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Mass shootings are becoming more frequent in the United States,
as we routinely learn from the media about attempts that have been
prevented or tragedies that destroyed entire communities. To date,
there has been limited understanding of the modus operandi of mass
shooters, especially those who seek fame through their attacks. Here,
we explore whether the attacks of these fame-seeking mass shooters
were more surprising than those of others and clarify the link between
fame and surprise in mass shootings. We assembled a dataset of
189 mass shootings from 1966 to 2021, integrating data from multiple
sources. We categorized the incidents in terms of the targeted popu-
lation and shooting location. We measured “surprisal” (often known
as “Shannon information content”) with respect to these features,
and we scored fame from Wikipedia traffic data — a commonly used
metric of fame. Surprisal was significantly higher for fame-seeking
mass shooters than non-fame-seeking ones. We also registered a
significant positive correlation between fame and surprisal control-
ling for the number of casualties and injured victims. Not only do we
uncover a link between fame-seeking behavior and surprise in the
attacks, but also we demonstrate an association between the fame of
a mass shooting and its surprise.

Aggression | Fame-seeker | Information theory | Mass shooting | Surprisal

ggression can be seen all over nature, from human civi-

lizations to the animal kingdom. For animals, aggressive
actions are generally traceable to functional purposes, that is,
gaining access to valuable resources such as food, shelter, and
mates (1). In the case of humans, aggression can be remark-
ably more complex (2); for example, no tangible benefits can
be identified in the actions of a mass shooter, who often dies
during or at the end of the attack.

Mass shootings have become frequent in the United States
(U.S.), and their lethality has steadily increased over time (3).
What motivates mass shooters? Different factors may spark
mass violence, including mass shooters’ extreme ideologies,
mental health conditions, and interpersonal conflicts (4). One
of the least understood drivers is seeking fame (5, 6). Mass
shooters who seek to gain fame, known as fame-seeking mass
shooters, are individuals who execute their acts explicitly to
make a name for themselves (5). Fame-seeking mass shooters
are usually identified through statements expressing their thirst
for fame (7); for example, the perpetrator of the Rose-Mar
College of Beauty shooting, known as the first fame-seeking
mass shooter, explicitly said “I wanted to get known, just
wanted to get myself a name” (8).

Many attempts have been made to study fame-seeking mass
shooters. For example, Lankford studied characteristics of
mass shooters in the U.S. and abroad, concluding that some
of them may “respond to their failure to achieve success by
seeking fame and glory through killing” (9). Bushman argued
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that low self-esteem should not be taken as the only factor
behind fame-seeking behavior, demonstrating a link between
narcissistic tendencies and the appetite for fame of this class
of shooters (10). In a later study about media coverage of
mass shooters, Lankford & Madifs supported the link observed
by Bushman, proposing that “narcissists often want to be
the center of attention and are willing to use aggression to
protect their egos, and the media are essentially offering them
a stage” (11). Langman (12) studied copycat behavior among
fame-seeking mass shooters suggesting that they do not imitate
the methodology of their role models, but rather that they
are inspired by their role models’ personality and motivation.
Silva & Lankford (13) showed that fame-seeking mass shooters
around the world are more influenced by U.S perpetrators
than perpetrators from all other countries combined. Silva &
Greene-Colozzi (7) examined the extent to which fame-seeking
perpetrators and attack characteristics differ from other mass
shooters, concluding that these perpetrators tend to be “young
white students, with signs of mental illness, suicidal tendencies,
and grandiose behaviors” and “they [are] also more likely to
target schools and use a combination of weapons” (7).

Several studies have indicated higher lethality of fame-
seeking mass shooters as compared to other mass shooters (5,
14). Lankford (5) suggested that this higher lethality is due to
the greater fame that could be attained with more fatalities. In
another study, Lankford (15) proposed that the desire for fame
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and attention can be of real value in identifying fame-seeking
mass shooters before they act and preventing their attacks,
as they exhibit clear warning signs, especially when combined
with suicidal traits. In an effort to better connect fame with
lethality, Silva & Capellan (14) manually compiled an extensive
dataset of articles related to mass shootings from 1996 to 2016
published in the New York Times; the collection of articles
included those that specifically dealt with a mass shooting or
mentioned it. Through a regression analysis, Silva & Capellan
determined that casualties and injuries are predictors of the
fame attained by mass shooters.

The relationship between fame and achievements — casu-
alties and injuries for mass shooters — is widely documented
in the scientific literature, beyond the field of aggression. For
example, Simkin & Roychowdhury (16) demonstrated that the
reputation of fighter pilots in World War I increased exponen-
tially with their merit, measured by the number of opponent
aircraft destroyed. The same authors later showed that a
similar phenomenon occurs with the fame of chess players’ and
Nobel laureates in physics (17), leading to the formulation of a
mathematical theory relating fame with achievement and suc-
cess (18). Achievements are not the only driving force of fame,
as demonstrated by Yucesoy & Barabdsi (19), who found that
the relationship between success and fame of tennis players
is moderated by their standing. The fame of top players is
affected by their success, but the same does not hold true for
less accomplished players.

Fame, defined as the state of being known or talked about
by many people (20), is associated with human attention. Hu-
man attention is, in turn, often attracted towards surprising
events (21-24). For example, humans tend to fear rare events
rather than common ones (25): people tend to worry about
plane crashes more than road accidents, even though the latter
cause significantly more fatalities than the former (26). Sev-
eral hypothesis-driven studies in laboratory settings support
that novel and unexpected behaviors are likely to draw more
attention and leave a more lasting impression than predictable
or familiar ones (26-30). In the study of eye movements of
humans, Itti & Baldi (28, 29) found more saccades towards
locations in videos which were more “surprising” than aver-
age. Ranganath & Rainer (27) employed auditory, visual, and
somatic stimuli in humans and monkeys to demonstrate that
neural response to repeated stimuli (such as simple pure tone
sounds) decayed more rapidly than response to novel stimuli
(such as dog barks). Extending beyond laboratory settings, it
is tenable that “retained rare events may also and crucially
contribute to the cognitive history of an individual, since rare
events may affect memory with particular emphasis” (31).

In the context of mass shootings, fame-seeking mass shoot-
ers may tend to diversify their attacks from history to maximize
the attention they could draw and leave a larger historical
footprint, as originally predicted by Lankford who stated
“fame-seeking rampage shooters will “innovate” new ways to
get attention” (5). In this study, we investigated how unique
the decisions of fame-seeking mass shooters are with respect
to earlier mass shooters, and how the uniqueness of an attack
relates to its attainment of fame. Specifically, we formulated
the following two hypotheses:

H1. The attacks of fame-seeking mass shooters are more sur-
prising than those of mass shooters who were not seeking
fame.
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H2. The more surprising a mass shooting is, the more famous
the perpetrator becomes.

In order to test these hypotheses, we studied “completed”
mass shootings (shootings with four or more fatalities (32, 33);
later on simply referred to as mass shootings) from 1966
to 2021. For these mass shootings, we assembled a dataset
of characteristics that could have been considered by the
shooters prior to their attacks in an effort to maximize fame.
Specifically, we presumed that fame-seeking mass shooters
might attain surprise by targeting a novel population (such
as white policemen in the 1973 Howard Johnson shooting)
or selecting an unusual location (such as a movie theater in
the 2012 Century 16 Movie Theater shooting). From this
dataset, we quantified the surprise associated with each mass
shooting by borrowing tools from the field of information
theory. Specifically, we utilized the notion of “surprisal” (often
known as “Shannon information content”) of an observation:
an observation that is very much unexpected would convey a
large information content, that is, high surprisal (34).

For each mass shooting, we collected the daily Wikipedia
visit counts of the corresponding pages of the shooting and/or
shooter(s) to measure fame, extending current practice in the
study of fame (16, 17, 19) to the case of mass shootings. The
use of Wikipedia traffic to score the fame of mass shooters is
another element of novelty of this study, which called for an
independent analysis to validate this metric with respect to
the literature. Towards this aim, we sought to verify the claim
by Silva & Cappelan (14) regarding the relationship between
fame and lethality using our objective, data-driven definition
of fame.

Data on lethality was also used to go beyond the modus
operandi of fame-seeking mass shooters, in an effort to unveil
the reasons why they chose to surprise. Were they viewing
lethality as the path to fame and planning a surprising attack
to then increase death and victim toll in their search for fame?
Or were they valuing surprise as an independent path to fame?
To offer some insights into these questions, we tested whether
lethality is associated with surprise, so that fame-seeking mass
shooters might view surprise as a means to lethality. To
exclude the possibility that a potential lack of association
could be due to unforeseen circumstances in the attack, we
collected further data on the number and type of weapons
carried by fame-seeking mass shooters — indirect measures of
an intent to attain higher lethality — and we tested whether
these variables are associated with surprise.

Results

Mass shootings. Overall, 189 mass shootings, carried out by
195 perpetrators, were assembled from three public datasets:
Washington Post (35), the Violence Project (36), and Mother
Jones (37) (see Table S1 in the Supplementary Information
for details). Each incident was characterized by two features
that could be considered by perpetrators during the design of
their attacks in order to draw attention to themselves: “Target
Group” and “Shooting Location” (details in the Materials and
Methods section). Two additional features, “Leakage” and
“Level of Security,” were examined, as detailed in Supplemen-
tary Information S2. Since the Target Group feature was not
reported in any of the three datasets, five reviewers manually
scored it, with each reviewer cataloging all of the shootings
independently. In 11 cases, there was a tie, broken by a sixth
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reviewer. The corresponding Cronbach’s Alpha was 0.8464
and Randolph’s Kappa value was 0.5822. The Cronbach’s
Alpha corresponds to good internal consistency and inter-rater
reliability of the collected data, while the Randolph’s Kappa
indicates only moderate agreement, as the Randolph’s Kappa
is a more conservative test. For Shooting Location we had
to label 15 of the 189 shootings, as they were not part of the
Violence Project dataset. The 15 new cases spanned only four
of the nine possible classes: none of them included shootings in
Workplace, House of Worship, K-12 School, College/University,
or Government Building or Place of Civic Importance.

Most of the instances of Targeted Group were Past In-
teraction (47.09%) and the least frequent observation was
School Community (7.41%). Mass shootings mostly occurred
at a Workplace (26.45%), and the least frequent venue was
Government Building or Place of Civic Importance (4.23%).
Finally, out of the 195 shooters in total, 28 shooters were
identified as fame-seekers in agreement with the definition of
Silva & Greene-Colozzi (7) (see Table 1 & Table S1 in the
Supplementary Information).

# Date Shooting

2 11/12/1966 Rose-Mar College of Beauty shooting

38 01/17/1989 Cleveland Elementary School shooting

43 11/01/1991 University of lowa shooting

70 05/21/1998 Thurston High School shooting

72 04/20/1999 Columbine High School shooting

75 09/15/1999 Wedgwood Baptist Church shooting

84 09/08/2001 Burns International Security shooting

95 03/21/2005 Red Lake Indian reservation shooting

102 | 04/16/2007 Virginia Tech shooting

104 | 12/05/2007 Westroads Mall shooting

105 | 12/09/2007 | Youth With a Mission and New Life Church shooting

107 | 02/14/2008 Northern lllinois University shooting

112 | 04/03/2009 Immigration services center shooting

121 01/08/2011 Safeway parking lot shooting

130 | 07/20/2012 Century 16 movie theater shooting

133 | 12/14/2012 Sandy Hook Elementary School shooting

140 | 05/23/2014 Santa Barbara County shooting

144 | 10/01/2015 Umpgqua Community College shooting

149 | 06/12/2016 Pulse nightclub shooting

158 | 10/01/2017 Las Vegas Strip massacre

159 | 11/05/2017 First Baptist Church shooting

162 | 02/14/2018 Marjory Stoneman Douglas High School shooting

165 | 05/18/2018 Santa Fe High School shooting

169 | 11/07/2018 Borderline Bar & Grill shooting

175 | 08/03/2019 Walmart shooting

176 | 08/04/2019 Oregon District shooting

183 | 01/09/2021 Hyde Park shooting

Table 1. List of mass shootings where the perpetrator(s) were identi-
fied as fame-seeker(s), according to the criteria proposed in Silva &
Greene-Colozzi (7). All cases were identified by either Silva & Greene-
Colozzi (7) or Silva & Lankford (13), except for the Hyde Park shooting.
The first column labels the order of occurrence of a mass shooting in
time, with 1 being the first recorded incident in 1966 and 189 the last in
2021. The second column reports the date in which the mass shooting
took place. The third column contains the name of the shooting.

Fame. Following previous efforts to quantify fame (38, 39), we
relied on the Wikipedia traffic data. Specifically, we scored
fame as the median of the time series of the counts of daily
visits to mass shootings/shooters Wikipedia pages. Overall,
we collected data from 86 pages in total, for 77 mass shootings.

Succar etal.

Of the 189 shootings, 100 did not have a Wikipedia page and
12 shootings had Wikipedia pages that were not available
on “WikiShark” (the online tool that allows the extraction
of Wikipedia traffic data (40)). Sixty-eight shootings were
associated with a single Wikipedia page and nine were asso-
ciated with two. All the time series were stationary with a
significance level of o = 0.05 (augmented Dickey—Fuller test).

The most famous mass shooting was the 1999 Columbine
High School shooting (median visits = 5387.0 visits per day),
followed by the 2012 Sandy Hook Elementary School shooting
(median visits = 2204.5 visits per day) and the 2017 Las Vegas
Strip massacre (median visits = 2193.0 visits per day) (Figure
1). The least famous shooting was the 1999 Day-trading Firms
shooting (median visits = 0 visits per day), followed by the
1982 Russian Jack Springs Park shooting (median visits = 3
visits per day) and the 1982 Western Transfer Co. shooting
(median visits = 3 visits per day).

Surprisal analysis. The first objective of this study was to de-
termine whether fame-seeking mass shooters tend to diversify
their attacks from previous incidents. To this end, we borrowed
an information-theoretic measure referred to as the surprisal
or Shannon information content (34). Surprisal is formally
defined as the information required to encode or describe an
outcome of a random variable, or, in other words, surprisal is
the amount of information gained by observing a realization.
Specifically, the surprisal of outcome z of random variable X
is n(x) = —log, p(x) bits, with p(z) being the probability of
X ==z

For each shooting, we computed four surprisal values, each
corresponding to one of the four features that might diver-
sify an attack (two of them are detailed in Supplementary
Information S2). Specifically, using f = 1,...,4 to denote
the features of a shooting, we set f = 1 for Target Group;
f = 2 for Shooting Location; f = 3 for Level of Security
(see Supplementary Information S2); and f = 4 for Leakage
(see Supplementary Information S2). To score surprisal for
the fth feature, we introduce the stochastic process {th}tTil7
where T = 189 and f = 1,...,4. The process takes values
in the set {zf'', 22, ... ,J:f‘Kf} of cardinality K, which is a
function of the feature (K' =4, K? =9, K® = 3, and K* = 2).
Calculating the four surprisal values of shooting ¢ with feature
realizations zi,z?, z?, and z+ requires the estimation of the
probabilities p(X/ = 27), with f = 1,...,4. We estimated
these probabilities using a simple plug-in estimator with addi-
tive smoothing (41), by counting the number of instances in
which mf appeared in the features of the preceding shootings

t—1
() +a
t

P =al) = e, g
where 14 is the indicator function (42) (which is equal to one
if the argument is equal to A and is zero otherwise), « is a
smoothing parameter used to avoid singularity (herein chosen
to be equal to 1 — so called Laplace smoothing (43)), and
t=2,...,T. Hence, we calculated the surprisal of shooting ¢
with respect to feature f as

nl = —log,p(X] =2]) =

t—1
— log, <erf(x£) +a> +log, (t— 1+ aK’).

T=1

2]
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Fig. 1. Daily Wikipedia visits count for the three most famous mass shootings from January 1, 2008 to April 7, 2022.

To illustrate the computation with an example, we con-
sider the surprisal with respect to Shooting Location (f = 2)
for shootings 17 and 18, respectively (see Table S1 in the
Supplementary Information). The Shooting Locations of the
first 16 shootings were distributed as follows: 5 Workplace, 2
Retail, 2 Restaurant/Bar, 2 Residence, 0 House of Worship, 0
K-12 School, 2 College/University, 0 Government Building or
Place of Civic Importance, and 3 Outdoors. The 17th shooting
was executed in a Restaurant/Bar leading to a surprisal of
nt; = —log,(3/25) = 3.06 bits. The next shooting was exe-
cuted in a House of Worship, a venue never seen before that
conveyed a larger surprisal of n{g = — log,(1/26) = 4.70 bits.

Surprisal of fame-seekers versus non-fame-seekers. Results of
Mann-Whitney U tests showed that fame-seeking mass shoot-
ings are significantly more surprising than non-fame-seeking
mass shooters with respect to Target Group (U = 958.0,
p < 0.0001) and Shooting Location (U = 1097.0, p < 0.0001)
(see Figure 2). Results are robust with respect to the choice
of a and the number of samples whose surprisal values were
discarded (see Supplementary Information S3).

Surprisal and fame. With respect to the association between
fame and surprisal, we found a significant correlation in terms
of Target Group (p = 0.3895, p = 0.0006) and Shooting
Location p = 0.4229, p = 0.0002). For the validation of Silva &
Cappelan (14), we found a significant correlation between fame
and number of injured victims (p = 0.4957, p < 0.0001) and
between fame and number of fatalities (p = 0.5238, p < 0.0001)
(see Figure 3). Results are robust with respect to «, the
number of samples whose surprisal values were discarded,
and the choice of mean over the median to score fame (see
Supplementary Information S3 and S4).

Robustness of associations with respect to data coding. To ensure
our statistical claims were robust with respect to ambiguities
in data coding of Target Group, we randomized the outcome of
the 47 shootings in which the pool of reviewers expressed a slim
majority vote and run 20,000 simulations (see Supplementary
Information S5). For example, in the case of the Lockheed
Martin shooting two reviewers voted for Demographic Group
and three for Past Interaction. Hence, in the simulations we
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randomly assigned the Target Group to Demographic Group
or Past Interaction with probabilities 0.4 and 0.6, respectively.
Simulation results support that our claims are robust against
individual differences of the reviewers in the classification of
the Target Group feature (see Supplementary Information S5).

7

* k%

Surprisal (bits)
I

w

Non-fame-seekers
I Fame-seekers

Target Group Shooting Location

Features

Fig. 2. Violin plots comparing summary statistics and distributions of surprisal of fame-
seeking (n = 27) and non-fame-seeking mass shooters (n = 161) for Target Group
and Shooting Location. For each violin plot, we report the complete set of realizations
as colored dots, which is used to estimate the distributions that are shown as colored
regions. White dots represent medians, the thick rectangles identify the first (Q1) and
third (Q3) quartiles, and the thin lines the rest of the distribution (excluding outliers
and estimated as Q1 — 1.5IQR and Q3 + 1.5IQR, with IQR = Q3 — Q1).
* * * corresponds to p-value of Mann—Whitney U less than 0.0001. Note that the
number of observations for the analysis is 188 rather than 189, as we did not compute
surprisal values for the first shooting under the premise that the perpetrator would not
have history to differentiate their actions from.

Discussion and conclusion

Human attention is known to be attracted toward unexpected
events (21-24), from neural mechanisms (27) to collective be-
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Fig. 3. Scatter plots of the relationships between the number of Wikipedia page views, surprisal, and lethality (n = 76). Shaded regions represent the association between the
variables. Blue circles represent fame-seeking mass shooters and orange circles represent non-fame-seeking mass shooters. (a) Fame versus surprisal of Target Group
feature (p = 0.3895, p = 0.0006). (b) Fame versus surprisal of Shooting Location feature (p = 0.4229, p = 0.0002). (c) Fame versus number of fatalities (p = 0.5238,

p < 0.0001). (d) Fame versus number of injured victims (p = 0.4957, p < 0.0001).

havior (26). The first question this study sought to answer
is whether the attacks of fame-seeking mass shooters tend to
be more diverse with respect to history than those of other
mass shooters (H1). For each incident, we detailed four fea-
tures: Target Group, Shooting Location, Leakage, and Level
of Security.

The dataset is not intended to minutely detail every aspect
of a mass shooting, whereby it omits some of the features that
are typically reported (35-37) in documenting mass shootings
but may not directly relate to the attack planning. For exam-
ple, we did not consider whether an incident resulted in the
detention or death of the perpetrators, as these characteristics
were unlikely to be in full control of the shooter. Likewise,
shooters would not be able to control their own background
characteristics, such as age, race, and mental health condi-
tions. That is, a shooter would not be able to change their
demographics in order to become more surprising. Therefore,
these variables were not considered in the analysis.

We borrowed the information-theoretic quantity of surprisal
or Shannon information content (34) to examine the extent to
which a specific mass shooting would differ from history. We
specifically scored the surprisal of a mass shooting with respect
to any of the four features curated in our dataset. Surprisal is
negatively proportional to the probability of observing that
realization: the less likely the event is, the higher its surprisal.
The concept of surprisal has countless applications in different
areas of science and engineering (44-47); for example, it is
extensively used in behavioral language processing (48-51),
where the surprisal of words in a text are linked to the time
that is needed to read and process the words. In this vein,
words that unpredictably appear in a sentence carry high
surprisal that lead to higher processing time by the reader
due to their high information content. Likewise, surprisal
analysis has been used in molecular biology to elucidate the
mechanism of the epithelial-to-mesenchymal transitions (52)
and detect changes in transcription levels in cell models that
can be cancer markers (53).

Upon scoring surprisal for each mass shooting with respect
to each of the selected four features, we offered statistical
evidence in favor of H1. In agreement with our expectations,
we registered that fame-seeking mass shootings are more sur-
prising than non-fame-seeking ones in terms of the selection
of attack location, choice of target population, and communi-
cation of the shooting (Target Group, Shooting Location, and
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Leakage, respectively). For example, a school was attacked for
the first time in the 1989 Cleveland Elementary School shoot-
ing, which resulted in high surprisal values for both Target
Group and Shooting Location (School Community and K-12
School) features. In partial disagreement with our expecta-
tions, we did not observe a difference in surprisal values of
fame-seeking shooters with respect to the Level of Security
feature. Given that the vast majority of mass shootings occurs
in public locations with limited level of security, one could
have predicted that fame-seeking shooters might attempt at
gaining their fame by attacking High Security locations, such
as the 2009 Army Processing Center shooting the Fort Hood
army post in Texas. At the same time, pursuing an attack
in these locations could be difficult or even unfeasible, due
to the additional levels of security they offer in the form of
security checkpoints, presence of armed personnel onsite, and
surveillance systems. Just as these factors may deter mass
shooters from choosing these venues for their attack, they may
also prevent the success of the attack — failed mass shooting
attempts are not part of our dataset, thereby creating some
selection bias in the analysis.

The second question of this study entails the extent to which
surprisal leads to fame (H2). To tackle this second question,
we needed a robust measure of fame. Previous studies (16, 54)
attempted to measure fame from “Google hits” — the number
of web-pages returned upon searching Google for a specific
term. The stability of this approach is, however, questionable,
as irrelevant web-pages could outnumber relevant ones. For
example, searching for the name of the shooters and filtering
by the word “shooting” will result in web-pages about movie
shootings, including namesakes. For our problem, we found no
consistent filtering scheme that would yield stable, consistent
estimates from Google hits. In their study of newsworthiness
of mass shooters, Silva & Capellan (14) manually compiled
data from the New York Times historical dataset (up to 2018)
provided by the search engine “ProQuest.” While insightful,
such an approach is limited to the use of a single newspaper,
which may be skewed towards reporting more frequently about
mass shootings occurring near its headquarters (Northeast)
and is prone to inherent biases related to its single point of
view. Another issue, also acknowledged by the authors, is
that measuring newsworthiness through the total amount of
articles might bias results against new incidents that may
have accrued only limited coverage due to their recentness.
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Manual filtering of information from multiple newspapers
would address some of these issues, but would be practically
difficult, if not unfeasible.

Here, we attempted to measure the fame of mass shooters
through the traffic in the related Wikipedia pages. In doing
so, we bring several innovations: i) we automate the process
of scoring fame (without the need for manual curation of a
dataset); ii) we eliminate the dependence on a single source,
by working with a crowdsourced dataset; iii) we switch per-
spective regarding fame quantification, by assessing the extent
to which the public seeks knowledge about an incident, rather
than how much the media covers it; and iv) we work with
stationary time series, which are not penalizing newer inci-
dents in favor of older ones. The validity of Wikipedia traffic
data to measure fame has been documented in a number of
studies (19, 39, 55) — none in the context of mass violence. To
gain confidence about the appropriateness of Wikipedia traffic
data for mass shooters, we verified the conclusions drawn by
Silva & Capellan (14) regarding the relationship between fame
and number of victims. Just as they found that the num-
bers of fatalities and injured victims are significant predictors
of newsworthiness, we determined that both these numbers
positively correlate with fame.

Our results point at a significant positive correlation be-
tween fame and surprisal values with respect to the two of
three features that were distinctive of fame-seeking shooters
(Target Group and Shooting Location), upon controlling for
the number of casualties and injured victims. To the best of
our knowledge, an association between surprisal and fame has
never been documented. Our findings suggest the diversifica-
tion of an attack with respect to previous history is related to
the fame that is gained by the perpetrator. For example, the
fame-seeking perpetrator of the Cleveland Elementary School
shooting is among the top 13% most famous mass shooters
in terms of the amount of Wikipedia page visits gathered,
arguably because of the high surprisal associated with the
perpetrator’s attack that targeted an elementary school, for
the first time in history. Similarly, the recent 2022 New York
City Subway attack gained a great deal of media traction (56).
Even though the attack was not a mass shooting, it was rel-
atively unique in terms of its location and how it developed.
The lack of a correlation between fame and surprisal with
respect to Leakage could be related to the coarseness of this
feature, which takes only two values and thus brings limited
saliency to the choice made by a shooter. In this context,
our observations offer more ground in favor of an association
between human attention and surprise with respect to the
notion of fame.

The explanation we offer for hypothesis H1 is that fame-
seeking mass shooters tend to diversify their attacks in order to
draw the attention of the public and become famous. Within
this realm, the diversification of the attacks, or as Lankford
says their choice to “innovate,” reflects an intent to gain fame,
so that “fame-seeking rampage shooters have a powerful in-
centive to continue to attack in new and different ways” (5).
Another interpretation of our findings is that fame-seeking
shooters search for fame by identifying ways to maximize
the number of fatalities and injured victims in their attacks
and they see diversification with respect to history as a way
to achieve this goal. They would choose locations and com-
munities that have never or seldom been targeted before so
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that they would catch the society off-guard and have a higher
chance to carry on a successful attack. Although tenable, this
alternative interpretation finds no support throughout our
analysis, based on the following grounding.

First, the existence of a correlation between fame and
surprise under H2, upon controlling for the number of fatalities,
does not seem to favor this alternative interpretation. Rather,
it suggests that the pursuit of fame through surprise is a
viable one for fame-seeking mass shooters. Second, we found
no evidence of a relationship between surprise and lethality,
either achieved by the shooters in terms of death and injury
toll, or sought after by bringing more or deadlier weapons
(see Supplementary Information S6). As such, it is likely that
pursuing surprising attacks is perceived as an independent path
to fame for fame-seeking mass shooters. Despite our findings
do not support this alternative interpretation, we warn some
prudence in regard to inherent limitations of observational
studies that do not permit experimental manipulations (57)
and in the reliance of negative results to infer independence
between variables (58).

The inability to exactly pinpoint the reasons beyond the
modus operandi of fame-seeking mass shooters is not the only
limitation of this study. First, the proposed approach to quan-
tify surprisal from time series cannot take into consideration
fine details about the incidents, which could be determinants of
fame. More specifically, with 189 mass shootings, a statistical
approach that searches for robust differences and similarities
cannot consider more than a handful of categories to compare.
Paradoxically, should one contemplate the use of an excessively
fine categorization of the incidents, they would encounter a
ceiling effect in the surprisal values, whereby all the incidents
would be unique in history — and equally surprising. Hence,
our approach is not suitable for detecting fine details that were
unique to a shooting and might have fueled their fame. For
example, the 2012 Century 16 Movie Theater shooting was
unique in many aspects, such as execution of the shooting dur-
ing the show of a famous movie, the hair color of the shooter,
and the way the shooter handed themself to the law enforce-
ment officers without any resistance (5). Second, Wikipedia
coverage of mass shootings was incomplete, whereby not all
shootings had Wikipedia pages (40.7%), thereby weakening
our conclusions regarding the association between fame and
surprisal.

In 2017, the Centers for Disease Control (CDC) issued
guidance for reporters covering mass shootings, which articu-
late several best practices to avoid inadvertently “provok|ing]
copycat incidents by people who may see the perpetrators as
models or heroes” (59). In this context, CDC recommends
to “minimize reporting on the perpetrators as others might
identify with or be inspired by them,” and to “do not oversim-
plify or sensationalize the incident because it may encourage
people who may seek notoriety. (e.g. do not say, “The dead-
liest incident since Columbine.”)” While our work reinforces
the need to avoid sensationalizing any mass shooting to deter
fame-seeking behavior, it raises another question for responsi-
ble reporting. How many details should be shared about the
incident? Given the observed connection between fame and
surprisal, excessive reporting of details may offer fame-seeking
shooters ground for planning that would maximize their fame.
The opportunity cost of not reporting these details should be
further studied.
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Conclusions drawn from our study have potential impli-
cations in law enforcement, as well. New insight into the
modus operandi of fame-seeking shooters can help prevent
tragedies. Our observation of a tendency to diversify attacks
as a means to gain fame poses a great challenge to law en-
forcement agencies, whose resources would be strained by
attempting at increasing presence in locations that have never
been the object of a mass shooting (60, 61). At the same time,
recognizing such a tendency could be used in strategic policy
implementations (62). For example, “Red Flag” laws that “al-
low loved ones or law enforcement to intervene by petitioning
a court for an order to temporarily prevent someone in crisis
from accessing guns” (63).

Red Flags laws are promising tools for preemptive action
against fame-seeking mass shooters, who often openly express
their desire to become famous before their attack (15). For
example, Lankford has documented 24 cases where offenders
explicitly stated that they were seeking attention or even
directly contacted media organizations to gain attention before
carrying out their attack (5). In many other cases (both mass
shootings and attempts), perpetrators have demonstrated
fascination with previous mass shooters, declared them as
role-models, and copied their behaviors in everyday life (10,
64, 65). We acknowledge that it is challenging to identify
these warning signs in advance by professionals alone: alerts
from concerned family and friends would significantly improve
early identification of potential mass shooters. Widespread
educational campaigns could be initiated to raise the public’s
awareness of warning signs. With respect to law enforcement,
we believe that more resources need to be allotted toward
timely investigation of potential threats, which are increasingly
occurring in the country (60, 61). More debatable is how to act
on warning signs from a law enforcement perspective without
impinging on one’s rights. For example, the person accused
of the Club Q shooting was previously dismissed from trial
for kidnapping their grandparents and threatening to bomb
the building using stockpiled weapons and explosives (66, 67).
At that time, the shooter spoke of their plans to become the
“next mass killer,” but living in a county that was a “Second
Amendment Sanctuary” would challenge the seizure of their
weapons by law enforcement.

We acknowledge the controversy of publishing this kind of
work, as it can be argued that we are offering mass murderers
insights into successful tactics toward gaining fame. However,
studies about fame-seeking mass shooters have been mostly
descriptive in nature, thereby hindering our understanding of
the modus operandi of these perpetrators. Our work offers
new, quantitative insight into the behavior of fame-seeking
mass shooters and the role of surprise on fame. The theoretical
basis of our work could carry over other behavioral domains,
within and beyond the context of aggression.

Materials and Methods

Collection of data about mass shootings. Data on 189 mass
shootings between August 1966 and April 2021 were col-
lected by combining reports from three sources: Washington
Post (35), the Violence Project (36), and Mother Jones (37).
Incidents contained in these sources are sometimes specifically
referred to as “public mass shootings” or “mass public shoot-
ings” to emphasize that they “occur in public locations and in
which victims are selected indiscriminately” (68) — a detailed
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overview of publicly available datasets has been presented by
Huff-Corzine & Corzine (69).

Specifically, the Washington Post and the Violence Project
define a mass shooting as an attack carried out with firearms,
usually by a lone shooter, in which four or more people are
killed excluding the perpetrator(s), following the Congressional
Research Service’s definition of a mass shooting (70). Shoot-
ings tied to gang-related activities, robberies that went awry,
and domestic shootings that occurred exclusively in private
homes are not considered in these datasets. The Mother Jones
dataset was assembled following the Congressional Research
Service definition of mass shootings until December 2012. In
January 2013, researchers at Mother Jones adopted the man-
date issued by President Barack Obama, lowering the baseline
of fatalities in a mass shooting to three or more victims killed,
for a federal investigation of mass shootings. Thus, dating
from January 2013, this dataset includes attacks in which
three or more victims were killed. The Mother Jones dataset
contains also 19 cases known as “spree killings” (37), in which
attacks occurred in more than one location, but over a short
period of time that would otherwise fit the above criteria.

In order to avoid ambiguities in our dataset and maintain
a consistent definition of mass shooting, we chose to adhere
to the stricter definition that is adopted by the majority of
mass shooting researchers (71), where at least four people were
killed. Such mass shootings are often referred to as “completed”
mass shootings to distinguish them from attempted, failed,
foiled, or thwarted incidents (72). As such, we excluded events
with three fatalities that were otherwise identified as mass
shootings by Mother Jones after 2013.

In four of the incidents, the perpetrator was not ap-
prehended and information on their motive was not avail-
able: the Investor shooting (09/06/1982), the Halloween
Party shooting (10/31/2019), the Beatties Ford Road shoot-
ing (6/22/2020), and the Englewood Block Party shooting
(07/04/2020) (35). Therefore, we removed these incidents from
the analysis. We also excluded the Football-Watching Party
shooting (11/17/2019), as it was later determined to be a
gang-related incident (35), and the Sunny Dunes Road shoot-
ing (2/3/2019), which, although not gang-related, involved
criminal activity (73).

In our integrated dataset, we recorded the date of occur-
rence of each incident, the number of injured victims, and
the number of fatalities from the Washington Post, Mother
Jones, or Violence project datasets. Next, we focused on four
features that could be considered by perpetrators during the
design of their attacks in order to draw attention to themselves:
“Target Group,” “Shooting Location,” “Level of Security,” and
“Leakage.” The Level of Security and Leakage are detailed in
Supplementary Information S2. These features are, in princi-
ple, accessible to the perpetrator during the planning stage
of their attack. Albeit in different contexts and with different
levels of granularity, several authors have focused on them in
their reporting of mass shootings (5, 7).

The first feature, Target Group, was categorized into the
following four types: Demographic Group, where the targeted
group was selected based on shared demographic traits, such as
race, gender, religion, occupation, or political belief; Past In-
teraction, where the targeted group had been acquainted with
the shooter as family, friends, neighbors, or colleagues; School
Community, where the targeted group consists of students,
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academic staff, or faculty; and Random, where the targeted
group is selected randomly, lacking any of the aforementioned
attributes/connections. Acquaintances that were made only
hours prior to the shooting were not considered as Past In-
teraction; if the attacker was employed at a school, then the
group would be considered Past Interaction.

For the second feature, Shooting Location, we adopted the
classification provided by the Violence Project (36). Therein,
the location of each incident was classified into nine types:
Workplace, Retail, Restaurant/Bar, Residence, House of Wor-
ship, K-12 School, College/University, Government Building
or Place of Civic Importance, and Outdoors. For the cases that
were not part of the Violence Project dataset but were listed
by Mother Jones and/or the Washington Post, we labeled the
location through careful media research, looking at Wikipedia
pages, news articles, and Murderpedia, among other sources.

Since Target Group involves some level of subjectivity, we
adopted a classification scheme that minimized potential bi-
ases. Specifically, five individuals reviewed each mass shooting
independently and specified their Target Group. The class
of each incident was determined as the majority rule. For
cases where there was a tie between reviewers and not a single
category could be selected (two reviewers picked one class, two
other reviewers picked a second class, and the fifth reviewer
picked a third class), a sixth reviewer broke the tie. To assess
the reliability and consistency of the collected data, Cronbach’s
Alpha (74) and Randolph’s Kappa (75) were computed.

Once information about the characteristics of each mass
shooting was summarized, we distinguished fame-seeking
shooters from non-fame-seeking ones so that we could com-
pare their choices. Specifically, we followed Silva & Greene-
Colozzi’s (7) criteria to identify fame-seeking shooters where
“evidence was drawn from perpetrators’ words and actions
before/during/after an incident, suicide notes, manifestos,
homemade videos, police evidence, and online profiles”. Such
criteria were used by the authors to classify fame-seeking mass
shootings from 1966 to 2018; the same criteria were recently
applied by Silva & Lankford (13) to study fame-seeking mass
shootings from 1999 to 2022, correcting some of the classifica-
tions by Silva & Greene-Colozzi’s (7) of recent shootings for
which new evidence had surfaced. Of the 70 mass shootings
from 1966 to 1998, four were classified as fame-seeking mass
shootings (perpetrated by four shooters) based on Silva &
Greene-Colozzi’s (7). Of the 119 mass shootings from 1966 to
1998, 22 were classified as fame-seeking mass shootings (perpe-
trated by 23 shooters) based on Silva & Lankford (13). Upon
curating our dataset, we found that the perpetrator of the 2021
Hyde Park shooting also satisfied Silva & Greene-Colozzi’s (7)
third criterion of fame-seeking (“posting on media platforms
right before/during the incident to capitalize on the inter-
est they plan to receive after the attack”), since the shooter
posted videos online about his plan before the shooting (76).
Hence, we included this incident among the fame-seeking mass
shootings together with those identified by Silva & Greene-
Colozzi’s (7) or Silva & Lankford (13), totaling 27 fame-seeking
mass shootings (perpetrated by 28 mass shooters, Table 1).

For fame-seeking mass shooters, we also collected data
from the Violence Project dataset (36) about the details of
the weapons used in the attack, specifically, “Total Firearms
Brought to the Scene” and “Used an Extended Magazine.” The
former is the number of weapons carried by the perpetrators,
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and the latter is a binary feature distinguishing whether the
shooters used extended magazines to increase the capacity of
the weapons (see Table S2 in the Supplementary Information).

Collection of data about fame. Following previous studies on
the quantification of fame using Wikipedia page views for
tennis players (38) and the prediction of the box office movies’
success from Wikipedia data (39), we used the counts of daily
visits to Wikipedia pages of mass shootings and mass shooters
(when available). For example, the 2007 Virginia Tech shooting
had a page titled “Virginia Tech shooting” and a page titled
with the perpetrator’s name. For such instances, values of
the two time series were added. We did not find instances
of attack perpetrated by multiple shooters with individual
Wikipedia pages for each of the shooter; for example, there
was only one page titled with the names of the perpetrators
of the Columbine shooting. Given that Wikipedia officially
publishes the number of page visits in the last two months
only, we utilized the online tool WikiShark (40) to collect the
daily number of Wikipedia page visits from January 1, 2008
(the first day from which data is available through Wikishark)
to April 7, 2022 (the day in which we retrieved the data).

In order to measure the fame that a mass shooting gained,
we computed the median of each time series. As opposed to the
time series’ peak, the median represents the consistent amount
of attention a shooting received. This measure captures how
memorable a shooting is and how much people talk about
it, even after the media’s attention faded out (typically after
a couple of weeks). Ensuring the time series’ stationarity
is critical, as we want to make sure that the measure has
reached a steady state, guaranteeing that the results will not
change if the analysis is done at different times. An augmented
Dickey—Fuller test was performed on all the time series ensuring
stationarity of the time series; the null hypothesis of the test
is that there is a unit root in the time series (77).

Statistics. To test hypothesis H1, which states that fame-
seeking mass shooters tend to deviate from the behavior of
preceding shooters, a right-tailed Mann—Whitney U test was
performed between the surprisal of fame-seeking mass shoot-
ings and those by non-fame-seeking ones. The test was per-
formed four times, once for each of the four features. The null
hypothesis of the test was that the two distributions share
the same mean, while the alternative hypothesis was that the
surprisal of fame-seeking mass shootings was greater. Since
the first shooter did not have a history of mass shootings to
deviate from, the surprisal of the incident was deemed invalid
and removed from the statistical analysis.

In order to test hypothesis H2, we performed a correlation
analysis between the measure of fame of the mass shooting
and the surprisal for each of the four features. Specifically,
we tested for partial correlations while simultaneously con-
trolling for the number of fatalities and number of injured
victims to exclude the possibility that surprisal values were
merely explained by the lethality of the attack. To offer some
validation for the proposed measure of fame with respect to
the claim of Silva & Cappelan (14), we performed two addi-
tional correlation analyses, exploring the association between
fame and the number of fatalities, and the association between
fame and the number of injured victims. All these correlation
analyses were performed with the non-parametric Spearman
correlation (78).

Succar et al.

693
694

695

696

697

699

700

701

702

703

704

705

706

707

708

709

710

7M1

712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752



753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769

770

77

772

773

774

775

776

777

778

779
780
781
782

783

784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800

802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820

To delve into the reasons why fame-seeking mass shoot-
ers might have chosen to surprise in their attacks, we per-
formed two Spearman correlation analyses between surprisal
values and the number of fatalities or injured victims for fame-
seeking mass shootings. To dismiss confounding factors in
the study of the shooters’ intentions related to unforeseen
circumstances in the attacks, we performed two additional
analyses. First, we conducted a Spearman correlation analysis
between surprisal values and the number of weapons brought
to the shooting by fame-seekers. Second, we performed a two-
tailed Mann—Whitney U test comparing the surprisal values
of fame-seekers who used extended magazines and those who
did not (see Supplementary Information S6).

To control for type I errors in multiple hypothesis testing
(four different features for the computation of surprisal — two of
them being detailed in Supplementary Information S2), we em-
ployed a Bonferroni correction (79), so that the null hypotheses
are rejected with a significance level of oo = 0.05/4 = 0.0125.
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