30

r/OSU
r/ucla
r/NAU

r/chapelhill
r/Gamecocks

r/fsu
r/UCSantaBarbara

r/Purdue
r/mit
r/ucf
r/UMD
r/USC

After (log(number of posts))

Control HS Control LS

0 10 20 30
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0102030

Before (log(number of posts))

0102030

Fig. 2. High Stress (HS) and Low Stress (LS) posts in Before
and After samples of Control and Treatment dataset.

(ROC) curve of the same. We find that our classifier yields low number of false positives (average
precision 0.82), as well as low false negatives (average recall 0.82), indicating robust performance
on test data. We conclude that our classifier is able to successfully classify Reddit posts to be
expressions of High Stress or Low Stress.
What are the top predictive features of this classifier? In Table 3, we report the top 30 features

of our stress classifier. We observe that a notable number of verbs or action-based nouns occur
in this list, such as, try, work, help, focus. Additionally, we observe the presence of words which
are contextually related to the expression of stress, like stress, anxiety, stressful, and relax. Aligning
with prior work that has examined the correlates or factors precipitating stress [70], other notable
words which occur in the top features include – 1) work-related: work and job; and 2) health-related:
health, body and sleep.
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Fig. 3. Temporal variation in the expression of High Stress. The reference line represents the date of gun-
violence incident.

5.1.2 Expert Validation of Stress Classifier. In order to understand the temporal and linguistic
dynamics of High Stress, specific to our problem (RQ2 and RQ3), we apply the stress classifier to
machine label the posts in both the Treatment and Control dataset. With the help of three human
raters, expert in social media analytics and the study of affect dynamics, we validated a random
sample of 151 of the classifier labeled posts (79 High Stress and 72 Low Stress posts). Our experts
adopted the Perceived Stress Scale [17] for examining how the specific concerns measured in the
scale (e.g., feelings of nervousness, anger, lack of control) were expressed in each post they rated.
Presence of these concerns meant a High Stress label, while their absence indicated Low Stress. Our
raters reached high agreement in this task (Fleiss’ κ = 0.84), and we obtained an accuracy of 82%7

for the stress classification.

5.2 RQ 2: Temporal Dynamics of Stress
For RQ2, we begin by summarizing the results of class-wise stress distribution on each of the
campuses in Figure 2. Comparing the Treatment and Control datasets spanning the Before and
After periods, we find that: 1) For the Treatment dataset, the proportion of High Stress posts in the
Before sample ranges between 35% and 45%, averaging at 40% (10,043 out of 24,737), whereas, the
7This should not be confused with cross-validation accuracy of stress classification. Coincidentally, we obtained same value
in both cases.
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same for posts in the preceding year, ranges between 33% and 43%, averaging at 40% (9,415 out
of 23,430); 2) the proportion of High Stress posts in the After sample of Treatment dataset, ranges
between 33% and 47%, with a mean value of 41% (12,834 out of 31,370), while a similar period in
the preceding year, reveals a mean proportion of 42% (9,528 out of 22,816). These numbers convey
that the proportion of posts expressing High Stress in the college subreddits remains comparably
similar over an extended period of time, despite a gun violence incident on the campus. However,
as our ensuing time series analysis will show, we do observe significant changes in the patterns of
expression of High Stress posts in the aftermath of gun violence.

5.2.1 Time Domain Analysis of High Stress Posts. To understand how stress varies following
incidents of gun related violence on college campuses, we first focus on time domain analysis of
the expression of High Stress campus subreddits.

Temporal Variability of Stress. In Figure 3, we show the normalized volume of High Stress content
in the Treatment and Control datasets. We observe that High Stress posts are shared in the college
subreddits all throughout the period spanning both the Treatment and Control datasets, in varying
degrees. These posts consist of content ranging across varieties of academic and college-life specific
topics including, admission, examination, or assignments: “I really should be doing homework right
now...”; and “I applied to the PhD program. I have emailed them twice in the past few weeks, but they
keep saying they aren’t done reviewing applications. [..] What should I do?”. This observation aligns
with prior literature that situates various college-life specific factors to be attributable to student
stress [68], and that stress is a persistent psychological observation among college students [8].

When we specifically examine the day of the gun violence incident and its vicinity, we observe a
peak of the normalized volume of High Stress posts in a majority of the subreddits, considerably
distinct in r/ucf, r/Purdue, r/UCSantaBarbara, r/NAU, r/OSU. The peak in stress in the Treatment
year, as compared to the Control year supports a weak causal claim: that the campus gun violence
contributes to an increased stress immediately following the incident. We also observe that the mean
normalized stress in the Treatment year is higher than the same for Control across all campuses
(1.35 vs. 1.19), with the maximum difference observed in r/ucla (0.49) and r/UCSantaBarbara (0.45).

To assess whether the above reported differences are statistically significant, we report the results
of a cross-correlation analysis of the temporal occurrences of High Stress posts in the Control and
Treatment datasets in Figure 6(a). We find negligible values of 0-lag cross correlations between the
two time series, ranging between -0.002 and 0.003, with a mean value of 0.000 . This indicates that
the differences between the pattern of High Stress between year of incident and a similar period in
the year prior to it are indeed significant.

Before-After Change Analysis. However, how does the expression of High Stress in the college
subreddits change in the aftermath of the gun violence incidents, compared to that before? To
answer this question, we report the findings of our proposed before-after analysis (ref. Methods).

Within the Treatment dataset, first we conduct a cross-correlation analysis between the temporal
occurrences of High Stress posts, which were shared Before and After the date of incident. A 0-lag
cross-correlation for the Before and After samples (Figure 6(a)) ranges between -0.016 and 0.019,
with a mean value of 0.005, revealing negligible correlation in the pattern of High Stress following
the incident, as compared to before it. Next, we compute the z-scores of High Stress expressed on
each day (Figure 4). At a glance, we observe the mean change in z-score between the Before and
After samples ranges from -0.30 (r/NAU) to 0.83 (r/Purdue), with 9 out of 12 subreddits exhibiting a
positive change in expression of High Stress (Figure 6(b)). We conducted Mann-Whitney U tests of
Before and After day-wise z-scores, for which we converted the dates to ordinals by counting the
number of days on the either ends of the date of incident. These tests revealed statistical significance
for each of the subreddits, withU ranging between 13,585 and 18,562,124, with a mean of 2,695,608.
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Fig. 4. Variation of z-scores of stress expressed in the Before and After samples in the Treatment dataset.

More careful examination of Figure 4 indicates that the z-scores of High Stress in the days
following the incident in most of the subreddits have a trend line (based on fitting a linear model)
yielding a negative slope. Specifically, we observe the most negative slopes in the cases of r/Purdue
(-0.03) and r/OSU (-0.03). However, the trend line fits for High Stress z-scores in the Before period
do not show such a trend– the mean slope during the period preceding the gun violence incidents
is 0.001, revealing approximately a stable pattern.
Overall, our results suggest that, the expression of High Stress in the aftermath of gun violence

shows an abrupt shift in their temporal pattern, peaking significantly around the day of the incidents,
and thereafter showing a downward trend.

5.2.2 Frequency Domain Analysis of High Stress Posts. Recall our final analysis for RQ2 centers
around understanding how the various gun violence incidents on campuses disrupt the periodicity
of sharing High Stress posts. For this, working within the frequency domain, we apply Fast-Fourier
Transform (FFT) on the distribution ofHigh Stress posts in Treatment data (ref. Methods). In Figure 5,
for each college subreddit, we show the distribution of frequencies F (t) during the Before and After
periods respectively, in a heatmap format. The color intensity of a cell in a specific heatmap indicates
the probability of a certain frequency, P(F (t)) (measured in terms of days). Discussing our main
observations from the heatmaps, in case of r/USC (Figure 5(a)), we find that the High Stress posts in
the Before period showed high periodicity (i.e., exhibit peaks in expression) around every 4 and 13
days, whereas the same in the After period occurred at every 5, 7 and 11 days.
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Fig. 5. Frequency distribution heatmaps of stress in Treatment dataset. The x-axis, F (t) represents frequency
where t is in terms of days, and the density of color, Pr (F (t)), represents the probability of High Stress at F (t).
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Fig. 6. (a) 0-lag cross-correlation between Control-
Treatment and Before-After (Treatment) samples. (b)
z-score changes in After sample compared to Before.
p-values computed using Mann-WhitneyU -test (***
p < 0.001).
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Fig. 7. Spectral and wavelet analysis of frequency
waveforms of Before and After samples in Treatment
dataset.

In order to quantify if and to what extent periodicities of High Stress expression in the Before and
After samples, as given by the FFT approach, are disrupted around the gun violence incidents, we
present the results of the spectral density and the wavelet analysis in Figure 7. For the former, the
changes in mean spectral densities between the Before and After samples range from -2% (r/mit) to
96% (r/UCSantaBarbara), with a mean absolute difference of 37%. For the latter, we find that the
symmetric mean absolute percentage (SMAP) differences between the frequency waveforms of the
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Table 4. Welch’s t-test comparing the psycholinguistic attributes of High Stress Treatment posts shared Before
and After gun violence incidents. Statistical significance reported after Benjamini-Hochberg-Yekutieli False
Discovery Rate correction (*** p < .001, ** .001 < p < .01, * .01 < p < .05).

Category Before After ∆% t-stat. p

Affective Attributes

Anger 0.008 0.010 23.34 3.558 ***
Anxiety 0.007 0.003 -61.81 -11.499 ***
Negative Affect 0.007 0.009 20.55 3.376 ***
Positive Affect 0.072 0.036 -50.56 -27.978 ***
Sadness 0.002 0.002 14.42 1.554 *
Swear 0.006 0.007 12.46 1.5765 *

Cognitive Attributes

Causation 0.027 0.013 -51.95 -23.312 ***
Inhibition 0.008 0.005 -36.48 -7.824 ***
Negation 0.029 0.041 41.90 13.334 ***

Perception

Feel 0.004 0.006 34.59 3.225 **
Hear 0.014 0.009 -35.49 -7.518 ***
Insight 0.041 0.020 -50.24 -26.544 ***
Percept 0.017 0.018 4.22 1.137 *
See 0.019 0.018 -7.11 -1.896 *

Interpersonal Focus

1st P. Plural 0.013 0.010 -24.94 -5.011 ***
1st P. Singular 0.061 0.080 32.47 15.864 ***
3rd P. 0.015 0.012 -18.78 -3.740 **

Category Before After ∆% t-stat. p

Temporal References

Future Tense 0.037 0.035 -6.15 -2.146 *
Past Tense 0.056 0.061 8.58 3.787 ***
Present Tense 0.116 0.113 -2.20 -1.787 *

Lexical Density and Awareness

Article 0.117 0.144 22.93 16.720 ***
Exclusive 0.032 0.064 99.31 33.659 ***
Preposition 0.219 0.181 -17.38 -21.991 ***
Quantifier 0.023 0.043 86.01 25.474 ***

Biological Concerns

Bio 0.012 0.014 10.62 2.478 **
Body 0.004 0.005 16.30 2.067 ***
Health 0.003 0.007 97.39 8.837 ***
Death 0.001 0.003 155.22 6.407 ***

Personal and Social Concerns

Achievement 0.037 0.016 -55.66 -25.509 ***
Home 0.005 0.009 93.94 10.148 ***
Money 0.022 0.011 -48.75 -16.661 ***
Religion 0.003 0.004 43.82 2.872 **
Family 0.002 0.003 41.67 2.606 **
Friends 0.004 0.006 65.55 5.352 ***

Before and After samples averages at 10, ranging between 2 (r/fsu) and 24 (r/Purdue). These results
suggest that the periodicity of expression of High Stress was disrupted considerably following the
incidents of gun violence on the 12 campuses.
We note that for r/Gamecocks, which we found to show aberrant pattern compared to other

subreddits in the time domain analysis, according to its frequency domain analysis distribution
heatmap (Figure 5(h)), there is a significant change in the periodicity of expression of high stress
following the gun violence incident in the University of Southern Carolina (14% change in spectral
density and an SMAP difference of 17).

5.3 RQ 3: Linguistic Dynamics of Stress
Finally, we present the results of our RQ3: the linguistic dynamics of High Stress expression in
Treatment posts around the 12 campus gun violence incidents.

5.3.1 Psycholinguistic Characterization. In order to characterize the psycholinguistic cues of
high stress content shared in the campus subreddits, we extracted the normalized occurrences of the
LIWC attribute categories from the High Stress Treatment posts shared during the Before and After
periods (ref. Methods). For each psycholinguistic measure, to assess whether the differences between
the Before and After samples are statistically significant, we perform Welch’s t-test, followed by
Benjamini-Hochberg-Yekutieli False Discovery Rate (FDR) correction. These results are presented
in Table 4.
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Affective Attributes. Starting with the measures under Affective Attributes, we observe that High
Stress posts in the After dataset show higher occurrences of anger, negative affect and swear words.
Some example post snippets include, “why the hell do they have a giant assault rifle?” and “ I guess
since campus is a gun free zone we’re all fucked”. At the same time, High Stress posts in After period
show significantly lowered levels of positive affect words. This indicates that the students may be
engaging over Reddit to express their relatively higher negative perceptions, reactions and thoughts
apropos the gun violence incidents.

Cognition and Perception. Next, for the measures grouped under Cognitive Attributes and Per-
ception, we observe that, words related to causation, inhibition and insight are used significantly
lesser in the After period. Prior work has related this psycholinguistic expression to lowered cog-
nitive functioning [6], which is a symptom of high stress. However, negation words occur more
frequently in the After period, as well as words related to feel. Per prior work [61], this kind of
greater perceptual expressiveness is known to be associated with language that depicts personal
and first-hand accounts of real world happenings, events and experiences. Likewise, in our case,
they indicate that the subreddit users are more expressive of their feelings in the aftermath of the
campus gun violence incidents, e.g., “I’m already home, but can’t explain how am I feeling. No idea
how to deal with this. Anything normal does feel way out of place at this point.”

Linguistic Style Attributes. Corresponding to the different linguistic style attributes, the Before
and After High Stress posts show distinctive Interpersonal Focus—we find that the use of 1st person
singular pronouns increases by 32% after gun violence, however that of 1st person plural and third
person pronoun words decreases. These patterns are known to indicate heightened self-attentional
focus and greater detachment from the social realm [61]. We conjecture that the users posting
in the college subreddits may be resorting to social media to share their personal experiences
and opinions about the incident. In the case of Temporal References, words referring to future
and present tense show reduced usage in After sample, whereas words belonging to past tense
demonstrate higher occurrence in the After period. Higher use of past tense indicates tendency to
recollect prior experiences and events [79], which in our case, might be an orientation to discuss the
gun violence incident on the campus. With the exception of preposition words, all other function
words (exclusives, articles and quantifiers) show significant increase in the After period, which are
known to be related to a personal narrative writing style, often characteristic of crisis-inflicted
populations [18].

Biological Concerns. Considering the measures grouped under Biological Concerns, our results
show that words referring all of bio, body, health and death occur in a higher frequency in the
After period. We conjecture that the High Stress posts shared following the gun violence incidents
tend to relate to the after-effects, casualties, and implications of the incident for students’ safety,
well-being, and life (example post excerpt: “I hope that no one is seriously injured or killed”).

Personal and Social Concerns. Finally, looking at the measures grouped under Personal and Social
Concerns, we observe some revealing patterns. First, words related to achievement occur signifi-
cantly lower (55%) in the High Stress posts spanning the period After the gun violence incidents.
We note that this category consists of words like ‘confidence’, ‘pride’, ‘progress’, ‘determined’. The
college subreddits which are generally a platform for college-life discussions among students, lower
usage of achievement words indicates a decline in tendency of engagements in career and academic
topic related discussions in the aftermath of the campus gun related violence. Next, we find that
the usage of words relating to social life and relationships: family, friends and home increase After
the incidents. Through these social orientation words, we conjecture the subreddit users to share
social well-being impressions as well as perceptions of solidarity in the context of the incidents.
Words in the category money, which occur significantly less frequently in the After samples, show
that although money is a generic contributor of stress [78], it does not remain so in the High Stress
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Fig. 8. Temporal variation of statistically significant psycholinguistic attributes of High Stress Treatment posts
shared Before and After gun related violence.

posts following gun related violence on the campuses. In addition, some of these incidents, such as
the UNC Chapel Hill or the OSU attack were violence attributed to religious radicalism or religious
hate-crime, which we conjecture to contribute to the higher occurrence of religion words in the
After period.

Temporal Trends of Psycholinguistic Measures. Finally, we examine the temporal trends
of occurrences of the significant psycholinguistic measures in High Stress posts: ref. Figure 8. We
observe that most of the measures belonging to the different attribute categories consistently
attain a peak in their occurrences in the immediate vicinity of the gun violence incident (day: 0).
Interestingly, this peak is also the maximum value attained by all of the measures, with an exception
of feel (Figure 8c).

Comparing among the measures belonging to Affective Attributes, we notice that positive affect
is expressed consistently higher than any other measure in this group. We observe a revealing
shift in trends of the usage of Interpersonal Focus (Figure 8d) – 1) We observe a sharp increase in
the usage of 1st personal plural pronouns, overtaking the usage of 1st person singular ones just
immediately following the day of incident, which aligns with the emergence of collective identity
as observed in prior work [48]. 2) But with days to follow, we observe the occurrence of 1st person
singular takes over, indicating a rise in usage of words referring to self attention. In addition, it
is interesting to note the occurrence of death, agrees with prior work [33] – where we find that
although “death” has a minimal occurrence consistently in the Before period, it achieves substantial
concentration in High Stress posts just following the day of incident for a few days.

5.3.2 Incident-Specific Lexical Analysis. Our final set of results includes an analysis of the
linguistic markers as manifested in the subreddits immediately after gun violence on a college
campus. For this, within the High Stress Treatment posts, we first extract the 30 most occurring
n-grams (n = 1, 2, 3) on the day of incident. The 30-day Before and After temporal trends of usage
of n-grams is shown in Figure 9 in a heatmap format. We observe some contrasting patterns–
for instance, ‘class’ occurs consistently in High Stress posts until the incident dates, but its usage
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Fig. 9. Top 30 keywords used in High Stress posts on the day of gun violence incident (day = 0) across all the
subreddits.

Table 5. Lexicon of selected n-grams (n = 1, 2, 3) occurring considerably higher in posts shared 7 days after
the day of gun related violence, as compared to 7 days before.

Subreddit After>Before (LLR ≥ (0.75))
r/USC problems, night, security, shooting, party, events, fingerprint, entrances, email, dps, campus

center, event, trojan, defense, safe

r/UMD athletics, gun, supercar, cars, shoot, department, school, fire, community, sports, college, park

r/ucf assault, assault rifle, weapon, tower 1, rifle, gun, police

r/mit state, lincoln, stay safe, watertown, officer, officers, police, scanner, second, shots, shots fired,
house, bpd, unknown, clear, confirmed, custody, dexter, fired, fuck, spruce, suspect, black,
boston

r/Purdue shooter, police, shooting, news, place, building, ee, campus, guy, heard, day, gt, know, student,
people, today

r/UCSanta-

Barbara

videos, victims, gun, mental, isla vista, guy, news, community, post, police, person, help, feel,
love, iv, life, point, friends

r/fsu mental, safe, shooting, strozier, ok, news, library, shooter, friends, victims, hope, stay, post,
time, people, information, good

r/Game-
cocks

alert, murdersuicide, public health, public health research, research center, shooter, shooting,
students, support, lockdown, faculty staff, counseling center, building, health research center,
cancelled

r/chapelhill pretty, muslims, writing, religion, high, hicks, help, pound, students, execution style, execution,
universal, world, abusalha, 30 serv, support, parking, unc

r/NAU astronomy, jones, kill, kill people, meth, problem, harder, professors, self, self defense, shooter,
shot, tour, guns kill people, year, guns, fight, class, defense, gun, asu, shooting

r/ucla safe, confirmed, police, klug, shooter, gun, guns, health, mental, saying, professor, situation

r/OSU safe, police, muslims, gun, removed, parking, post, stay, wrong

declines considerably in the week following the gun related violence. On the other hand, subreddit
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users converse about ‘people’, ‘friend’, ‘hope’ and ‘feel’ a lot more in the immediate aftermath of
the event, as compared to their overall occurrences—aligning with the observations drawn from
the psycholinguistic analysis above, involving the emergence of a social orientation and greater
perceptual expression following the incidents. The n-grams describing the nature, manifestation,
and implications of the specific campus incidents, e.g., ‘police’, ‘shooting’, ‘safe’ and ‘gun’, have
dense and increased concentration of usage following the day of the incident.

Next, we drill down further for each of the 12 colleges and, employing the Log Likelihood Ratio
(LLR) measure (ref. methods), extract a lexicon of the top 50 n-grams (n = 3) from the High Stress
posts within 7 days following the day of gun violence incident, and then compare their occurrence
in High Stress posts in the 7 days preceding the day of incident. Table 5 reports the n-grams, for
which we obtained an LLR of over 0.75– these n-grams occur predominantly in posts after the
incident, and are distinctive characteristic of what is discussed in the subreddits specifically on
these days.

Taking a close look at Table 5, we observe that this lexicon includes words which embed informa-
tion specific to the incidents that occurred on the different college campuses under our consideration.
For instance, we notice the lexicon to encompass words related to the geographical site of the
incident such as – ‘campus center’ in r/USC, ‘tower 1’ in r/ucf, ‘isla vista’ in r/UCSantaBarbara,
‘library’ in r/fsu, ‘public health’ in r/Gamecocks, and ‘parking in r/OSU. Next, we note the presence
of the word ‘videos’ in r/UCSantaBarbara and ‘murdersuicide’ in r/NAU, which are coherent with
how the incidents unfolded at these campuses. Additionally, agreeing with our findings from
the psycholinguistic characterization presented above, we observe the presence of ‘muslims’ in
r/chapelhill and r/OSU, where the incidents were attributed to be religious hate-crimes or radicalism.
Finally, we find usage of words relating to the victim or the perpetrator’s name and occupation in
some of the subreddits, such as r/mit, r/Gamecocks, r/chapelhill and r/ucla. Summarily, this analysis
shows that high stress expressed in posts of the college subreddits in the immediate aftermath of
the gun related violence may be a consequence of the incidents in the respective campuses.

6 DISCUSSION
From our findings, we derive two major observations: 1) Psychological stress may be automatically
inferred from social media content by employing supervised learning approaches; and 2) Inferred
stress levels in a college campus may indicate the responses of individuals exposed to the reported
gun-related violence incident. To arrive at these findings, we make a methodological contribution
in the paper as to how stress changes, temporal and linguistic, can be measured following a violent
incident on campus, drawing from machine learning and time series analysis techniques. Thus our
work bears implications for researchers intending to study the socio-psychological responses of a
population exposed to a crisis, and those interested in developing technologies to assist vulnerable
populations following traumatic events. We discuss these implications in the following subsections.

6.1 Theoretical and Psychological Implications
Freud’s psychoanalytic theory [31] argued that external reality, for example, traumatic events,
can have profound effects on an individual’s pysche, and can be considered to be the cause of
emotional upheaval, stress, and traumatic neurosis. He suggested that the personal impact of the
trauma, the inability to find conscious expressions for it, and the unpreparedness of the individual
can cause a breach to the stimulus barrier and overwhelm the defense mechanisms [30]. We find
that the methods we employed in this paper allow us to examine these theoretical constructs in a
quantitative, data-driven manner. For instance, our linguistic analytical methods suggest distinctive
psycholinguistic cues in high stress posts shared after the gun violence incident compared to before.
As an example, the usage of words related to biological concerns increase remarkably following
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the incident. In contrast, more general topics closely related with stress in a college population,
such as financial and career-related concerns [68] exhibit significant reductions in usage following
the incidents.
Further, a notable finding of our work comes from our incident-specific lexical analysis— the

content shared on social media immediately following the violent incidents appears to be largely
topically related to the events themselves. McCann and Pearlman [51], within the framework
of cognitive theory, proposed seven fundamental psychological need areas following experience
of a crisis event: frame of reference, safety, dependency/trust of self and others, power, esteem,
intimacy, and independence. Trauma, they argue, may cause disruptions in any of these need areas
and thereby lead to troublesome emotions and thoughts such as stress. Words such as “stay safe”,
“support”, “hope”, “help”, “self”, that increase in usage in high stress social media posts following
the incidents, indicate the expression of many of these needs.
Finally, our methods allow us to draw a variety of nuances of the patterns of acute stress

responses on college campuses following the violent incidents, that tend to offset more persistent
chronic stress expressions. For instance, our findings suggest that although students undergo stress
all throughout the year because of academic and personal reasons [68], stress expression of a
campus changes considerably after an incident of gun related violence. In essence, our findings
show that, as revealed by campus social media posts, stress as a construct, is prevalent (possibly
chronic in nature) across time, yet the nature of this construct changes drastically (possibly turning
more acute) around a critical crisis incident. Further, we demonstrate the temporal and linguistic
“signatures” of expression of such acute stress, such as altered periodicities or increase/descrease
in specific psycholinguistic words, can be gleaned with our proposed machine learning and time
series analysis approaches. Our findings support similar observations made with respect to the
manifestation of affect and psychological states in a response to chronic violence [25], wars [48]
and terrorist attacks [46]. Moreover, closely aligning with prior work [1], we also observe that
the post violence acute stress levels subside within days to follow, and approach baseline levels
of generally persistent chronic stress. This could be because life goes back in order, with other
aspects of campus life taking priority. This interpretation is consistent with prior work in crisis
informatics [48], as well as Foa and colleagues’ emotional processing theory [28]. They noted
that emotional experiences, such as anxiety and stress, are often relived well after the original
traumatic events have occurred, although the frequency and the intensity of emotional reliving
usually decreases over time.

6.2 Practical Implications
Our computational techniques provide a robust mechanism to quantify the impacts and severity
of a crisis, as well as the corresponding community responses. While our findings may seem
unsurprising—that stress exacerbates after violent events, and shows altered periodicities and
expression patterns, that the outcomes of our proposed methodologies align with expected patterns
of stress following crises, in a way, establishes the validity of our methods. Therefore, we believe
our techniques will find use as unobtrusive sensors of stress and its linguistic and temporal changes
during crises. We also believe that these methodologies may be leveraged in future situations where
causes of stress may not be so apparent or known, as was the case in our study, e.g., assessing stress
and associated student responses in everyday (crisis free) contexts, where a variety of day-to-day
but unanticipated academic, personal or social concerns may contribute to stress.

Further, since our techniques leverage social media of the specific affected communities (college
campuses), they can help identify their unique “signatures” or idiosyncratic patterns in stress
expressions. As we observed, the temporal trajectory of high stress following the incident at the
University of Southern California was distinct from the others; so were the kinds of linguistic cues
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that surfaced in social media content of the different campuses immediately following the incidents.
In turn, our approaches may help discover the presence or absence of protective factors surrounding
stress in specific communities/campuses, including how a campus’s stress expression deviates
from an expected pattern of stress on any campus affected by a similar crisis. This information
can be immensely valuable to crisis rehabilitation efforts, including how specific campuses may
adopt policies or strategies to enhance the idiosyncratic aspects relating to the community, that
exacerbate or protect against stress.

Finally, we also note that, it is recognized that the impact of a violent incident transcends observed
casualties, and its perception can be very subjective at an individual level. Our work provides
a way to account for the “invisible wounds” [37] or “hidden casualties” [64] in a crisis, which
tend not to get reported or measured adequately. In essence, we observe that in the aftermath of
campus gun related violence, campus-specific social media like Reddit, acts as a unique platform
allowing campus populations to express their emotion and stress about their circumstances, (semi)
anonymously, amid feelings or perception of fear and trauma. Our techniques enable capturing a
“quantitative narrative” of these self-disclosed stress experiences of campus populations exposed to
crisis events, which, we believe, can eventually inform historical accounts about campus life.

6.3 Design Implications
Our research bears implications for designing technology that can support improving mental health
provisions for campus populations during times of upheavals.

A significant challenge for college administrators is providing adequate mental health services,
such as around aggravated stress levels, in a proactive, real-time manner. These efforts become
even more difficult in the face of violent events on campus, due to the disruption in everyday life
and activities on campus. Our work shows promise in enabling technology-assisted means to tackle
these challenges.

Since sudden bursts of stress can be detrimental in the long-term [52], with our work, population-
centric stress tracking tools can be built. These tools can significantly advance current practices in
terms of how college authorities engage with the student community following crisis incidents.
Typically these practices include broad campus-wide communication of the context and outcomes of
the incident, followed by specialized programs to direct psychological counseling and rehabilitation
support to students who may need help. Our work can complement existing techniques and tools for
assessing stress among individuals [58]. With tools that leverage our methods, college authorities
can learn about the pervasiveness of stress following a crisis event and the extent to which its
normal pattern has been disrupted. This can enable them in making more informed decisions
about the nature of crisis communication that should take place on campus, such as balancing
informational alerts with adequately sensitive and focused assurance. Additionally, administrators
will be able to reach a better understanding of students’ counseling or rehabilitation resource
needs. They will also be able to identify specific stress induced temporal or linguistic responses that
negatively impact specific student groups. This can allow them to take adequate action in a timely
manner, e.g., conducting campus-wide awareness and mitigation campaigns on mental wellbeing,
or making tailored provisions to improve mental resilience and morale of the student body.
Next, often following campus violence, administrators need to make policy decisions for main-

taining the safety and morale of the student body. For example, in the wake of 2012 shooting
in University of Southern California (which we considered in our analysis), the administration
incorporated heightened security measures and visitor restrictions in the campus8. The patterns and
observations gleaned from tools that leverage our methods, such as the incident-specific linguistic
markers, could provide evidence-based, student-contributed insights to administrators so as to

8latimesblogs.latimes.com Accessed: 2017-04-15
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make informed policy decisions to scaffold campus life succeeding crises. Over time, this ability to
identify markers of student stress and their dynamics can also contribute to improved preparedness
in campus around future crisis events.

6.4 Limitations and Future Directions
Our study includes some limitations. Although our results build on expert validations, we cannot
be certain about the clinical nature of stress inferred in this data, and we caution against making
clinical inferences with our classifier and approach. Additionally, our study employs adequate
statistical techniques such as consideration of control data to identify stress dynamics subject to
the gun violence events specifically, we cannot make absolute causal claims. An interesting future
extension to address this concern can be to collect quantitative evidence of stress in the campus
population following a violent incident, such as through psychometric instruments, and examine if
our findings predict these measurements.

Relatedly, there is a possibility that our study has not considered unknown confounding variables,
which could have affected our results. In fact, it may seem that casualty statistics of the specific
gun violence event may have direct impact on the observed stress patterns, and therefore should
be factored into our stress assessment model. However, as noted before, our proposed approaches
enable us to examine to what extent social media may serve as a source of information capturing
those patterns of stress that surface from the “invisible wounds” [37] and “hidden casualties” [64],
rather than directly from the reported casualties. Future work could investigate to what extent
observed social media stress patterns directly relate to reported casualties. Further, our results
only account for a specific nature of crisis event with a stipulated period of temporal variation.
We cannot be certain if additional campus related factors that coincided with these events, e.g.,
policy changes or other unreported crises, could have impacted the observed analytical findings.
Considering longer temporal analysis can also provide insights into the resilience of different
campuses in the light of violent incidents.
We also acknowledge limitations in the use of campus-specific social media data in modeling

stress and in identifying the aftereffects of violent incidents. First and importantly, we recognize
that although college students constitute a demographic in which social media penetration is among
the highest [6], possibly not every student on a campus uses them. Our approach is therefore not
able to account for social media non-use or those who use platforms whose data cannot be collected
for research purposes in an ethical manner. We also identify that there could be self-presentation
bias in the Reddit expression of some users; this is because stress is a stigmatized experience, and
some individuals may not feel comfortable sharing these experiences on a public online platform
like Reddit. Augmenting our data with other social media sources (e.g., Twitter) including students’
self-reported (qualitative and quantitative) data can circumvent some of these limitations, and
constitute promising directions for future work.

6.5 Privacy and Ethics
Privacy challenges within social media research is well-recognized. In our study, we used publicly
available social media data and no direct interaction was made with the users who posted on the
subreddits. In the case of social media population, it is impracticable to gain informed consent from
thousands of people, and therefore individuals may be unaware of the implications of social media
content, with regard to their ability to signal underlying psychological risk. More importantly, we
ensured that our assessment of the expression of stress is conducted at post-level with anonymized
usernames, to protect the identity and safeguard detecting the mental well-being state of user,
which would necessitate an individual consent and an approval from institutional review board.
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7 CONCLUSION
In this paper, we proposed computational techniques to assess how the psychological stress of
a campus population changes following an incident of gun violence. Our data consisted of posts
shared on the Reddit communities of 12 US colleges affected by gun related violence between 2012
and 2016. Using social media as a lens to glean students’ stress expression, we first built a machine
learning classifier for inferring the expression of stress, which achieved a mean accuracy of 82%.
Next, through time series analyses we observed that the usual periodicities of stress experienced on
campuses get disrupted, and high stress levels are more prevalent following the incidents; although
their effects subside a few days later. The linguistic dynamics associated with high stress posts
indicated a correlation between incident-specific topics and stress expression within the campuses.
We believe our work advances research in psycholinguistics and crisis informatics, through a
methodology to measure the expression of stress via social media, and a framework to assess the
psychological impacts of a community exposed to a crisis.
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