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Crime Science

An analysis of protesting activity and trauma 
through mathematical and statistical models
Nancy Rodríguez1*   and David White2 

Abstract 

The effect that different police protest management methods have on protesters’ physical and mental trauma is still 
not well understood and is a matter of debate. In this paper, we take a two-pronged approach to gain insight into this 
issue. First, we perform statistical analysis on time series data of protests provided by ACLED and spanning the period 
of time from January 1, 2020, until March 13, 2021. After observing the data, it becomes apparent that employing 
kinetic impact projectiles is correlated with an increase in protests in the following days. Moreover, it serves as a more 
accurate indicator of the subsequent death toll compared to the mere number of protests. This leads to the conclu-
sion that the utilization of less-lethal weapons appears to provoke rather than quell protests, exhibiting an inflam-
matory effect. Next, we provide a mathematical framework to model modern, but well-established social psychol-
ogy research on compliance theory and crowd dynamics. Our results show that understanding the heterogeneity 
of the crowd is key for protests that lead to a reduction of social tension and minimization of physical and mental 
trauma in protesters.

Introduction
The United States of America emerged as a free coun-
try on August 2, 1776, as a result of protests against 
England’s colonial rule. Interestingly, in spite of this his-
tory, its government and police departments have had 
a fraught relationship with protesters (della Porta and 
Reiter, 1998). While the right to protest is protected by 
the First Amendment, police authorities have historically 
played a significant role in managing protests, even when 
they are peaceful demonstrations. Nonetheless, protests 
continue to be a powerful example of effective collective 
behavior that can lead to a clear change in the establish-
ment. A notable example is that of the civil rights move-
ment of the 1960’s (Rogers, 1988), and a more recent 
example is the wave of protests that overtook the country 

in support of black lives in 2012 after the death of Tray-
von Martin (Lebron, 2017). Throughout the years, police 
departments across the United States have used a variety 
of protest control strategies, which will be discussed in 
detail in “Policing strategies background and history” sec-
tion. A natural question that has inspired much research 
is that of which strategy is the most effective for man-
aging protests, see (della Porta and Reiter, 1998; Velut, 
2020; Maguire, 2015) and the references therein. While 
this question is far from being answered, evidence from 
an assessment ordered by the Justice Department’s Office 
of Community Oriented Policing Services concluded 
that, in the recent protests/riots that were triggered by 
the killing of Michael Brown in Furgeson, Missouri by a 
white police officer in 2014, the police strategy of show-
ing dominant force in an effort to get protesters to com-
ply only escalated the violence (I. for Intergovernmental 
Research, 2014).

The reasons that bring individuals from all walks of 
life to gather and protest in mass are varied. However, 
protests can be interpreted as a sign of high social ten-
sion in a system. According to Parson social tension is the 
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tendency to disequilibrium in the balance of exchange 
between two or more components in a system (Parson, 
1951), and accumulated social tension can reveal itself 
in protest action (Gurr, 1951). Thus, on the one hand, 
properly managed protesting activity can lead to reduced 
social tension, when properly controlled, by clearing the 
air (Cosner, 1956). On the other hand, poorly controlled 
protests can lead to increased tension, escalated violence, 
and a further disequilibrium of the system. In fact, there 
have been many instances of significant physical and 
mental trauma resulting from violent events that occur 
during protests and riots (Haar et al., 2017a, b; Ni et al., 
2020). This results in a collective trauma that affects not 
only the individuals experiencing the violence directly 
but also those who witness it (Ni et  al., 2020; Galovski 
et al., 2016). While the physical injuries occurring in such 
events are observable and trackable in theory, in practice 
there is no universal method used to keep track of these 
data. Instead, we rely on doctors and hospitals to monitor 
and share details of relevant injuries (Szabo, 2016). Men-
tal trauma is even harder to measure as individuals may 
not know they are experiencing post-traumatic stress 
disorder, or a similar mental health condition, and may 
not seek treatment. Nevertheless, these pose a significant 
health problem to our society and should not be ignored.

The interaction between protesters and police is com-
plex, particularly because of the competing effects at 
play. On the one hand, police presence may deter some 
individuals from committing violent or acts of aggres-
sion (AofA), especially when counter-protesters may 
be present. On the other hand, police can escalate vio-
lence or even turn a peaceful demonstration violent (I. 
for Intergovernmental Research, 2014). Generally, it is 
difficult to determine which of the competing effects is 
dominating. The question motivating us is thus: Does 
police presence mitigate or escalate violence at pro-
tests? Our two-pronged approach uses both statistical 
and dynamic models. We first perform a time series 
analysis on data from The Armed Conflict Location & 
Event Data Project (ACLED) database (Raleigh et  al., 
2010), spanning the period of time from January 1, 
2020, until March 13, 2021. This publicly available data-
base is maintained on the ACLED  websi te by experts 
and is based on a variety of media sources. This data 
set has events, classified as protests, and riots, to name 
a few, and contains information such as the date, loca-
tion, actors involved (e.g., protesters, military, police, 
etc.), the number of fatalities, etc. These data allow us 
to explore the effect that things like current events, 
police involvement, and fatalities have on future events. 
However, these data lack the depth to be able to fully 
understand the effect that different police management 
methods have on the collective trauma of protesters. To 

accurately tease out the effect of protest policing strat-
egies, accurate, detailed, and transparent data needs to 
be collected, which is vital for data-driven modeling. In 
the absence of data, mathematical modeling of relevant 
social psychology theories can offer an avenue for us 
to understand the effect that different protest manage-
ment strategies have on acts of violence and aggression. 
In Maguire (2015), Maguire argues for a new direction 
in protest policing based on current social psychol-
ogy research on (1) compliance theory and (2) crowd 
dynamics. Here we present and analyze a dynamical 
systems model based on the psychology research dis-
cussed in Maguire (2015). We note that it is difficult to 
parameterize these models given the current data avail-
able. The value of the model introduced here is that it 
helps us quantify the effects of different policing strat-
egies under the point of view championed in Maguire 
(2015). These are thought experiments that can help us 
gain insight into how crowd heterogeneity and protest 
management strategies have an effect on the collective 
trauma due to protests. Our work builds on a prelimi-
nary analysis (Koulisis et al., 2021), that focused on the 
effect of police use of kinetic impact projectiles on pro-
test dynamics.

Previous work
Protests are complex social events that have been per-
vasive throughout history and which have been the 
subject of intensive research activity, see for example 
(Braha, 2012; Lang and De Sterck, 2014; Davies et  al., 
2013). A statistical lens has been taken in Earl and Soule 
(2010) where the authors categorize five kinds of police 
responses to protests, ranging from “police do not show 
up” to “use of arrests and barricades” to “use of tear gas, 
etc.” and fits a time-series model to the data (albeit with a 
few statistical flaws). The paper finds that the impacts of 
police repression techniques tend to be short-term, e.g., 
1 week. In Delehanty et al. (2017) the authors analyze the 
effect that the US Department of Defense 1033 program, 
which allows the Department of Defense to give state, 
local, and federal law enforcement agencies military 
hardware, has on violent behavior among officers. They 
find a positive and statistically significant relationship 
between the number of 1033 transfers and fatalities from 
officer-involved shootings across all models.

There is also a small body of literature studying the 
mental health effects of exposure to macro-level trauma, 
such as protests. In First et al. (2020) the authors look at 
post-traumatic stress (PTS) symptoms caused by the fatal 
shooting of Michael Brown in August 2014 and subse-
quent civil unrest in Ferguson, MO. The study found a 
direct association between the factors of race and pro-
test engagement with PTS symptoms. Media exposure 
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to these events was indirectly associated with PTS symp-
toms. The authors of Ni et al. (2020) did a meta-analysis 
of the effect of collective action on mental health. The 
study collected papers from PubMed, Web of Science, 
PsycINFO, and CINAHL Plus from their inception until 
January 1, 2018. One of the factors found to be linked 
to poorer mental health after participation in a protest 
was exposure to violence. The authors also point out two 
studies that showed that collective action could lead to 
lower levels of depression and suicide, possibly due to the 
feeling of belonging and social cohesion.

Mathematical models have been used to simulate col-
lective protesting behavior as well. In a study by Davies 
et al. (2013), a mathematical framework was constructed 
to analyze the 2011 London riots and the corresponding 
policing strategies. This model incorporated factors such 
as the infectious nature of participation, distances trave-
led to riot locations, and the deterrent influence of law 
enforcement. Another contribution to this field comes 
from the work of Berestycki and his team (Berestycki 
and Nadal, 2010; Berestycki et al., 2015), who introduced 
a model that examines the interplay between the evolu-
tion of protest activity and social tension. In addition, 
an epidemiological perspective has also been applied to 
the study of protests. Burbeck et al. (1978) initially pro-
posed this approach, which has subsequently proven 
effective for fitting data (Bonnasse-Gahot et  al., 2018). 
The mathematical approach of this work bears similari-
ties to recent literature on the use of mathematics in the 
analysis of uncivil and criminal activities (Short et  al., 
2008; Berestycki and Nadal, 2010; Schweitzer and Holyst, 
2000; Berestycki et  al., 2015), showing for instance that 
patterns, which are useful to understand, emerge when 
looking at the macroscopic scale.

The previously mentioned studies primarily focus on 
timeframes spanning several days, largely because the 
available data is gathered at that resolution. Nonethe-
less, there seems to be a gap in research when it comes 
to investigating protest dynamics within shorter inter-
vals, such as minutes or hours, over the course of a single 
day. Our innovation lies in introducing a mathematical 
framework designed to address this gap. This framework 
is founded upon a contemporary socio-psychological 
theory that pertains to the nature of protesting activity.

Sociological background
Social tension and conflict
Social tension and conflict often go hand-in-hand: social 
tension precedes conflict but does not always lead to con-
flict (Artemov et al., 2017). In the sociological literature, 
social tension is generally defined as pressure felt by a 
collective. This pressure can result from things like rup-
ture of social ties, increased social anomie (Orru, 1983), 

or a buildup of mental fatigue and irritability, frustration 
and deprivation, aggression, and depression of a signifi-
cant part of society (Smelser, 1994). Social tension, an 
integral part of all social systems, can spread among the 
population and manifests itself in mass actions (Byko-
vsky, 2008). According to Cosner, conflict can serve the 
very important role of regulating systems that are out of 
equilibrium, and socially-controlled conflict can remove 
accumulations of suppressed hostile emotions, thus 
reducing social tension (Cosner, 1956).

Social tension is recognized to be a natural part of 
society and while it generally has a negative connota-
tion, it can also play a positive role. Mainly, this quantity 
can be used to track the potential for conflict (Artemov 
et  al., 2017). While conflict, when managed properly, 
can be productive, it should be avoided when possible. 
Thus, tracking social tension at its different stages and 
making changes in the system to reduce social tension, 
before conflict arises, would be ideal. Researchers have 
described different developmental stages of social ten-
sion. The initial stage is latent when a negative emotional 
state begins to emerge in a population without their per-
ception. The second stage is the perception and spread 
of these negative emotions. These negative emotions can 
reach a level in a population that manifests itself in con-
flict or protesting activity (Artemov et al., 2017).

Policing strategies background and history
To fully understand the dynamics of protests in the 
United States one must understand the interaction 
between police and protesters. The individual actions of 
each actor, either police or protesters, modify the envi-
ronment of the other and thus potentially alter the others’ 
actions [(della Porta and Reiter, 1998), Part I, Chapter II]. 
In the United States, police departments have a history of 
managing protests. This is evidenced by the development 
of the permitting system used initially by the three major 
Washington, D.C., police agencies (the National Park 
Service Police, the U.S. Capitol Police, and the Metropoli-
tan Police of the District of Columbia), which have been 
replicated by other state capitals [(della Porta and Reiter, 
1998), Part I, Chapter II]. It is evident that the outcomes 
of protests depend not only on the protesters’ inten-
tions but also on their interaction with the police (when 
present). Therefore, we must understand the history of 
policing strategies and their potential effect on protest 
dynamics. In Chapter 2 of della Porta and Reiter (1998) 
the authors introduce five key characteristics in protest 
policing practices. These are: 

1. The extent of police concern regarding the First 
Amendment rights of protesters, and police obliga-
tions to respect and protect those rights;
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2. The extent of police tolerance for community disrup-
tion;

3. The nature of communication between police and 
demonstrators;

4. The extent and manner of arrests as a method of 
managing demonstrators;

5. The extent and manner of using force in lieu of or in 
conjunction with arrests in order to control demon-
strators.

It is natural to begin in the 1960’s, where the dominant 
model was an escalated force model. In the escalated 
force model, police disregard or minimize the First 
Amendments rights of protesters, do not tolerate any 
forms of disruptions, have limited communication with 
protesters, and are quick to arrest protesters (even if 
laws have not been broken), and use force as a standard 
method to deal with protesters. Historically, the use of 
this method led to many arrests, beatings, and deaths of 
protesters (della Porta and Reiter, 1998), and thus activ-
ists called for the introduction of “less-lethal” tools, 
such as Kinetic Impact Projectiles (KIPs). In that era, 
such tools probably saved lives, since a rubber bullet is 
less lethal than a bullet (della Porta and Reiter, 1998).

In the 1980’s and 1990’s, the negotiated management 
model became the dominant model. In complete con-
trast to the escalated force model, two primary goals 
of the negotiated management model were to pro-
tect a protester’s First Amendment rights and to save 
lives. Under this management style, some disruptions 
were anticipated and a high level of communication 

between police and protesters was expected. Moreo-
ver, arrests and the use of force were only used as a last 
resort (Maguire, 2015). In this management model, 
Kinetic Impact Projectiles were unnecessary. In the 
late 1990’s, the negotiated management model was 
replaced by the more aggressive approaches known 
as the strategic incapacitation model, command and 
control model, and the Miami model (Maguire, 2015). 
These are all variations of the escalated force model.

Deterrence theory versus procedural justice
The “show of force” policing strategy used during the pro-
tests/riots that ensued after the 2014 killing of Michael 
Brown, is based on deterrence theory, stating that indi-
viduals either comply or become defiant based on the 
cost associated with these actions (Paternoster, 2010). 
The premise of this theory is that when the police show 
a forceful presence, for example, starting from the attire 
that they wear, the arrests that they make, or a more vio-
lent show of force, the cost of being defiant will be too 
high (Paternoster, 2010; Maguire, 2015). An alternative 
and more modern theory is that individuals make their 
decisions to comply or become defiant based on what 
they perceive to be fair (Hinds and Murphy, 2007; Wolfe 
et  al., 2016; Mazerolle et  al., 2013). This theory goes by 
the name of procedural justice and is concerned with 
how people perceive the fairness of the procedures used 
by an authority figure. Figure 1b illustrates the four com-
ponents that are necessary for an interaction between a 
law enforcement agent and an individual to be deemed 
fair. There is research evidence that people’s perceptions 

Fig. 1 Diagrams illustrating the social psychology theories that we aim to provide a mathematical framework for a the factors necessary 
for productive action and b the four components needed for an interaction to be deemed procedurally just
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of procedural justice influence their judgments about 
the legitimacy of law enforcement (Tyler, 2006). Under 
the assumption of a process-based model of regulation 
when law enforcement agents are perceived to behave 
in an unjust way, “the police and the law are viewed as 
less legitimate, and people are less likely to comply” 
(Maguire, 2015) Under the assumption of this theory, any 
actions by the police that are perceived by the crowds to 
be unfair will escalate the tension.

A body of research from the 2010’s suggests that the 
“negotiated management” model and de-escalation tac-
tics are most effective, both at controlling protests and 
preventing violence between protesters and police. For 
example, an after-action assessment sponsored by the 
Justice Department’s Office of Community Oriented 
Policing Services after the killing of Michael Brown 
found that the heavy-handed police response to protests 
relied on “ineffective and inappropriate strategies and 
tactics” that had the “unintended consequence of escalat-
ing rather than diminishing tensions.” (Maguire 2015; U. 
S. D. of Justice 2014).

Social identity theory
Protest policing strategies are heavily developed based 
on crowd psychology. The classical view of how individ-
uals act when part of a crowd dates back to the French 
scholar Gustave Le Bon’s 1895 book The Crowd: A Study 
of the Popular Mind. From Le Bon’s point of view, when 
an individual joins a crowd, they lose their identity and 
become an “automaton who ceased to be guided by his 
will.” A different and more modern perspective comes 
from social identity theory, which refers to “the way in 
which people understand how they are positioned rela-
tive to others” Hoggs (2016). From this perspective, it is 
important for authorities to understand the various social 
identities in a protest in other to use effective and fair 
policing strategies (Maguire, 2015). Social identity theory 
later evolved into the elaborated social identity model 
(ESIM), which allows for the possibility of individuals to 
shift their social identity temporarily (Drury and Reicher, 
1999). It has been argued that treating a group of protest-
ers as homogeneous is extremely dangerous (Maguire, 
2015). Nowadays, many protests consist of people from 
all over the country with a variety of social identities. The 
ESIM allows for individuals with different social identi-
ties to gather and take on a different identity while pro-
testing (Maguire, 2015).

An ESIM perspective posits that ill-advised actions 
by police can instigate or escalate conflict and violence 
in crowds (Maguire, 2015; Drury and Reicher, 1999). In 
evaluating police response as unjust, a protest participant 
will be more likely to defy police authority or even use 

violence. It may be the case then that protest participants 
“will unite around a sense of opposition to the police and 
the authorities they are protecting (Maguire, 2015; Drury 
and Reicher, 1999).”

Productive action
From the social psychology theory discussed above, we 
observe that protesting activity can lead to a reduction 
of social tension when the management of the protest is 
adequate. Figure 1a illustrates a Venn diagram summariz-
ing the discussion from above. In particular, we see that 
protesting action is a consequence of high social tension 
and a triggering event. If protest participants feel that 
they have been treated in a procedurally just manner, 
then protesting can lead to productive action, which we 
define to be a reduction of tension and the minimization 
of physical and mental trauma experienced by the pro-
testing group. Our aim then is to understand what pro-
test management models lead to such productive action.

Methods
Data acquisition and cleaning
We analyzed data from The Armed Conflict Location 
& Event Data Project (ACLED) database, spanning the 
period of time from January 1, 2020, until March 13, 
2021. This publicly available database is maintained on 
the ACLED  websi te (Raleigh et  al., 2010), is based on a 
variety of media sources, and is maintained by experts. 
Each row is an event (e.g., a protest, riot, or strate-
gic development), and 29 columns contain informa-
tion related to the type of event, date, location, actors 
involved (e.g., protesters, military, police, etc.), the num-
ber of fatalities, and a ‘notes’ field describing the event.

We curated the data to focus on protests in the USA. 
We then employed text processing algorithms to iden-
tify (based on the ‘notes’ field) which protests involved 
‘kinetic impact projectiles’ (KIPs), i.e., police use of rub-
ber bullets, foam rounds, bean bag rounds, or tear gas. 
We then wrangled the data into a new data frame where 
each row is a day, with columns of time series telling how 
many protests happened that day, how many fatalities 
were associated with the protests that day, and how many 
protests involved KIPs.

Statistical analysis
We conducted a cross-correlation analysis to identify the 
leading/lagging relationships among these time series. 
Additionally, we employed ARIMA models to assess the 
dependency of each time series on its own past. Subse-
quently, we utilized multivariate models, such as predict-
ing the number of protests based on the usage of KIPs, 
enabling us to quantify the impact of a single protest 
involving KIPs on the overall number of protests in the 

https://acleddata.com/
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following days. To select the most appropriate models, 
we relied on the Akaite Information Criterion (AIC), an 
information-theoretic measurement. The model with 
the lowest AIC was deemed the most likely to accurately 
forecast future data (Shumway and Stoffer, 2017).

Below is a concise explanation of ARIMA models, 
adapted from (Shumway and Stoffer, 2017). An ARIMA 
model comprises three components: an autoregressive 
(AR) part, an integrating part, and a moving average 
(MA) part. To begin, the time series must be made sta-
tionary, meaning its mean, variance, and autocorrelation 
structure should remain constant over time. If the time 
series, denoted as xt , is not stationary, we apply the dif-
ferencing operator �xt = xt − xt−1 to achieve stationar-
ity. The differencing operator can be iterated if required. 
The “integrating part” of an ARIMA model indicates the 
number of differencing transformations applied. Once 
the transformed variable, denoted as Xt , becomes sta-
tionary, we employ autocorrelation plots, partial autocor-
relation plots, and lag plots to determine the appropriate 
number of AR and MA parts in the model. These com-
ponents govern the number of lags of Xt and the error 
term ǫt to be included in the model. For example, an 
ARIMA(3,1,2) model means we work with Xt = �xt , 
and we model Xt as a linear function of three AR lags 
Xt−1,Xt−2,Xt−3 and two MA error lags ǫt−1 and ǫt−2 . In 
other words, we express the model as:

In the context of this model, if β1 > 0 , and Xt represents 
the number of protests on day t, it indicates that follow-
ing a day with a high number of protests, we can antici-
pate an even greater number of protests the next day. 
Similarly, when α1 > 0 , it suggests that if yesterday expe-
rienced an unusually large number of protests, today is 
likely to witness a larger number. These specific ARIMA 
models describe self-exciting time series.

A seasonal ARIMA (SARIMA) model takes into 
account seasonal lags, such as Xt−7 , representing the 
number of protests seven days ago, or ǫt−7 , which 
denotes a shock event from the previous week. The ulti-
mate objective is to make the vector of residuals, ǫt , ran-
dom and independent, signifying the absence of further 
autocorrelation. Specifically, the correlation between ǫt 
and each ǫt−h should be statistically insignificant accord-
ing to both the autocorrelation function and the Ljung–
Box test.

Using the given modeling framework, we identified 
that the most suitable model for the number of protests is 
a SARIMA (3,1,2) × (2,0,0) (Braha 2012). This means that 
after applying first-order differencing, Xt is influenced 
by the occurrences of protests in the past three days, the 
unusual nature of protests in the previous two days, and 

Xt = β0 + β1Xt−1 + β2Xt−2 + β3Xt−3 + α1ǫt−1 + α2ǫt−2 + ǫt .

also takes into account events from seven and fourteen 
days ago due to the seasonal AR(2) part. Differencing was 
necessary to address the non-constant mean and vari-
ance of the time series over time, especially during the 
significant spike in the number of protests observed in 
the summer of 2020.

Let pt (representing the number of protests), kt (rep-
resenting protests with kinetic impact projectile (KIP) 
usage), and dt (representing fatalities) denote the 
occurrences on day t. Our cross-correlation analysis 
revealed strong positive correlations between pt and 
kt , kt−1, kt−2, kt−3 , kt−4 , and kt−5 . This indicates that 
KIP usage is associated with an increase in the number 
of protests in the subsequent days. The statistical sig-
nificance of these correlations was observed at lags zero, 
one, and three. Similarly, dt showed a positive association 
with kt , kt−1 , and kt−2 , implying that KIP usage is associ-
ated with an increase in fatalities in the subsequent days. 
These correlations were statistically significant at lags 
zero and one.

Next, we fit models to predict pt based on its own past 
and based on kt . The best-fitting ARIMA model (chosen 
by AIC) for protests as a function of KIP use involves the 
number of protests on the previous day, the number of 
protests seven days earlier, the number of KIPs used, and 
the error terms from the previous day and the day before 
that. Controlling for the effect of the past, every protest 
in which KIPs were used was associated with 22.5 more 
protests, and this is statistically significant ( p < 0.001 ). 
We note that, due to a lack of normality of the residu-
als, this p-value was obtained nonparametrically, using 
randomization-based inference. When including each of 
the days in the past 2 weeks, each KIP usage was associ-
ated with 19.32 more protests the next day (p < 0.001) , 
and 15.9 more protests a full week after the KIP usage. 
Lastly, we fit models to predict dt based on its own past 
and based on kt . We find that each use of KIPs was asso-
ciated with 0.134 more deaths the same day, and 0.129 
more deaths the next day (both with p < 0.001 ). Further-
more, KIP use was a better predictor than the number of 
protests, for deaths.

A dynamics perspective
To better understand the complex interactions between 
the police managing a protest and the protesters them-
selves, we develop a mathematical model based on the 
social psychology theory discussed above. In particu-
lar, we assume that protesters evaluate interactions 
with police from a procedural justice lens. Moreover, 
moving away from Le Bon’s point of view, we assume 
that protesters have heterogeneous backgrounds and 
intentions and that they can shift their intentions 
dynamically based on police-protester interactions. The 
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mathematical framework we develop is based on evo-
lutionary game theory, which has been widely used to 
study animal and human behavior, see (Berenji et  al., 
2014) and references therein. In this framework, one 
can observe players employing different strategies 
based on the different interactions that occur. Our goal 
is to provide a way to quantify the effect of different 
protest management strategies under the assumptions 
discussed in  “Sociological background” section. In par-
ticular, this framework allows us to see the dynamics of 
protests unfolding as time evolves.

For simplicity, we assume that a protest has two 
types of actors (or players): police agents and pro-
testers. Within the protester groups, we consider that 
there are subgroups with different values (Drury and 
Reicher, 2000). For simplicity, we subdivide our pro-
testers into disruptive demonstrators and moderates. 
In this way, we can tease out the effect of subgroups 
with different values and intentions on how the pro-
tests unfold in a simple setting. Such a split is common 
in the conflict sociological literature, see for example 
(Nicoara and White, 2016). We assume that disrup-
tive demonstrators have some probability of perpetrat-
ing an act of aggression, which could be something as 
simple as throwing a water bottle or something more 
violent. These disruptive demonstrators could be indi-
viduals who truly support the cause and are open to 
becoming aggressive if the situation calls for it. How-
ever, this group could also have members who do 
not support the cause and are simply there to create 
havoc. For example, in some Black Lives Matters pro-
tests, members of white supremacist groups show up 
to agitate the crowd (Bloom, 2020). Another interest-
ing example where this occurred was during Ukraine’s 
Revolution of Dignity, which occurred from late 2013 
to early 2014, when the Ukrainian government paid 
militia to attend protests and incite violence (Marples 
and Mills, 2015).

Police and protesters make different choices as the pro-
gress of the protest. Police make the choice of whether or 
not to commit an act of aggression. Their decisions are 
informed by the management model in place (we con-
sider the escalated force model versus the negotiated 
management model) and also by the choices made by 
the protesters. Disruptive demonstrators also make the 
choice of whether or not to commit an act of aggression 
(defiance). This choice is informed by the number of acts 
of aggression (AofA) committed by the police and also 
by fellow protesters. In essence, we are assuming that an 
escalation of violence or acts of aggression occurs. Mod-
erates do not perpetrate any acts of aggression but do 
have a choice of whether or not they will become a dis-
ruptive demonstrator. In making this choice, moderates 

observe the choices that police make and judge them 
using a procedural justice lens. All protesters have the 
choice to leave or stay at each time step.

An evolutionary game theoretic model
Let us assume that there are N protesters at the begin-
ning of a given protest. Let Na(t) and Nm(t) denote 
the number of disruptive demonstrators and mod-
erates, respectively. For simplicity, we assume that 
Na(t)+ Nm(t) ≤ N  for all time, so that no new protest-
ers arrive, but protesters eventually leave. In reality, there 
are certainly cases where new individuals join a protest. 
This could be included in the model with ease; however, 
we seek the most parsimonious model that will allow us 
to tease out the effects of different protest management 
models, and including an influx of new protesters will 
not change the dynamics (except to potentially increase 
magnitudes of the acts of aggression or prolong the pro-
test). Denote the number of disruptive demonstrators at 
time t by u1(t), the number of moderates by u2(t) , and 
the number of police present at time t by p(t). As time 
evolves we keep track of the number of acts of aggression 
(AofA) perpetrated by the disruptive demonstrators that 
have occurred by time t and denote this quantity by v1(t) . 
Moreover, we keep track of the number of acts of aggres-
sion or arrests made by the police that have occurred by 
time t and denote the quantity by v2(t) . Finally, we denote 
the social tension in the system at time t by τ (t) , or just τ 
if t is clear from the context. We summarize these vari-
ables and their description in Table 1.

The choices of protesters
In light of the above discussion, we assume that in making 
the choice of whether or not to commit an act of aggres-
sion, disruptive demonstrators will consider competing 
factors. On the one hand, police presence will provide a 
deterrence effect, while high social tension will increase 
the likelihood of committing an act of aggression. Thus, 
we assume that the probability that an aggressive act is 
committed by a particular disruptive demonstrator dur-
ing a period of time δt is given by:

where τc represents a critical threshold of the social ten-
sion required for an aggressive act to occur and T1 the 
intensity. The function f1 is a step-function modeling an 
all-or-nothing response. In reality, individuals have dif-
ferent thresholds of social tension necessary to commit 
an act of aggression. We see τc as a “mean-field” parame-
ter governing the choices of the populations of disruptive 
demonstrators as a whole. We will analyze what happens 

(1)

Pu1(δt) = 1− e
−

(

f1(τ )
p(t)+1

δt
)

and f1(τ ) =

{

0, τ < τc,

T1, τ ≥ τc,
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when τc = 0, which corresponds to the case where dis-
ruptive demonstrators will commit acts of aggression 
independent of the social tension. Another suitable 
choice for f1 could be a Sigmund-type function. We also 
point out that we view arrests as acts of aggression even if 
they are “justified”. This is a simplification given that some 
protesters may view certain arrests as warranted. How-
ever, this is mitigated by how moderates perceive fairness 
and make decisions to either stay moderate, become a 
disruptive demonstrator, or leave the protest. In particu-
lar, moderates have the choice of becoming disruptive 
demonstrators and they make this decision by evaluating 
the fairness of protester-police interactions. Specifically, 
if they perceive the police management to be unfair, they 
will be more likely to become disruptive demonstrators. 
One way to measure fairness is to consider the fraction 
of acts of aggression that are perpetrated by the police 
relative to the total number of acts of aggression. In other 
words, if moderates see that the protesters are being too 
destructive and violent, they may deem arrests and police 
acts of aggression as warranted. On the other hand, if the 
police are too heavy-handed, the moderates may be more 
likely to join the disruptive demonstrators. We choose to 
measure this by the quantity v2

v2+v1+1
, where the one in the 

denominator is to avoid division by zero. The selection of 
one positive quantity over another in the denominator 
was made arbitrarily. While this selection does influence 
the magnitude of the solutions, it does not change their 
fundamental qualitative characteristics. Given that our 
emphasis is on the qualitative behavior of the solutions 
and since there is no accessible data for model fitting, this 
particular selection holds no relevance to the outcomes. 
In the end, the probability that a moderate becomes a 
disruptive demonstrator during the time interval δt is:

where the function f3 has a similar form to f1 , but with 
potentially a different critical threshold. At any given 
time in the protest, all protesters have a choice to exit the 
protest and they do so at a rate denoted by ǫ.

The choice of the police agents
The choice that police agents have is whether or not to 
commit an act of aggression directed toward the pro-
testers or to arrest protesters. As mentioned earlier, we 
aggregate these two and refer to both actions as acts of 
aggression. We assume that the probability of an act of 
aggression being committed by the police depends on 
the number of acts of aggression taken by the protesters, 
which is the quantity v1 . Thus, we arrive at the following 
term:

where vc represents a critical number of acts of aggres-
sion that must occur before the police engage in the use 
of force and/or make arrests, and T2 is the intensity. In 
this work, we consider the escalated force and the nego-
tiated management models as the two main protest 
policing strategies. The differences in the models lead to 
different model parameters.

The escalated force model is characterized by little to 
no tolerance of disorder of the protesters, and police 
are quick to arrest. Thus, the threshold vc is zero or 
something very small. Moreover, there is no communi-
cation with protesters and little to no respect for pro-
testers’ First Amendment rights. We assume that police 

(2)Pu2→u1(δt) = 1− e
−

v2
v2+v1+1

f3(τ )δt
,

(3)

Pu2(δt) = 1− e−f2(v1)δt and f2(v) =

{

0, v < vc,
T2, v ≥ vc,

Table 1 Description of the notation in the evolutionary game theory

Notation Description

u1(t) Total number of disruptive demonstrators at time t

u2(t) Total number of moderates at time t

p(t) Total number of police at time t

v1(t) Total number of protester AofA at time t

v2(t) Total number of police AofA at time t

τ(t) Social tension level at time t, sometimes denoted τ

τc Critical tension needed for disruptive demonstrators to become violent

vc Number of AofA perpetrated by protesters for police to engage

T1 Probability modulators of the number of AofA of protesters

T1 Probability modulators of the number of AofA of police

ǫ Exit rate of protesters

ω Rate of decrease of tension

θ Increase of tension per act of violence
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presence thus leads to an increase in social tension. 
Even some police acknowledge that deploying police in 
riot gear can backfire. Some quotes from police offic-
ers found in Maguire (2015) that are of interest are: in 
relation to officers wearing riot gear, “it incites a type of 
reaction that might backfire and agitate;” “once the hats 
and bats and turtle suits come out, it brings aggression 
with it.”; “if you line up a bunch of police officers with 
riot gear and shields, you are telling protesters ‘to go 
ahead and throw rocks and bottles at us’.”

On the other hand, the negotiated management 
model is characterized by a much higher tolerance 
towards disorder and acts of aggression by the pro-
testers. In that model, arrests and the use of force is a 
last resort. Moreover, there is a great deal of commu-
nication and respect towards protesters. Thus, in this 
model, the threshold vc is much higher and police pres-
ence can help diffuse tensions since the communica-
tions between police and protesters are open.

The evolution of the social tension
As described in the introduction, social tension pre-
cedes protesting activity and conflict. The goal is to 
have productive action that can lead to a decrease in 
social tension with a minimum amount of physical and 

mental trauma, both for police and protesters. We make 
the assumption that, regardless of the police manage-
ment strategy being used, the social tension increases 
with the total number of acts of aggression, v1 + v2, and 
has a natural decay with time:

where ω is the rate of decrease if the number of aggres-
sive acts remains static and θ the increase in social 
tension per act of aggression. The difference in communi-
cation strategies for the two management models that we 
consider can be modeled in the parameter θ . In particu-
lar, a situation where police are in communication with 
protesters, e.g., asking protesters about the reasons they 
are participating, can help attenuate the effects of acts of 
aggression, leading to a lower θ . On the contrary, a lack 
of communication can enhance the effect that an act of 
aggression has on social tension, leading to a higher θ .

The time evolution of protesters and acts of aggression
The flowchart in Fig.  2 illustrates how a given protest 
evolves. Specifically, it shows the choice-making pro-
cess of the protesters depending on which category they 
belong to, and how the system is updated depending on 
these choices. We can thus develop updated rules for this 

(4)

τ (t + dt) = τ (t)+ θ(v2(t + δt)

+ v1(t + δt)− v2(t)− v1(t))− ωτ(t),

Fig. 2 Protesters activity flow-chart
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protest participation game as time evolves. Using the 
probability Pu1(δt) that a given disruptive demonstra-
tor commits an act of aggression during a period of size 
δt , we obtain that the total number of acts of aggression 
perpetrated by disruptive demonstrators by time t + δt is 
given by:

From Eq. (5) we observe that as the tension increases, the 
number of acts of aggression perpetrated by the disrup-
tive demonstrators also increases. On the other hand, 
there is a deterrence effect at play as the presence of 
more police members lowers the probability of an act of 
aggression happening. The competition between tension, 
which enhances acts of aggression, and police presence 
which inhibits them, is modulated by the parameter T1. 
Specifically, T1 << 1 implies that deterrence is the domi-
nant factor, T1 >> 1 implies that the tension dominates 
the dynamics, and T1 ≈ 1 balances the two effects. In a 
similar fashion, we can obtain the updating rule for the 
total number of acts of aggression perpetrated by police 
members by time t + δt . Using the probability that a par-
ticular law-enforcement agent commits an act of aggres-
sion, given by Eq. (3), we obtain the equation:

As we see from Eq. (6) the higher the variable v1(t), the 
more likely that a police agent will commit an act of 
aggression. Also, recall that there is a critical threshold, 
vc , separating regions of zero acts of aggression perpe-
trated by the police agents and an escalating amount of 
acts of aggression perpetrated by the police. We equate 
an escalated force management model with small values 
of vc and a negotiated management model with large val-
ues of vc.

The number of disruptive demonstrators at time t + δt 
depends on how many exit the protest and how many 
moderates become disruptive demonstrators. For sim-
plicity, we assume that all disruptive demonstrators who 
commit an act of aggression either decide to leave the 
protest or are arrested. This modeling choice has prece-
dent; in Short et al. (2008) criminal agents are assumed to 
lay low for a while after committing a crime. Another way 
to interpret this modeling assumption is that we count all 
of an individual’s acts of aggression as one. With this in 
mind, we obtain the updating rule given by:

(5)v1(t + δt) = v1(t)+ u1(t)

(

1− e
−

(

f1(τ )δt
p+1

)
)

.

(6)v2(t + δt) = v2(t)+ p(t)
(

1− e−f2(v1)δt
)

.

Here and below, we write v1 instead of v1(t) , etc., to 
streamline the formulas. Since moderates either become 
disruptive demonstrators during a period of size δt , with 
probability given by (2), or exit at rate ǫ , we obtain the 
updating rule for moderates:

Dynamical system approximation
In this section, we approximate the evolutionary game 
theory described above by its dynamic systems coun-
terpart. By taking the limit as δt → 0 and linearizing all 
probabilities in Eqs. (4)–(8) and we obtain a system of 
five coupled and nonlinear ordinary differential equa-
tions for the probability density functions of each of the 
variables, which is as follows:

A natural assumption on p is that it is eventually zero. 
For example, if there are no protesters then it should hold 
that p = 0. We thus assume that: 

 (A1) 0 ≤ p for all t and p(t) = 0 if u1(t)+ u2(t) = 0.

It should be noted that when developing mathematical 
models, especially those not derived from fundamen-
tal principles like in the context of physical phenomena, 
certain decisions need to be taken regarding the choice 
of functions to represent specific components within 
the model. In our specific scenario, we chose to employ 
step functions as the options for functions f1 , f2 , and 
f3 . Nonetheless, there are various alternative functions 
that could have been chosen, as long as they maintained 
monotonic increase and boundedness. Nevertheless, 
we anticipate that the model’s outcomes will not be sig-
nificantly impacted by the particular selections we have 
made.

(7)
u1(t + δt) = u1(t)+ u2(t)

(

1− e
−

v2
v2+v1+1

f3(τ )δt
)

− u1(t)

(

1− e
−

(

f1(τ )
p+1

δt
)

+ ǫδt

)

.

(8)

u2(t + δt) = u2(t)− u2(t)

[(

1− e
−

v2
v2+v1+1

f3(τ )δt
)

+ ǫδt

]

.

(9)
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Estimates of the solutions
Note that the number of protesters will eventually be 
less than one, due to the flux being negative. Of course, 
because the system models the dynamics of a continuum 
population, the number of protesters will approach zero, 
but never achieve it. Moreover, condition (A1) guaran-
tees that the number of police will eventually be zero. In 
fact, the third and fourth components of the solution sat-
isfy the upper bounds:

This implies that dv1
dt

→ 0 as t increases and the number 
of acts of aggression committed by the protesters will 
taper off. However, if the police begin committing acts of 
aggression, the tension will increase and could eventually 
lead to disruptive demonstrators becoming aggressive. 
One can also see that under the following conditions, 
there will be zero acts of aggression: 

 (i) τ (0) < τc , v1(0) = v2(0) = 0.

 (ii) u1(0) = 0 and v1(0) = v2(0) = 0.

On the other hand, the following conditions guarantee 
positive v1 and v2 for t > 0.

 (i) τ (0) > τc , u1(0) > 0.

 (ii) τ (0) < τc and v2(0) > 0.

Results
In this section, we analyze system (9). First, we study 
and illustrate the wide range of behaviors of the solu-
tion depending on model parameters. We are particularly 
interested in case studies analyzing the effect of different 
protest management models in homogeneously moder-
ate crowds and the effect of heterogeneous crowds.

Solution dynamics and sensitivity analysis
In this subsection, we study the dynamics of the solu-
tions to Eq. (9). Note that the exit rate of protesters 
and the natural decay of the tension have an effect on 
the duration of the protest. For the following analysis 
we choose to set ǫ = .02 and ω = .01. Moreover, we fix 
f3(z) =

1
10
1z>2, where 1 is the characteristic function.

It is of interest to consider case studies with different 
initial conditions and to study the sensitivity of the sys-
tem to the remaining parameters. Specifically, we per-
form local and global sensitivity analysis for parameters 
T1,T2, θ , τc , and vc. To accomplish the global sensitiv-
ity analysis we use the R function senseRange(), where 
a distribution is defined for each sensitivity parameter, 
and the model is run a large number of times, each time 
drawing values for the sensitivity parameters from their 
distribution. Here we assume a uniform distribution for 
all parameters within certain relevant ranges that are 

u2(t) ≤ u2(0)e
−ǫt

and u1(t) ≤ e−ǫt(u2(0)t + u1(0)).
shown in Table  2. The senseRange() function produces 
envelopes around the sensitivity variables, see Fig. 3 for 
an example. The turquoise envelope represents the range 
from the minimum values of the solutions up to the 
maximum values of the solutions. The blue envelope is 
the average dynamics plus/minus a standard deviation 
(which is why the dynamics dive into a negative regime). 
The local sensitivity analysis is done using the R function 
sensFun(), which estimates the local effect of the param-
eters on unknowns. This is done by calculating a matrix 
of sensitivity functions, which are the rates of change of 
the unknowns with respect to the parameters. In this sec-
tion, the system of equations is solved using the deSolve 
library in R.

Case study 1: Homogeneously moderate crowd
We first consider the situation where there is a homoge-
neously moderate protest. In other words, there are no 
disruptive demonstrators in the crowd initially. Particu-
larly, we consider two sets of initial conditions to differ-
entiate between a non-aggressive versus aggressive police 
strategy. 

 (i) No initial acts of aggression from police: Due to the 
homogeneity of the crowd if there are no initial acts 
of aggression by the police, then there is no sensi-
tivity to the parameters and no acts of aggression 
from either protesters or police occur. The tension 
dissipates with time and moderates eventually leave 
and the protest comes to an end. We classify this 
case as a productive protest.

 (ii) Single initial act of aggression from police: A single 
act of aggression perpetrated by the police changes 
the dynamics significantly with this homogene-
ously moderate crowd. This could, for example, be 
a single arrest. Figure (3) illustrates a global sensi-
tivity analysis to parameters T1,T2, θ , τc and vc. The 
top three and the first two bottom panels in Fig. 3 
illustrate the global sensitivity of solutions with ini-
tial data set to 

v1(0) = 0, v2(0) = 1,u1(0) = 0,u2(0) = 500, τ (0) = 2

Table 2 Parameter ranges used for the global sensitivity analysis

Parameter Min value Max value

T1 0.001 0.2

T2 0.0001 0.01

θ 0.01 0.08

vc 0 10

τc 0 10
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and p = 100, while the protest lasts. The black 
line illustrates the average dynamics of each of the 
five unknowns. We observe, for example, that the 
AofA perpetrated by the police and the disruptive 
demonstrators increases on average. Moreover, 
the number of disruptive demonstrators sharply 
increases and then decays very quickly. Note that 
the dynamics here show little sensitivity to the 
parameters. The dynamics of the moderates will 
always decrease.    The bottom left graph illustrates 
a local sensitivity analysis. From the bottom right 
panel in Fig. 3 we observe that the system is most 
sensitive to T1 and T2. However, the sensitivity is 
due to the effect that these parameters have on the 
number of acts of aggression. Clearly, the higher 
the T1 and T2 are the more acts that occur. We 
observe that the dynamics of the moderates and 

disruptive demonstrators are not very sensitive to 
the parameters. On the other hand, the number of 
AofA perpetrated by the police and by the disrup-
tive demonstrators are very sensitive to T1 and T2. 
Here we have a situation where a minimally aggres-
sive police presence can significantly increase the 
number of AofA.

Case study 2: A heterogeneous crowd
We now look at what happens with an initial crowd that 
is heterogeneous. Specifically, we analyze what happens 
when twenty percent of the protesters are disruptive 
demonstrators at the start of the protest. We aim to ana-
lyze the evolution of the protest depending on when the 
police enter the picture. 

 (i) Police presence from the start of protest: We 
explore what happens when the police are present 

Fig. 3 Local and global sensitivity analysis for case study 1(i) for parameters T1, T2, θ , τc and vc . The other parameters are set to ǫ = .02,ω = .01. The 
initial conditions are set to v1(0) = 0, v2(0) = 1, u1(0) = 0, u2(0) = 500, τ(0) = 2 and p = 100 while the protest lasts
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from the beginning. Figure  4 illustrates a global 
sensitivity analysis for this situation. The initial 
conditions for all runs are set to 

and p(t) = 100 for all times when there are more 
than one protesters. In this situation, we observe 
that the dynamics of the disruptive demonstra-
tors and moderates are much more sensitive to the 
parameters. We see a maximum of 30 AofA from 
protesters and around 400 AofA from the police. 
Although the averages are around 2.5 and 10 AofA 
for protesters and police, respectively. Unlike the 
dynamics of the disruptive demonstrators in Case 
Study 1 (ii) where the disruptive demonstrators 
always increased, in this case study we observe that 
on average the number of disruptive demonstrators 

v1(0) = v2(0) = 0,u1(0) = 100,u2(0) = 400, τ(0) = 2

actually decreases. In the scenarios where they 
increase, they increase to a smaller number than 
that observed in Fig. 3.

 (ii) Late entrance of the police: Next, we consider 
what happens when the police show up later in the 
protest. We maintain the same initial conditions: 
v1(0) = v2(0) = 0,u1(0) = 100,u2(0) = 400, τ (0)

= 2. However, we switch the police presence func-
tion to p = 0 for 0 < t < 10 and p = 100 for the 
remainder of the protest (until there is less than 
one protester). That is, there is no deterrence for 
disruptive demonstrators during the first ten units 
of time. The global sensitivity analysis for this case 
study is illustrated in Fig. 5. Compared to the pre-
vious case study, we see an increased number of 
AofA both for police and protesters, from an aver-
age of 10 to around 50 for the police and from 2.5 
to around 15 for protesters.

Fig. 4 Local and global sensitivity analysis for case study 2(i) for parameters T1, T2, θ , τc and vc . The other parameters are set to ǫ = .02 and ω = .01. 
The initial conditions are set to v1(0) = 0, v2(0) = 0, u1(0) = 100, u2(0) = 400, τ(0) = 2 and p = 100 for the duration of the protest
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Dynamics of the protest
The two different police management models we are con-
sidering lead to different parameters. Note that in the 
escalated force model there is little to no tolerance for 
disruptions from the protesters and the police are quick 
to use force and arrests. This can be incorporated by 
using a low value for vc . Moreover, it can also be incorpo-
rated by a larger value of θ , however we will not explore 
the effect of this parameter in the present paper. On the 
other hand, in the negotiated management model, police 
only use force and arrests as a last resource, leading to 
higher values of vc (and lower values of the parameter θ ). 
In this section we fix f3(z) = 1

10
1z>5. All simulations in 

this section were run using Matlab’s ode45 solver.

Heterogeneous crowds
In this section, we perform a thorough exploration of the 
effect that τc and vc have on the dynamics of the system 
depending on the ratio of disruptive demonstrators and 
moderates. To achieve this we ran a large number of sim-
ulations where we fix all parameters with the exception 
of τc and vc . In all of the simulations that are discussed in 
this section, we fix the values:

and vary the ratio of disruptive demonstrators to 
moderates.

Figure 6 contains two heat maps illustrating in panel (a) 
the total number of AofA perpetrated by the police and 
in panel (b) the total number of AofA perpetrated by the 
protesters. Figure  6a illustrates a clear phase transition 

v1(0) = 0, v2(0) = 0, τ (0) = 5, and N = 500

Fig. 5 Local and global sensitivity analysis for case study 2(ii) for parameters T1, T2, θ , τc and vc . The other parameters are set to ǫ = .02 and ω = .01. 
The initial conditions are set to v1(0) = 0, v2(0) = 0, u1(0) = 100, u2(0) = 400, τ(0) = 2 and p = 100 after t = 10 and for the remainder 
of the protest
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between a large number of AofA and zero. The bound-
ary at τc = 5 is the result of the initial tension being set 
to τ (0) = 5. Thus, when τc > 5 there are no AofA com-
mitted by the protesters (as seen in Fig. 6b). Since v1 ≡ 0 , 
this implies v2 ≡ 0 , except in the case when vc = 0 in 
which case there is some AofA committed by the police. 
This is the thin aqua-blue line seen on the vc = 0 axis. We 
see that the boundary between aggression and no aggres-
sion shifts left as τc decreases. Interestingly, this shows 

that when a crowd has a lower triggering point for com-
mitting AofA the police should be even more tolerant 
if they want to minimize how many AofA are commit-
ted. The shift from a high number of AofA to zero at the 
τc = 0 axis occurs when vc = 9 because the max num-
ber of AofA committed by protesters is nine. Shifting to 
Fig.  6b we see that to the right of the phase transition 
boundary observed in Fig.  6a there are still some AofA 

Fig. 6 The number of acts of aggression perpetrated by the a police and b protesters as a function of τc and vc . The ratio of disruptive 
demonstrators to the total number of protesters is taken to be A/N = .2. The parameters used here are T1 = .1, T2 = .01, θ = .2,ω = .01, ǫ = .01. 
The total number of protesters is 500 and p = 100 while u1 + u2 > 1.

Fig. 7 The number of acts of aggression perpetrated by the a police and b protesters as a function of τc and vc . The ratio of disruptive 
demonstrators to the total number of protesters is taken to be A/N = .4. The same parameters are used as those given in Fig. 6
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committed by the protesters. However, we see a shift to 
smaller numbers as τc increases.

The heat maps illustrated in Fig. 7 are the results of sim-
ulations with the exact same parameters and initial con-
ditions as those used to generate Fig. 6, except the initial 
ratio of disruptive demonstrators to the total number of 
protesters increased from A/N = .2 in Fig. 6 to A/N = .4 
in Fig. 7. As expected, we see an increase in the number 
of AofA for both protesters and police. Moreover, for a 
given value of τc the regions with a positive number of 
AofA perpetrated by the police have increased. That is, 
the larger the number of disruptive demonstrators, the 
higher the police tolerance ought to be to avoid violence. 
An interesting feature that is observed in Fig. 7b is that 
there is another phase transition between the total num-
ber of AofA perpetrated by the protesters (on the bottom 
left corner) as vc increases. There is a sharp drop in the 
number of AofA around vc = 1.1.

In Fig.  8 we have increased the number of disruptive 
demonstrators to half of the total protesters. One can 
observe that the horizontal phase transition has shifted 
to around vc = 4.8.

Some key takeaways from these simulations are that 
there is a clear phase transition between the number of 
AofA committed by the police, going from zero to a sig-
nificant number. When τc is higher, vc needs to be higher 
in order for the AofA perpetrated by the police to remain. 
As the number of initial disruptive demonstrators 
increases we also see a second phase transition appear, 

where there is a small, but clear drop between the num-
ber of AofA committed by the protesters.

Entrance time versus heterogeneity of the crowd
In this section, we analyze the effect that police entrance 
time has on the dynamics of the protests. In particular, 
we are interested in how the total number of AofA perpe-
trated both by the police and protesters changes when we 
shift the police entrance time and the composition of the 
crowd. All of the simulations used to generate the heat 
maps in this section used the following initial conditions: 
v1(0) = v2(0) = 0. Moreover, N = 500 and p = 100. 
Here we vary the number of initial disruptive demonstra-
tors and the police entrance time.

Figure  9 illustrates the number of AofA by the police 
and protesters when τc = 5 , vc = 15, T1 = .1 and 
T2 = .001. The first thing to note is the sharp phase tran-
sition seen in Fig. 9a. As the number of initial disruptive 
demonstrators increases, the entrance time of the police 
matters more. That is, as the initial number of disruptive 
demonstrators increases the sooner the police must enter 
to reduce the number of AofA perpetrated by the police. 
However, after around u3(0) = 350 , the entrance time 
does not matter as much for the total police AofA. We 
see a similar pattern in a number of AofA perpetrated 
by the protesters, see Fig. 9b. However, there is a gradual 
change in the number of AofA perpetrated by the pro-
testers. In fact, in the top right corner, we see a concen-
tration of high numbers of AofA. This implies that police 
showing up earlier reduces the total trauma.

Fig. 8 The number of acts of aggression perpetrated by the a police and b protesters as a function of τc and vc when the ratio of disruptive 
demonstrators to the total number of protesters is A/N = .5. The parameters used here are the same used for the simulations in Fig. 6
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Note that we have taken T1 = .1 for the simulations 
that produced the heat maps illustrated in Fig. 9. We can 
think of T1 as a parameter that modulates the effects of 
deterrence of AofA by the police presence versus that of 
procedural justice. We can compare these results to those 
seen in Fig. 10 where all things are equal with the excep-
tion that T1 = .01. In this case, the deterrence effect is 
much stronger than in the one seen in Fig. 9. The patterns 
observed are the same; however, we do note a shift to the 

upper right. Specifically, in Fig. 10a we see that there is 
more wiggle room for mitigating police AofA in terms 
of the entrance time of the police. When T = .1 and the 
initial number of disruptive demonstrators was 500, the 
entrance time did not matter as the same number of 
AofA occur independently of when the police arrived. On 
the other hand, when T = .01 the police entrance time 
can be a little bit delayed without increasing the number 
of AofA by the police.

Fig. 9 Heat maps for the total number of AofA perpetrated by the police in a and protesters in b. The parameters used are τc = 5 , vc = 15, T1 = .1 
and T2 = .001.

Fig. 10 The number of acts of aggression perpetrated by the a police and b protesters as a function of the initial total number of disruptive 
demonstrators and police entrance times. The parameters used for all simulations are τc = 5 , vc = 15, T1 = .01 and T2 = .001.
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Finally, Fig.  11 illustrates the case when T1 = .5, 
which leads to a case where the procedural justice 
effect is much stronger than the deterrence effect 
of police presence. As expected, this leads to a larger 
region of parameters that lead to a significant number 
of AofA committed by the police, see Fig. 11a. Moreo-
ver, we see that the region with the maximum number 
of AofA committed by the protesters (top right corner 
- in bright yellow) is stretched downwards significantly. 
Naturally, the number of AofA committed by protesters 
is much larger.

Discussion and conclusions
In this study, we adopted a twofold approach to explore 
the impact of different police protest management mod-
els on the evolution of protests. Our main focus was 
to understand how these models affect trauma, which 
may arise from various factors, including violence insti-
gated by both protesters and police, as well as arrests. 
To achieve this, we employed a statistical analysis using 
event data sourced from ACLED.nnThrough our time 
series analysis, we made intriguing observations regard-
ing the utilization of kinetic impact projectiles (KIPs). We 
found that the usage of KIPs is linked to an escalation in 
the number of protests in the subsequent days. Moreover, 
it was evident that the deployment of KIPs is associated 
with an increase in the number of fatalities in the follow-
ing days. Surprisingly, the use of KIPs emerged as a more 
accurate predictor of deaths than simply considering the 
number of protests.

Our work supports the widely held notion that law 
enforcement should employ the least amount of force 
required to achieve their objectives and anything 
beyond that constitutes excessive force. Based on our 
findings, we contend that KIPs do not align with the 
principle of using the minimum force necessary. Even 
in situations where “less-lethal” tactics are deemed nec-
essary, KIPs should be avoided as they prove more det-
rimental than other available “less-lethal” alternatives. 
Nevertheless, it is important to recognize the con-
straints inherent in our statistical analysis due to data 
limitations. First, even though the data sourced from 
ACLED stands as the most comprehensive available, 
it does not encompass the entirety of instances. Given 
that it draws from news sources, certain protests might 
go unnoticed and consequently unrecorded within 
the ACLED database. This limitation underscores the 
necessity for prudent interpretation of the findings. 
Secondly, the ACLED database simplifies the classifica-
tion of kinetic impact projectiles (KIPs) into a binary 
framework (used or not used), neglecting to differenti-
ate between various types like rubber bullets, pellets, 
or bean bag rounds. A more meticulous examination of 
KIPs might unveil distinct contexts where their applica-
tion could be deemed justifiable.

The primary insight gained from our dynamic mod-
eling approach underscores the criticality of com-
prehending crowd heterogeneity. Whether it’s an 
aggressive management strategy, an unintentional act 
of police aggression, or the nature of the crowd itself, 
these factors can all contribute to an escalation of 

Fig. 11 The number of acts of aggression perpetrated by the a police and b protesters as a function of the initial total number of disruptive 
demonstrators and police entrance times. The parameters used for all simulations are τc = 5 , vc = 15, T1 = .5 and T2 = .001.
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trauma. Specifically, a peaceful crowd tends to result 
in no trauma and reduced social tension. However, 
an inadequate police response can lead to significant 
trauma.

Our conclusion is that the negotiated management 
model consistently proves to be a superior approach, 
irrespective of the type of crowd involved. In fact, the 
more prone the crowd is to acts of aggression, the more 
important it becomes for the police to be tolerant of 
such behavior. This approach can significantly decrease 
overall group trauma. Another noteworthy finding is 
that when a crowd contains disruptive demonstrators, a 
police presence can help reduce total trauma, provided 
the right policing strategy is employed. However, early 
police presence combined with a low threshold for vio-
lence may exacerbate trauma levels.

The dynamical approach utilized in this study relies 
on a mathematical framework based on modern theo-
ries of compliance and deterrence, as well as crowd 
psychology. Given the limited availability of compre-
hensive data on police influence over protester behavior 
and trauma, this framework proves particularly valu-
able. It allows us to quantify the group trauma expe-
rienced during protests based on police actions. The 
results presented are semi-quantitative, as we cannot 
precisely determine the parameter regime of specific 
events. We emphasize the urgent need for the police 
to collect detailed and comprehensive data, which will 
enable us to obtain quantitative results that can be 
rigorously verified. Such data availability and analysis 
are crucial for advancing our understanding of protest 
dynamics and their impacts.
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