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Protest policing is central to research on social movement repression
and of great practical importance. Here, we examine competing expla-
nations for observed changes in the likelihood that policewill attend any
given protest event andmake arrests, use violence, or both inNewYork
State from1960 to 1995.Whilemany researchers point to changeswithin
law enforcement as the primary cause for “softer policing” over this pe-
riod, we show, using a modified Kitagawa-Oaxaca-Blinder (KOB) de-
composition, that the institutionalization of the protest sectorwasmore
responsible for changes over time in observed protest policing. This im-
plies that toomuch credit has been given in the literature to law enforce-
ment for softening responses to protest and that too little investigation
has been undertaken of the softening of protest itself. Furthermore, our
expansion ofKOBdecomposition has broad potential utility for research-
ers interested in understanding the confluence of social forces driving
behavior.

The tumultuous 1960s in the United States immediately conjures visions of
protester-police clashes, many of which were famously violent. Whether in re-
action to the police riots at the 1968 Democratic National Convention, Bloody
Sunday on the Edmund Pettus Bridge, or the culmination of so many other

1 Wewould like to thank theAJS reviewers and Christina Diaz, Jeremy Fiel, Erin Leahey,
AndrewMartin, and PatrickRafail for comments on earlier drafts aswell as participants at
the Four Corners Conflict NetworkWorkshop held in Denver in spring 2017, participants
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examples of aggressive policing against protesters, scholars argue that law en-
forcement came under significant legal, political, and social pressure to change
its practices at protests in the late 1960s and early 1970s (McCarthy and Mc-
Phail 1998; McPhail and McCarthy 1998; McPhail, Schweingruber, and Mc-
Carthy 1998). Soule and Davenport’s (2009) findings suggest this pressure
worked: police used both arrest and force less often at demonstrations after
1969 thanbefore, and, aswe show later, the likelihoodof police presence varied
markedly across time, declining and remaining lower in the 1970s and 1980s.
In the view of most students of social movement repression, state and law

enforcement decisions drive such shifts through two paths. First, following
Davenport’s (2007) law of coercive responsiveness, authorities decide what
indicates threat and, hence, which protest events warrant repression. Au-
thoritiesmay also decide whichmovements or groups, and hencewhich pro-
test events, are weak enough to be successfully repressed (Earl 2011). Shifts
in repression occur when authorities come to view protests as less threaten-
ing, and/or less weak, and soften their approach accordingly.
Second, model protest policing sets a default, or at least a tone, for police

responses. In the United States, researchers argue that shifts in the late 1960s
and early 1970s ushered in a less aggressive, more “professionalized” best-
practice model known as “negotiatedmanagement” (McCarthy andMcPhail
1998;McPhail andMcCarthy 1998). Argued to bewidely adopted by 1975 in
the United States (McCarthy, McPhail, and Crist 1999), and soon after in
Western Europe (della Porta and Reiter 1998), negotiated management is
more permissive of protest (McCarthy and McPhail 1998), prioritizes pro-
tester rights (McCarthy andMcPhail 1999), and focuses on legal tools instead
of violence (Earl et al. 2003). This approach credits changes within law en-
forcement as largely responsible for any “softening” of protest policing.
This view of authorities driving a softening in protest policing alsofitswith

the common perception of many Americans, who recall brutal repression of
protest, particularly civil rights protest, and contrast that with a (perhaps un-
realistic) image of a period of peace thereafter (Theoharis 2018). Consistent
with arguments about negotiated management, newfound support for First
Amendment rights by police (McPhail et al. 1998) ushered in unprecedented
toleration of protest.
However, we argue that these scholarly and popular narratives may be

empirically incorrect in diagnosing what changes were responsible for “softer
policing” in the 1970s and 1980s. Research on “movement societies” argues
that social movements were institutionalizing at the same time police were

at the Purdue University Sociology Department Colloquium, and members of Northwest-
ern University’s Crime, Law, and Society Workshop. Direct correspondence to Jennifer
Earl, School of Sociology, University of Arizona, 1145 East South Campus Drive, Tucson,
Arizona 85721. Email: Jenniferearl@Arizona.edu
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changing and as a result were adopting less threatening and confrontational
tactics (Meyer and Tarrow 1998; Soule and Earl 2005). Even if nothing
within law enforcement changed, a less threatening protest sector would
make what police did at protest events in the 1970s and 1980s seem “softer”
because there would be fewer provocations for police to respond with force
or arrests.2 While others have connected movement societies to policing,
that connection has run through changes to law enforcement, such that the
institutionalization of protest helped to usher in negotiated management
(McPhail et al. 1998). Here we argue something starker: whether or not there
was a shift in model police practices or changes in how authorities perceived
threat or weakness, if the protest sector became more institutionalized, we
would observe less, and less aggressive, police action toward protesters net
of any changes within law enforcement. The idea that changes in the protest
sector, not within law enforcement, led to less repression represents a dra-
matic re-envisioning of why and how protest policing shifted and, as we dis-
cuss below, has important implications for today.

Tobe clear,we do notwish to create a strawman contest: it is likely that both
authorities and protesters changed. However, it is unlikely that the amount of
change and/or the impacts of those changes on actual protest policing are
equivalent or temporally invariant, and we introduce hypotheses on the bal-
ance of these forces. Together, these possibilities raise entirely new and crit-
ical questions about the relative contribution of different causes to empirical
changes in protest policing over time.

To answer which sector—law enforcement or protesters—was most im-
pactful in producing “softer policing,” aswell as shifts in that answer over time,
we use a transformation of a classic wage-gap decomposition method—
Kitawaga-Oaxaca-Blinder (KOB) decomposition3—that allows us to estab-
lish broadly what percentage of overall changes, and changes over time, in
observed police presence and action at protests were attributable to shifts
within law enforcement versus shifts within protest events. As explainedmore
below, just as wage-gap research can determine how much of a wage gap is
due to broadly different categories of explanations; so too, can repression re-
searchers use decomposition methods, properly adapted, to understand the
relative influences of different contributors to shifts in observed repression.
We apply our adaptedmethod to the Dynamics of Collective Action (DoCA)
data (McAdam, McCarthy, et al. 2009).

2 Of course, we are not blaming protesters for the police actions against them, but we do
expect aggregate protest characteristics should influence police behavior at protests.
3 It is common to refer to this technique as Oaxaca-Blinder decomposition, but that ignores
the pioneeringwork of Kitagawa (1955). Thus, as other scholars are increasingly doing, we
refer to the method with the names of all three developers.
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Our findings show that law enforcement has indeed been given too much
credit for “softer” policing; broad changes in the protest sector de-escalated
law enforcement responses net of changes within law enforcement. Police
continued to react harshly when protesters were more threatening, some-
times becoming even more responsive to perceived threats than before,
but protesters simply provided indicators of threat much less often. This al-
ternative explanation for variation in protest policing, given the accepted
scholarly narrative that law enforcement became softer andmore supportive
of protest over this period, revises the repression literature’s understanding
of transitions within protest policing over this critical period in U.S. history.
Our findings also show that movement society influences have not been

given enough credit; instead of simply producing changes to law enforce-
ment protocols, shifts in protest behavior directly influenced policing reac-
tions. This also implies, as discussed in the conclusion, that if the protest sec-
tor shifted back toward confrontation, as we saw with the so-called Battle
in Seattle and in contemporary Black Lives Matter protests (although both
are outside the time period of our data), police responses would be expected
to be harsher, as widely observed, since this latent capacity for repression
was present all along.
In addition to contributing to social movements, criminology, and law and

society scholarship, our adaptation of decomposition methods can be applied
to an array of questions in the social sciences.We argue our expansion of de-
composition allows researchers the ability to parse observed changes over time
that may be due to processual shifts and/or changes in the frequency of differ-
ent characteristics. The models we showcase (for categorical outcomes and/
ormodelswith continuous grouping variables) expand the research capacities
of existing decompositions methods, which we return to in our conclusion.

FORCES OF CHANGE RECONSIDERED

There are several potential explanations for changes in protest policing over
time. As we outline in figure 1, panel A, changes could be driven by changes
within policing (the police-centeredmodel), changeswithin protest (themove-
ment society model), or by some discernable mix of these influences.

Police Perception of Protest: Threat and Weakness

Themost researched influence on repression is how authorities perceive pro-
test, particularly in terms ofwhether authorities feel threatened by it (McAdam
1982; Davenport 1995, 2000, 2007; Earl, Soule, andMcCarthy 2003; Earl and
Soule 2006). Some researchers have focused on threats to political elites, for ex-
ample arguing that protest events pursuing radical goals should pose a greater
threat to the status quo and therefore to elites (McAdam 1982; Bromley and
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Shupe 1983; Earl et al. 2003; Earl and Soule 2006). Others have focused on
threats that are specific to police, such as threats to the public order that po-
lice are tasked with maintaining. For example, some have pointed out that
the presence of counterdemonstrators poses a greater threat to public order
as opposing sides squaring off with one another (Earl and Soule 2006; see
also Beyerlein, Soule, andMartin 2015). Other studies have examined char-
acteristics that may threaten both political elites and police, such as larger
protest sizes and the use of confrontational tactics like sit-ins or building oc-
cupations (McAdam 1982, 1983; Earl et al. 2003; Earl and Soule 2006; Dav-
enport et al. 2011). The general claim is that when authorities perceive a pro-
test to be threatening, they aremore likely tomonitor it and react harshly to it.
Importantly, though, prior research shows that authorities’ perceptions of

threat, including police perceptions of threat, are not automatic or inherent
responses to objective threats. Rather, authorities see protest through a car-
nivalmirror inwhich characteristics that connect with core stateweaknesses
are amplified while other seemingly serious objective threats that touch on
core state strengths may be underestimated (Boudreau 2005).
Since authorities’ perceptions of threat are socially constructed, they also

can change over time. For instance, in the United States, rock, bottle, and
brick throwing came to be viewed as more threatening by police following
national reports in the later 1960s that cast throwing objects as a harbinger
of rioting (Earl and Soule 2006). Soule andDavenport (2009) test for changes
in the importance of perceived threats such as protest size, property damage,
the presence of counterdemonstrators, radical goals, tactical variety, and
confrontational tactics before and after 1969. Research byReynolds-Stenson
andEarl (2021) allows the relationships between threats and police behavior
to vary across time evenmore than Soule andDavenport (2009) and identify
a potential trend in which increasingly rare protest characteristics are seen
as more threatening and deserving of police attention even if they were not
seen as threateningwhenmore ubiquitous. Davenport et al. (2011) argue that
Black protest was seen as threatening by police during some time periods in
the larger period we study in this article, although not uniformly across the
entire period . In figure 1,we include perceptions of threat under “authorities’
perceptions of protest characteristics.”
While not nearly as supported as the threat thesis, some scholars have ar-

gued that the perceived “weakness” of protesters and/or protest events by po-
lice is consequential. The core claim is that states, and police as their frontline
control agents, will only repress when they believe they can win (Gamson
[1975] 1990). Weakness has been operationalized in a wide variety of ways,
from underrepresented demographic groups that lacked access to significant
social and/or political power (Stockdill 1996; Earl and Soule 2006;Wood 2007),
to college students, or to protests occurring when press attention was particu-
larly low since there would be fewer actors monitoring police action (Wisler
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andGiugni 1999; Earl, Soule, andMcCarthy 2003; Earl and Soule 2006). In-
cluded in this work is research arguing that African-American and othermi-
nority protesters are perceived as more vulnerable to policing, owing to a
lack of political representation and redress (Earl et al. 2003; Earl and Soule
2006). But there has been far less support found for weakness-based expla-
nations of protest policing (Earl 2011), save work by Stockdill (1996) and
Wood (2007).

That said, like threat, what police perceive as weakness likely varies, as
may the intensity of weakness in influencing police behavior. For instance,
some have argued that weakness should conceptually matter early in a pro-
test cycle, but not later, although their findings (Reynolds-Stenson and Earl
2021) show poor support for weakness across the board (Reynolds-Stenson
and Earl 2021).4 We also include this influence under “authorities’ percep-
tions of protest characteristics” in figure 1.

Changing Protest Policing Protocols

The other major line of research in the protest policing literature has exam-
ined the change in protest policing protocols fromwhatMcPhail,McCarthy,
and collaborators called escalated force to negotiated management (McCar-
thy and McPhail 1998). Escalated force is a protest policing strategy where
police respond forcefully and swiftly to stop as much protest as possible.
Shown first in research on the United States, this work argues that law en-
forcement made a major shift in model protest control strategies in the late
1960s and early 1970s, experiencing a sea change away from escalated force
by 1975 (McCarthy et al. 1999). When escalated force dominated, the police
swiftly turned to violence and attempted to stop as much protest as possible.
Indeed, protest policing during the era of escalated force consisted of police
ignoring or disregarding First Amendment rights for demonstrators, failing
to (or refusing to) communicatewith protesters, andquickly (sometimes even
preemptively) arresting protesters (McCarthy and McPhail 1998).

However,when negotiatedmanagement became the dominant protest con-
trol strategy in the early 1970s, this best-practicemodel attempted tominimize
the likelihood of protester or police violence and to de-escalate but not entirely

4 As noted earlier, some scholars classifyminority presence as a threat indicator and others
as a weakness indicator. Still others see minority presence as a combination of threat and
weakness, arguing this combination uniquely drives repression (Stockdill 1996; Wood
2007). However, quantitative studies have generally failed to find evidence of this argu-
ment, so we do not test for the interaction here. In fig. 2, we include minority presence un-
der weakness instead of threat because our variable includes a variety of groups that were
more vulnerable to overpolicing in our study period, but not all of those groups would
have been seen as threatening.
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forestall or eliminate, protest. Under negotiated management, respecting
protesters’ First Amendment rights became a primary police goal that had
to be balanced against public order. Police also began to accept tolerable lev-
els of disruption, communicated extensivelywith protesters (e.g., discussions
over protest permits), andminimized arrests and the use of force (McCarthy
and McPhail 1998; Schweingruber 2000), even while developing a prefer-
ence for arrests over force when escalation was required. More generally,
della Porta and Reiter (1998) have argued that this shift in protest policing
reflected deeper changes in police knowledge and culture and was a key
component of the modernization and professionalization of police in demo-
cratic societies.
There are several implications of this line of research for understanding the

factors driving observed police presence and response at protests. First, the
goal under escalated force was to stop protest, which means that its mere ex-
istencewas viewed as a problem. This implies that police would have tried to
showup at asmany events as they could and that threat andweaknesswould
not matter as much because police were trying to stop all protests, not just
threatening or weak ones. Likewise, if the dominant approach is to use vio-
lence to try to stop all protests, then threat and weakness should not matter
much to explaining police action at protests once the police show up. More
formally, the switch betweenprotest policing protocols should impact the rate
of police presence and action, net of protest characteristics or police views of
those characteristics, with the rate of police presence andmore significant po-
lice actions being higher under escalated force than negotiated management
(see fig. 1, panel A, “model protest police practices”).
But we should not expect changes to manifest immediately in the early

1970s, even though McCarthy et al. (1999) argue that the shift was largely
complete by 1975. Researchers have found that the diffusion of negotiated
management practices was not consistent across cities (Rafail 2010, 2013)
and its adoption was anything but straightforward (Rafail, Soule, and Mc-
Carthy 2012). This implies that changesmay occur over a longer period start-
ing in the early 1970s but potentially take a decade or even longer to cement
nationally. Thus, one might observe not the sudden shift in relationships em-
bodied in Soule and Davenport’s (2009) pre-1969 versus post-1969 shifts in
coefficients, but more gradual shifts.
Moreover, as negotiated management shifted police toward de-escalation

as a goal and away from preventing or ending protests entirely, one might
expect that the relationship to threatwould become stronger. In otherwords,
embedded in the switch from escalated force to negotiated management is a
prediction that “threatening” protest characteristics, such as those discussed
in the prior section, should becomemore salient in explaining protest policing
as police moved away from opposing all protest and toward making distinc-
tions between “good” and “bad” protesters, targeting and tailoring responses
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accordingly. Thus, best-practice models affect not only the expected rate of
various police responses net of changes to protest or police perception of threat
and/or weakness (see fig. 1, panel A, “model protest police practices”), but also
the perceptions of threat fig. 1, panel A, “authorities’ perceptions of protest
characteristics”). Any other changes in police culture and organization—such
as a focus on police professionalism—or changes in police knowledge (della
Porta andReiter 1998) that occurred in this periodwould also be captured in
this same part of our model.5

It is important to note that another view of this transition leads to similar
predictions. Some have argued that in the switch from escalated force to ne-
gotiatedmanagement, line officers lost discretion in how they handled protest-
ers, being forced by police supervisors to restrain their behavior and calibrate
it to specific protesters’ provocations. When discretion is broad, statistical re-
lationships are likely weak because individual officers may act for so many
reasons. But, when supervisors reduce discretion for line officers, the impact
of threat and/or weakness should be much clearer as these are expected to
drive supervisory decision-making.6

The Institutionalization of Protest

Although many have focused on the policing influences driving changing lev-
els of repression, we argue that the impact of the institutionalization of protest
in its own right hasbeen given short shrift. Protester behavior has changed sub-
stantially over time.7 Scholarship shows social movements becamemore “insti-
tutionalized” between the 1970s and 1990s in the United States, as McAdam,
Sampson, et al. (2006, p. 1) argue: “Since 1980 there has been a marked trans-
formation of the movement form to the point where public protest is now
largely peaceful, routine, suburban, local in nature, and initiated by the advan-
taged.”While Soule andEarl (2005) show that large protests are increasingly

5 Whilewe go far beyond prior research in parsing the role of these various influences, it is
not yet possible for us to statistically parse police perception, changing police protocols,
vs. other internal policing shifts that influencedwhat police viewed as threatening, weak,
etc. We discuss this further in the methods section.
6 Aswe discuss later, the police perception componentmeasures shifts in the significance and
magnitude of coefficients measuring the relationships between protest characteristics and
police action over time. This theoretical approach predicts increasingly numbers of signifi-
cant coefficients and larger magnitudes tying specific threats to police reaction over time.
7 We recognize work that has tried to tie changes in protest behavior to policing and has
viewed the relationship between protest and police behavior as bidirectional.We think in-
corporating this idea into future research holds great promise but it does notmake it either
impossible or less important to know howmuch changes in protest characteristics—what-
ever the sources of those changes—impact changing police behavior over time.
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common, they also show that protests increasingly used insider tactics and
reduced the use of confrontational protest tactics over time, with similar
shifts corroborated by other researchers (McCarthy andMcPhail 1998; Meyer
and Tarrow 1998). Indeed, Tarrow (1994) describes this as a transition to a
conventional repertoire of participation in which protest is more frequent,
less sporadic, more socially, politically, and demographically diffuse, more
professionally organized, and more apt to adopt routinized actions, includ-
ing applying for permits and informing police of planned civil disobedience
ahead of time. Many describe these changes as part of the development of
“movement societies,” in which protest becomes a common form of political
engagement and expression.
The professionalization of the social movement sector is at least a feature

of movement societies, but perhaps also a contributor (Meyer and Tarrow
1998). Whether part of, or contributing to, movement societies, Staggenborg
(1988) shows thatmany social movement organizations (SMOs) were profes-
sionalizing during this time by formalizing leadership structures, revising
goals, and reconsidering tactics.Alongwith greater access for SMOs tomain-
stream political institutions, professionalization contributed to the institu-
tionalization of the broader movement sector (Meyer and Tarrow 1998).
Whether one focuses on movement society theory, professionalization, or

other causes for the institutionalization of protest, there is no doubt that the
protest sector changed over this period and that these changes likely im-
pacted protest policing (see fig. 1, panel A, “movement society model”).8 Just
as it is argued that police react to keep up with tactical innovations (McAdam
1983), it is important to consider that police may also react to protest at a
macro level less when protest becomes more institutionalized and less tacti-
cally innovative. This macro effect would reflect overall differences in the
prevalence of police responses due to large-scale shifts over time in aggregate
protest characteristics. In otherwords, amovement society explanationwould
argue that when aggregate protest characteristics shift, this will impact aggre-
gated levels of police responses net of any shifts internal to policing.Akey claim
is that what social movements objectively present to police changes; these
changes need to be examined alongside and against the impacts of changes
within policing. However, it has been difficult, until now, to quantitatively

8 While we recognize that a common way of dynamically analyzing protest policing is to
examine tactical substitution in which repression at time 1 influences tactics used by pro-
testers at time 2, which in turn influences repression at time 3, we do not examine these
kinds of feedback processes. Instead, ourmodels ask a different and novel question:What
percentage of observed changes in police presence and action can be attributed to chang-
ing relationships (i.e., changing coefficients) vs. compositional changes (i.e., changing dis-
tributions of protest characteristics).
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compare the influences summarized in the police-centered model to these
movement society influences.9

DECOMPOSING CHANGES IN OBSERVED POLICE
PRESENCE AND ACTION

The central questionwe raise iswhat share of observed changes in police pres-
ence and action can be attributed to each model shown in figure 1, panel A?
Since the empirical answer to this question is likely amixture of both influences,
we develop a series of hypotheses about how responsibility is distributed be-
tween these sources.However, each kind of police response—presence, arrest
and/or violence—should be affected differently (Earl, Soule, and McCarthy
2003). Therefore, in developing hypotheses about the relative influence
of policing-related versus protest-related changes, we develop separate hy-
potheses for police presence, and when present, the use of arrests, violence,
or both.

Police Presence

We expect that changes in aggregate protest characteristics will be more in-
fluential than shifts within policing in explaining changes over time in police
presence at protests. The principal rationale for this is that we suspect that
there are some protest characteristics—like property damage, violence, and/
or the presence of counterdemonstrators—that would prompt police pres-
ence in any period and under either escalated force or negotiated manage-
ment because they are likely to generate “calls for service” that lead to police
presence, even if police had not planned to attend beforehand. Put in stark
terms, if 100% of protests included violence, property damage, and/or coun-
terdemonstrators, we would expect police to attempt full coverage of protest

9 Existing research on protest policing has recognized that police and protester action
(Lichbach 1987; Oliver and Myers 2002; Earl 2003, 2011) and innovation (McAdam
1983) are dynamic and mutually referential, which has made prior attempts to tease out
responsibility difficult (but see Rafail et al. 2012). These difficulties occur despite a tradi-
tion of work studying the larger dissent/repression nexus (Davenport, Johnston, and
Mueller 2005; Davenport 2007) that treats police and protesters as interactive and respon-
sive to one another. When these reactions are modeled in the larger literature, modeling
tends to focus on how the probability that the next state-protester encounter is affected
by recent encounters (e.g., Lichbach 1987;Moore 1998), not how overall changes in aggre-
gated state behavior at protests shift in reaction to larger aggregate shifts in protester be-
havior, as we study. Our approach represents a new way of understanding these two
broad causes of changes in observed police behavior that is less focused onmicro-level re-
actions and more focused on how larger macrolevel shifts in policing and the protest sec-
tor come together to impact police behavior. We hope future research integrates our new
approach and this older tradition.
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events, even if doing so would be a struggle, and nomatter what time period
or under what best practices these protests occurred. Likewise, if no pro-
tests included violence, property damage, and/or counterdemonstrators, we
would expect police would attend far fewer events no matter the time period
or set of best practices in place. Thus, even net of police perceptions and dis-
positions for how to respond, aggregate protest characteristics should be
very consequential.
However, we do not think that changes in policing are irrelevant. One of

the hallmark elements of escalated force was that, as an approach, it focused
on the elimination of protest. However, as protest became more common
across the 1960s—making any specific protest less threatening, spreading po-
lice resources out across far more events, and perhaps forcing more choices
aboutwhich protests to even attend—departments began to shift to the nego-
tiated management approach. In this approach, the goal was not to stop pro-
test, but rather to de-escalate events while also protecting free speech and as-
sembly rights. This should have made police more selective about the events
that they attended andmade specific threats, such as large protests, more im-
portant to police perceptions. But we do expect the balance of influence to tip
toward protest characteristics:
HYPOTHESIS 1.—Shifts in aggregate protest characteristics will account

for a larger percentage of the observed variation in probabilities of police
presence over time than shifts in policing.
In terms of time trends, we expect that shifts within policing will impact

observed protest policing more during the transition from escalated force to
negotiatedmanagement (roughly the several years leading up to 1975) as these
shifts destabilized police responses and reoriented police decision-making.
But, once the transition to negotiated management had largely taken hold,
even if not fully settled nationally (Rafail 2010), we expect changes in aggre-
gate protest characteristics to ascend in importance as the institutionalization
of protest increases:
HYPOTHESIS 2.—Shifts in policing will explain a larger share of police pres-

ence in the years directly leading up to 1975 than in later years when shifts
in aggregate protest characteristics will be more influential in explaining po-
lice presence.

Arrests

Once police attend a protest event, they have a range of tactical options avail-
able, from doing nothing other thanmonitoring (the reference category in our
regressionmodels below) to using violence and/ormaking arrests.Making an
arrest without also using violence is an important strategy because it suggests
that police are using restraint when intervening in the protest, hoping to not
escalate it through their use of violence.While negotiatedmanagementwould
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aim for a protest inwhich police could simplymonitor while protestmarshals
self-police events, if a protest does require intervention by police, arrests
would be preferred to violence. This suggests that changing protocols should
be more responsible for changing levels of arrests at protests across time and
this should be especially true as negotiatedmanagement began its longmarch
toward more widespread adoption, roughly beginning and continuing past
the early 1970s:

HYPOTHESIS 3.—Shifts within policing should play a larger role than
shifts in aggregate protest characteristics in explaining the use of only ar-
rests at protests over time.

HYPOTHESIS 4.—The larger role of shifts within policing in explaining the
use of only arrests should begin in the early 1970s as negotiated management
began to be consolidated and continue as negotiated management diffused.

Other possibilities would contribute to similar expectations. For instance,
as negotiated management reduced discretionary violence by police, officers
may have turned toward more legalistic forms of discretion, namely arrests.
Although arrests are often as disruptive as violence to protesters and move-
ments (Earl 2005), they are often perceived as a less coercive option for police
(McCarthy, Martin, andMcPhail 2007). Thus, another possible relationship
may be that police were increasingly responsive to protest characteristics in
their use of violence, while using more “soft discretion” when arresting pro-
testers, which again predicts that shifts in policing explain a larger share of
changes in arrests.

We acknowledge that other researchers might have alternative predic-
tions. For instance, social movements may use more strategic civil disobedi-
ence (which involves planned and sometimes even choreographed arrests) to
draw media attention and support for their causes (Sandora and Petersen
1980; Brothers 1985;McCarthy andMcPhail 1998). This viewwould say that
changes in aggregate protest characteristics are driving changes over time in
the use of arrests. Fortunately, our results will be able to parse between these
two competing accounts.

Police Violence Alone and with Arrests

Oneway to think about the sole reliance on violence by police at protest events
is that violence should be a tool of last resort. Police argue that, if pushed far
enoughby specificprovocations, violence is the proper reply. In this view, shifts
within protest would strongly control the use of violence because police would
use violence when protests “forced” their hand but try to refrain otherwise.

But two other alternatives would suggest that shifts within policing should
bemore responsible for changes in the frequency of police violence over time.
First, negotiatedmanagement reduced the desirability of violence as a protest-
control strategy,which should reduce its rate of occurrence, net of changes in
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protest or police perception of threat and/or weakness. Second, sole reliance
on violence represents the fullest expression of line officer discretion because
the use of violence on its own (without arrests) suggests that violencewas not
used to aid in arrests or otherwise gain control of a situation, but rather for
other means (dispersion of protesters, loss of control, self-defense, retribu-
tion, etc.). This interpretation would expect police violence to also decrease
over time as changes within law enforcementmade police violence relatively
less discretionary.
While all these views have somemerit, we also argue that police are highly

likely to respond to some protest characteristics with violence when push lit-
erally comes to shove, making changes in aggregate protest characteristics
more important. Thus, more formally we expect the following:
HYPOTHESIS 5.—Shifts in aggregate protest characteristics will be more

responsible for explaining exclusive uses of violence over time.
HYPOTHESIS 6.—Shifts within policing will become increasingly responsi-

ble for explaining exclusive uses of violence during the rise of negotiated
management.
Hypothesis 5 is consistent with work that argues that police never fully re-

jected escalated force as a strategy but simply used it as a front-line strategy less
often (Vitale 2007). We expect that police uses of violence with arrests may
have similar dynamics, but with some blending of the influences on arrests.

METHODOLOGICAL ANALOGIES

Although we detail our data andmodeling procedures shortly, discussing the
connection to a well-known method—Kitagawa-Oaxaca-Blinder (KOB) de-
composition (Kitagawa 1955; Blinder 1973; Oaxaca 1973; Jones and Kelley
1984; Jann 2008)—clarifies howwedecompose observed changes in police re-
sponses into statistical “components” (i.e., specific elements of the regression
equation) and then regroup those components into “parts” based on substan-
tive theoretical concerns.KOBbecame popular in research onwage gaps and
relies on the estimation of the same regression model on split samples (e.g., a
regression for men’s wages and another for women’s wages in wage-gap re-
search). Blinder (1973) showed that these split sample regressions differ from
one another in their intercepts, in their coefficients (e.g., coefficients for edu-
cation or experience), and in the mean value of each group on these variables
(e.g., men’s mean educational attainment vs. women’s mean educational at-
tainment). Each of these three are referred to as statistical components but are
grouped based on substantive theories into different “parts.”10

10 This is a general property of KOB: statistical components refer to the three specific el-
ements that can vary between regressions, but parts refer to groupings of these compo-
nents in ways that have theoretical meaning.
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More concretely, as depicted in figure 1, panel C, one statistical compo-
nent inKOBapplied towage gaps captures differences in “returns” in wages
for human, social, and/or cultural capital across different populations. These
differences in returns are measured by the difference in “effects” or, more
technically, differences in the coefficients across groups in regression models
for variables such as education, work experience, or having children (Kil-
bourne, England, and Beron 1994). Among other names, this is called the
“coefficients-vary component.” It is one of two components that make up
the “unexplained part,”which refers to the interpretation of this part (where
unexplained refers to presumptive discrimination), not its statistical proper-
ties. The other component of the unexplained part accounts for differences
in intercepts between the split sample models, thought to also arise from
discrimination.

Importantly, though, since there are only three components to be grouped,
wage-gap research features one component—“the explained part” (again,
not named in this way for statistical reasons)—that is ungrouped, making
up its own “part.” In wage-gap research, this component acknowledges
population-level variation in such things as the average amount of human, so-
cial, and cultural capital held by men and women (i.e., “differences due to en-
dowments”).11More generally inKOB, this “compositional component” reflects
the proportion of the outcome attributable to differing mean characteristics
across the split samples. Putting this together inwage-gap research, these three
components (differences in intercepts, differences in coefficients, and differ-
ences in mean group values) parse what part of an observed outcome (e.g., a
wage gap) is due to the effects associated with direct wage discrimination
(the unexplained part, made of differences in intercept and differences in
the coefficients) versus other social processes (the explained part, made of
compositional effects from different mean group values on various kinds
of capital).

As we discuss in more technical detail in the modeling section, we make
two important mathematical alterations to KOB, drawing on existing but
unintegrated work. First, we alter the decomposition to make comparisons
across multiple groups possible, allowing us to use year as the grouping var-
iable (whereas gender is the grouping variable in awage-gapKOB). The sec-
ond change allows us to model police action as a categorical dependent var-
iable; KOB models a continuous dependent variable, wages.

With these adjustments, we ask how to partition the influences leading to
variation over time in the likelihood of police attending protests and of tak-
ing different actions if they attend a protest. Below, we argue that these

11 For instance, if education provided a constant positive return across time to women
while women as a group were becoming more educated relative to men, the wage gap
would decline even though education’s “return” had not changed.
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changes in police presence and action across time can be broadly decom-
posed into the same three mathematical components (see fig. 1, panel B).
As in wage-gap research, we categorize these three mathematically distinct
components into two theoretically defined parts: we understand our models
to include a policing part (which includes statistical components attribut-
able to differences in coefficients and differences in intercepts) and a protest
part (which includes the statistical component attributable to differences in
the prevalence of different protest characteristics).12

In terms of interpretation, the unexplained part inwage-gap research (the
coefficients-varying component and differences in intercepts) measures how
much higher women’s income would be if they received the same rate of
return for their human capital as men and had a similar base pay (allowing
for a moment an oversimplification of the interpretation of the intercept, see
Noonan, Corcoran, and Courant 2005). In our models below, the analogous
part—the policing part—calculates the difference in the likelihood of a par-
ticular police action between two years, given the characteristics of the sec-
ond year but using the coefficients and intercepts for each year (i.e., it holds
the aggregate protest characteristics constant; see lower right corner of fig. 2).13

The difference between these two likelihoods represents the difference due
solely to changes in how police are reacting to protests, as represented by
changes in the coefficients predicting use of force at protests (fig. 1, panel B,
“authorities’ perception”) as well as differing basal rates of responses as rep-
resented through different intercepts for each year’s models (fig. 1, panel B,
“model protest policing”).
The protest part in our analysis focuses on aggregate changes in protest

characteristics (analogous to changes to mean capital levels between groups
in a wage-gap decomposition), calculating the differences in probabilities of
various police reactions due solely to differences in the characteristics of pro-
tests and other contextual variables included in the model. In other words,
this part gives the difference in the predicted likelihood of a particular police
action between two years, given the characteristics of each year while using
the coefficients and intercept from the first year for both years’ predictions

12 Technically, in decomposition one must also decide where to partition the effect of
changing intercepts. We argue for placing these in the policing component because policing-
side changes should influence the basal rate at which police respond to any protest or use spe-
cific kinds of tactics, net of protest characteristics.We acknowledge that intercepts can include
a variety of influences, but since they speak to the basal rate, we think they are more appro-
priately classified within the policing component.
13 For example, comparing the difference in police use of force between 1976 and 1965,
this component calculates a predicted likelihood for 1976 using 1976’s coefficients and
intercept but the average values of the independent variables from 1965. It also calculates
a predicted likelihood of police using force for 1965, using 1965’s coefficients, intercept,
and average values of the independent variables.
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(i.e., it holds coefficients and intercepts constant; see lower right corner of
fig. 2).14 In other words, this part examines how police responses should vary
based on how often police experience a specific protest characteristic, if one
assumed a constant reaction to the same protest stimuli.
In the end, the adaptations we detail to KOB shortly allow us to parse

what percentage of shifts in observed police responses to protest are attrib-
utable to different parts (and different underlying components), answering
a question that was previously unanswerable about the relative impacts of
changes in policing versus protest characteristics.15 Our method also allows
coefficients to change over time, which is important given that recent re-
search has shown that many protest policing relationships are not tempo-
rally stable (Reynolds-Stenson and Earl 2021). This also provides other im-
portant payoffs theoretically as our approach allows us to analyze how both
changes in policing and in protest affect observed police behavior at a more
macro level, compared to prior work that has conceptualized this relation-
ship as amoremicrolevel effect involving the influence of the current protest
(and police action at it) on the next protest. As we discuss in the conclusion,
researchers interested in parsing any categorical change across time can use
our modeling techniques and follow our lead by laying out what differences
are attributable to differing intercepts, differing coefficients, and different
mean levels of independent variables and then categorizing these three com-
ponents into two parts that are theoretically meaningful and interpretable.

DATA

We use the DoCA data set (McAdam, McCarthy, et al. 2009) to test our as-
sumptions. The DoCA data set consists of 23,616 protest events reported on
in theNew York Times between 1960 and 1995. To count as an event, there

14 For example, comparing the years 1976with 1965 for arrest only at a protest, this would
calculate a predicted likelihood for 1976, using the average values of the independent var-
iables in 1976 and the coefficients for 1976, and then do the same using the average values
of the independent variables in 1965 while continuing to use the coefficients for 1976.
15 KOB represents a much cleaner and more parsimonious way of estimating influences
on the wage gap compared to running regressions estimating wages from individual em-
ployees’ human, social, and cultural capital, separately estimating time series models of
the impact of aggregate human capital levels on aggregate wages by gender, and then try-
ing to adjudicate which matters more across broadly incomparable models. The same is
true for our adaptation of KOB models: since we believe changes in coefficients and in-
tercepts (the police part) and changes in protest characteristics (the protest part) both
matter, it would be suboptimal to run separate models of policing influences and protest
characteristic influences and then attempt to adjudicate their comparable contributions.
Moreover, we argue that there are substantial benefits from being able to model these dif-
ferent kinds of influences together, which is why we build on the well-known and trusted
KOB approach to such situations.
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must be some form of collective action (as opposed to individual action) pursu-
ing change in some social institution. Coders assessed a variety of measures
based onwhatwas reported in the newspaper (more information about specific
measureswe use here are discussed below). In this data set, the event is the unit
of analysis, so multiple articles about the same event are coded together.

We reduce the data set in twoways. First, we drop protests that took place
in total institutions (e.g., protests in prisons or where the participants are
prisoners) since the policing dynamics likely differ in those circumstances.
Second, we drop events that did not take place in NewYork State. Newspa-
per data on protest events are prone to a variety of possible biases (Earl,
Martin, et al. 2004), chief of which is geographical proximity to the newspa-
per (Beyerlein et al. 2018; Rafail, McCarthy, and Sullivan 2019). By limiting
our analysis to those events within the state of NewYork, we reduce the po-
tential impact newspaper reporting biases might have on our results. Al-
though we focus on New York, we still capture the variability in the adop-
tion of negotiated management identified elsewhere (Rafail et al. 2012), as
there was considerable variation in protest policing practices across the state
during this time period (Reynolds-Stenson and Earl 2021). This reduces the
number of events in our analyses to 7,402.

As a robustness check, we also ran our models without restricting the
DoCA data to NewYork events (although we still excluded protests in total
institutions). These results, reported in appendix figure A1, largelymatch the
findings from the New York State–only sample. We present the New York
State–only results, but we discuss the similarities and differences between
the models in more detail below. These adjustments have been undertaken
in other work using this data set to examine repression (e.g., Earl et al. 2003)
or have been done as checks on findings when the entire set is used (Walker,
Martin, and McCarthy 2008).16

Measurement

We have two dependent variables. The first is whether police were report-
edly present at the protest event.Our seconddependent variable is a categor-
ical variable indicating whether police were reportedly (1) present but took
no action, (2)made arrests at the event, (3) used force at the event, or (4)made
arrests and used force. We use police attendance with no further action as
our reference category for our multinomial logistic regression analyses. Both
dependent variables are directly coded in the originalDoCAdata set for each

16 Given that so many protest events in the DoCA data set are located within New York
State, as an additional robustness check, we also reran themodels without anyNewYork
State protests so that NewYork State protests could not disproportionately influence the
results (see fig. A2). Results were again substantially similar.

Softer Policing?

1329



protest. Figure 3 graphs the distribution of both variables across time, dem-
onstrating ample nonmonotonic temporal variation to be explained. Police
presence, presence with no action, police violence, and police violence with
arrests rise and fall more than once across the observation period; arrests be-
come more common across time, but not stably so.

FIG. 3.—Observed police presence and police action over time
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In order to estimate the policing part for each dependent variable,which is
calculated based on changes in intercepts and coefficients inmodels of police
presence and practice, we must measure the independent and control vari-
ables commonly used in research on protest policing to capture the major
competing explanations and include them in our models. As indicated on the
left-hand side of figure 2, to measure police threat we include a measure of
the logged number of protest participants and the number of different tactics
used in the event.17 We also include a series of dummy variables for whether
the eventwas a rally,whether the eventwas a riot,whether the event included
confrontational tactics (coded as yes when the tactic included civil disobedi-
ence, attacks, riots, strikes, and other violent conflicts), whether there was
any property damage reported, whether participants resorted to violence,
andwhether counterdemonstratorswere also present. These are all standard
measures of threat that have been used in prior examinations of protest po-
licing (Earl 2011).

To measure elite threats, we include a dummy variable for whether the
event included radical goals (following the operationalization outlined in
Earl and Soule [2006]; see the appendix for details); a count of the number
of different goals expressed at the event; the number of different targets of
the event; a dummy forwhether the statewas an explicit target; and the num-
ber of targets.

To measure weakness, we include dummies for whether minorities were
reported to have participated,whether college studentswere reported to have
participated, and the number of SMOs that participated in the event, which
would be zero when no SMOs were present.18 We acknowledge that other
scholars have classified different versions of minority presence as a threat
variable instead.We include it as an indicator of weakness because we think
the vulnerability of groups to overpolicing during this period included in our
minority variable is more salient than threat across these groups. But, our
choice of labeling as weakness or threat doesn’t affect its performance in
ourmodels or findings.We also include a count of events covered on the front

17 In the original data set, participation numbers could either be entered exactly, if exact
numbers of participants were reported, or a broader estimated category of size could be
entered when exact numbers were not reported, but coverage still contained information
about the size of the protest. We assign exact numbers of participants to one of the broader
categories and then calculate a mean number of participates for each category. For those
cases with only estimated numbers, we assign the mean exact value for the size category
the eventwas coded as.Weuse these estimates as ameasure of protest size. In the regression
analysis, we use the natural log of protest size.
18 An event was coded asminority if any participants were described as one of the follow-
ing: undifferentiated ethnic or racial minorities, Black or African-American, Mexican or
Hispanic, Puerto Rican, Cuban, Asian, Pacific Islander, Asian Indian, Caribbean, Arab
or Middle Eastern, Native American, immigrant, people of mixed race, or poor people.
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page of theNewYork Times in the prior 28 days.19 These are alsomeasures of
weakness that are established in existing research (Wood 2007; Stockdill
1996; Davenport et al. 2011).
As controls, we include political climate, measured as the percentage of

Democratic voters in the state of New York, with nonelection years interpo-
lated; the logged number of days the event lasted; and the logged number of
paragraphs in the reporting articles.20We also have to include several variables
as part of accomplishing our modeling strategy: year, year-squared terms, and
their interactions with other variables in all models (as required by our decom-
position technique, discussed below, in figure 2, and the appendix).

MODELING

Figure 2 outlines the flow of our analysis, with more details in this section
and the appendix. To broadly summarize, we include all of the above vari-
ables in a probit model of police presence and then use the same variables in
a multinomial logit on police action, but using only protest events at which
police were present. Both regressions are performed in R (R Core Team
2016); the multinomial logistic regression uses the multinom function in the
nnet package (Venebles and Ripley 2002). Results for these models are avail-
able in the appendix.We then use ourmodifications to decompose the results,
as outlined in figure 2, which is the focus of our findings section.

Mathematical Modifications to KOB

We cannot useKOBdecomposition directly because it assumes a continuous
outcome variable (e.g., income) and a binary grouping variable (e.g., male/
female). Thus, as briefly introduced above, wemake twomodifications to re-
lax these assumptions for use in the context of a binary or categorical outcome
variable and continuous grouping variable. In our first modification, we fol-
lowUlrick (2012) to generalize to a continuous grouping variable. This is nec-
essary because, unlike studies concerned with decomposing differences in
outcomes across two groups (e.g., men andwomen), we are decomposing dif-
ferences in outcomes acrossmany years. Thismodification requires running a
singlemodel with all independent variables interacted with some polynomial
form of the grouping variable. For our purposes, our grouping variable is the

19 Although otherwork has used a 30-daywindow,we use 28 days so that all thewindows
include the same number of weekdays and weekends to make them more comparable.
20 We investigatedwhether the number of paragraphsmay exhibit endogeneity in ourmod-
els. We found no evidence in our model for police presence, but we did find some evidence
in themodel for police actions. However, whenwe generated results excluding the variable
for number of paragraphs, the resultswere substantively similar to the results presented.As
a result, we are confident that endogeneity is not biasing our substantive findings.
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year the event took place. In the regressions, we transform year so that
0 5 1959. We interact our independent variables with the year variable in
both the probit regression and the multinomial logistic regression. We do
not want to assume that any changes in the coefficients of our independent
variables are strictly linear, so we also interact the variables with a year-
squared term. The appendix contains further details, calculations, and for-
mulas for this modification.

Our second modification involves generalizing decomposition to a binary
outcome variable. Whereas decomposition is often used to explain continu-
ous outcomes such as salary, we are interested in explaining the presence or
absence of specific police responses (e.g., attending a protest). Following
Wolff (2012), we run decomposition on the latent log-likelihood variable that
underlies binary outcome models. To do this, we run the probit regression
model and calculate a predicted log-likelihood (Ŷ) value for each event. How-
ever, these predicted values may not be congruent with observed outcomes
(i.e., the value of Ŷ may be less than 0, but the observed binary outcome is
coded 1) and therefore we take steps to add random error, discussed in much
greater depth in the methodological appendix (Gourieroux et al. 1987). This
resulting multinomial regression is then decomposed for all outcomes except
no action, creating three sets of decomposition results (for arrests, violence,
and arrests with violence).

Selecting a Reference Year

Our decomposition technique requires us to choose a reference year that is
used for comparison with all other years. Some year-pairs have total differ-
ences that are too small to accurately decompose, as when police response
changed only very marginally from one year to the next. Other years yielded
parts with opposite signs, such that the protest part would predict a positive
difference (i.e., overpredict police responses) but the policing part would pre-
dict a negative difference (i.e., underpredict police responses), or vice versa.
In this case, the observed effect is some combination of these opposing forces,
but it is impossible to know in what proportion, which limits our ability to
answer our fundamental question. As a result, we searched for reference
years that minimized the number of these problematic year-pairs across
all four decompositions (police presence, arrest only, violence only, and ar-
rest and violence) and also yielded theoretically interesting comparisons
(i.e., years at the beginning or the end of the time period).

After examining all possible reference years and comparing the top alter-
natives, we determined 1976 to be the best reference year for analysis as it
best meets technical criteria while also having a theoretical meaning since
McCarthy et al. (1999) argue negotiated management was fully adopted
by 1975. We discuss this decision in detail in the appendix.
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FINDINGS

The overall story of thefindings, described inmore depth in the following sec-
tions, is threefold. First, aggregate protest characteristics, what we refer to as
the protest part, were most important, and far more important than the liter-
ature so far suggests. In every analysis, aggregate protest characteristics mat-
tered more than the policing part in explaining aggregate observed police be-
havior. It is clear that observed policing did not “soften” primarily because
law enforcement did, but because protest institutionalized. To illustrate our
findings for the overall decomposition for the entire time period,we generated
the pie charts show infigure 4 by graphing themean percentage explained for
each part for parsable years (i.e., total differences large enough to decompose

FIG. 4.—Average decomposition for 1960–95 for four outcomes (reference year 1976)
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and with parts with congruent signs; see the appendix for more detail) com-
pared to 1976. Full model results are available in table A1 in the appendix.

Second, the time trendswe expected to see in relation to the transition from
escalated force to negotiatedmanagement did not largely affect aggregate ob-
served policing. It would be possible to have the pie charts in figure 4 but see
time patterns in shifts between the dominance of the policing and protest
parts. But, as we show below in figure 5, the temporal shifts to negotiated

FIG. 5.—Decomposition detail, 1960–95
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management we expected to see were largely absent or even opposite than
expected.
Third, the role of police perceptions of threat and weakness in predicting

police behavior at individual protest events have changed over time as well,
but the effects of those changes on observed policing were swamped by the
effects caused by aggregate protest characteristics. That is, the pie charts
look as they do because changes in threat perception and the role of weak-
ness were overcome by the larger influence from shifts in aggregate protest
characteristics and not because everything inside the police part was stable.
Below, we discuss findings related to each hypothesis and develop these
three major findings.

Presence

Where police presence is concerned, we estimate that 52% of the difference
in the likelihood that police are present at protest events over the 1960–95
time period, compared to 1976, can be attributed to the protest part (see
fig. 4), while the remaining 48% is attributable to the police part, confirming
hypothesis 1. Results for models run on the entire U.S. sample show essen-
tially the same finding (shown in fig. A1), with 53% of observed shifts in po-
licing compared to 1976 due to aggregate protest characteristics and only
47% due to the police part.21

Figure 5 graphs the proportional difference in the likelihood of each form
of police action due to the protest versus police parts into two subplots. The
first subplot shows the years in which we are unable to parse the relative in-
fluence of the parts because the two parts had different signs.22 For instance,
early in the period, the police part would have overpredicted police presence
(while the protest part would have barely underpredicted observed police
presence) but the police part would have underpredicted police presence
later in the period (and the protest part overpredicted observed police pres-
ence compared to observed data).
The second subplot in figure 5 graphs the decomposition of the parsable

years. Results disconfirm hypothesis 2, which had predicted that the switch

21 Our findings for our second robustness check, which examined only non–New York
State events, were also substantially similar: 56% of observed shifts in police presence
were attributable to aggregate protest characteristics (and 44% due to policing); 70%
of the difference in the likelihood of police making arrests were attributable to the protest
part (with 30% attributable to the police part); for police violence, 60% of the changes
were due to the protest part (vs. 40% due to the police part); and for the maximalist strat-
egy of arrests and violence, 56% of the changes violence resulted from the shifts in the
protest part (with only 44% from the policing part).
22 There was also one instance where the change was too small to allow meaningful esti-
mations. See table A2 and the discussion of reference year in the appendix for more detail.
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from escalated force to negotiated management in the early 1970s would
strongly influence changes in police presence, although the protest partmight
subsequently become influential again as policing protocols settled over time
and protest institutionalized. Instead, the police part played a larger role in the
early 1960s (although it overpredicted police responses between 1961 and
1964) but then gaveway to the rapidly ascending influence of the protest part,
which played a dominant role through about 1980, when the policing part
again dominated until the beginning of the 1990s.

Importantly, the minority influence of the policing part is not because
nothingwas changingwithin policing. Indeed, threat perceptionwas not sta-
ble across time. For example, figure 6 reports on the coefficients associated
with confrontational tactics from the probit for police presence (i.e., main ef-
fects and time interactions; see table at bottom of fig. 6), the difference in
marginal probability for police presence if protesters use confrontational tac-
tics (second graph in fig. 6, which essentially represents the role of confron-
tational tactics in the police part because the probability it graphs changes as
a result of changes in coefficients and intercepts over time), and the preva-
lence of protests with confrontational tactics across time (top graph in fig. 6,
which essentially graphs the role of confrontational tactics in protest part). Ex-
amining changes in marginal probabilities, confrontational tactics always led
police to be more likely to attend specific protest events and that relationship
strengthened over time, from police being a little less than 25%more likely to
be present at a protest with confrontational tactics in the 1960s through late
1970s to almost 35% more likely to attend such events in 1990s. Given this
switch in probability, onemight think that the police part would be dominant,
but as the top graph in figure 6 shows, the use of confrontational tactics fol-
lowed the broad outlines of the 1960s–1970s protest cycle, spiking in the late
1960s, but remained near 30% for most years after 1976. Thus, even though
police were becomingmore sensitive to confrontational tactics over time, they
were not seeing as many protests with such tactics. In other words, a minority
of protest events used confrontational tactics after the peak of the cycle of pro-
test and this smaller share helps to swamp the effect of police becoming in-
creasingly sensitive to confrontational tactics across time.

Figure 7 is suggestive of the kinds of changes in threat perception thatmay
have been at work in the police part. It graphs the average number of tactics
used at protests across time (related to the protest part), shifts in marginal
probability (the police part), and coefficients. The shifts inmarginal probabil-
ity for police presence shown in the second graph demonstrate that police be-
came less likely to attend protests because of the usage ofmultiple protest tac-
tics, which suggests that multiple tactics became less threatening to police
across time. But the top graph depicts the relative stability of the average
number of protest tactics used in the protest sector across time. Combined,
this stability in the protest part for this characteristic would allow the police
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part changes depicted in the marginal probability graphic to matter in our
decomposition, contributing to the minority influence of the police part.

Arrests

As noted in hypothesis 3, we expected changes in the use of only arrests
would be primarily due to the police part, but our results show that changes
in the protest part weremore responsible for changes in the use of arrest. Fig-
ure 4 showed that, over the entire 1960–95 period, 57% of the difference in

FIG. 6.—Confrontational tactics and police presence
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the likelihood that, if present, policewill use only arrests is attributable to the
protest part, while 43%of the differencewas due to the police part. This ratio
was very similar (59% attributed to the protest part, 41% to the police part)
in the model using data on protests from the entire United States (see the
appendix).

One aspect of this dynamic may be that protests with characteristics that
made police less likely to use arrests (e.g., larger protests) becamemore com-
mon as protest institutionalized. As others have shown, large events became
more common with the rise of movement societies (Soule and Earl 2005).

FIG. 7.—Number tactics used by protesters and police presence
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Coefficients from ourmodels showed that larger protest sizeswere negatively
associated with police making arrests (compared to the reference category of
attending the protest but taking no further action, see coefficients in table A1).
It is worth noting, though, that figure 5 showed that arrests were harder

than other observed police responses to decompose because protest charac-
teristics often overpredicted arrests (i.e., arrests were made less often in ac-
tuality than the protest part would have predicted) and policing character-
istics often underpredicted arrests (i.e., arrests were made more often in
actuality than the policing part would have predicted; see first subplot for
arrests vs. being present but taking no other action). When years were able
to be decomposed, police effects mattered more during the escalated force
period and then again in the late 1980s, but the protest part dominated in
the intervening years, which disconfirms hypothesis 4. Still, given that fewer
years were able to be parsed into the decomposition, it is important to not
overstate findings on arrests.
But it is worth noting one signal that negotiated management may have

been having an influence. Negotiated management featured a requirement
for content neutrality, which meant that even though radical goals may
threaten elites, policewere not supposed to handle protestswith radical goals
differently than they handled events with more mainstream goals. Figure 8
graphs the frequency of protests with radical goals in the top panel and the
marginal probabilities of the reference category in police action models (do-
ing nothing except being present) and the three responses we modeled (ar-
rests, violence, and both). Although the content neutrality of negotiatedman-
agement was leading police to use arrests less at events with radical goals in
the 1970s, and increasingly so across time as presumably content neutrality
and negotiated management became more settled in policing, the frequency
of protests with radical goals was also declining. This decline of radical goals
in thisperiod coincideswith the increasingprofessionalization of SMOs (Stag-
genborg 1988). In other words, it may have been that changes due to shifts in
the police partmay have shownupmore in our decomposition if some protest
characteristics would have been more stable. But the overall impact of in-
creasing content neutrality by police on actual observed policing was blunted
by the decline in protest events with radical goals that would have tested con-
tent neutrality by police.

Police Violence

Turning to police violence without arrest, figure 4 showed support for hy-
pothesis 5, that shifts in the protest part will be more responsible for explain-
ing exclusive uses of violence: in fact, 61% of changes in observed police uses
of violence at protests resulted from shifts in aggregate protest characteris-
tics but only 39% from the police part. Results frommodels run on all protest
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FIG. 8.—Radical goals and police action



events in the United States showed the same pattern as 55% of the changes
were due to the protest part versus 45%due to the police part (see Fig. A1). In
either case, there is clear support for hypothesis 5.
Hypothesis 6, which anticipated that shifts within policing would become

increasingly responsible for explaining exclusive uses of violence during the
rise of negotiated management, was disconfirmed. Although violence had
many years that were not parsable, largely with the policing part overpre-
dicting violence and the protest part underpredicting police violence, when
we could properly decompose the two parts (the second subplot for violence
only in fig. 5), the time trend appears quite unexpected. Protest characteris-
tics, not policing,mattermore as negotiatedmanagement was expected to be
settling in, although the policing part regained influence by the late 1980s.
Again, our decomposition results should not be read as implying that ev-

erything within policing was stable, but rather that these changes were sim-
ply dulled by changes in aggregate protest characteristics. For instance, as
the marginal probabilities for various police responses graphed in figure 9
show,23 rioting led police to increase either arrest or use violence, but led po-
lice to be less likely to do nothing except be present (the reference category) or
to use violence and arrests together.24 But these changes in police responses
do not matter much to overall observed protest policing because rioting was
so rare, as indicated by the frequency of rioting in the top panel of figure 9,
which shows that outside the height of the protest cycle, only 0%–4% of
events were classified as involving rioting in any given year.

Arrests and Violence

When considering themostmaximalist strategy police can use—arrests with
violence—we had expected some blending of the arrest and violence expla-
nations, although the guidance from the literature had been too weak to lead

23 We encourage readers to focus on the marginal probabilities because this captures the
effects of both changing coefficients and changing intercepts. Looking only at the coeffi-
cients in this instance would lead to a different conclusion.
24 Some readers may be surprised that in table A1 there are independent variables like
rioting and counterdemonstrator presence where the direction of coefficient is not the
same for all categories of our dependent variable. For counterdemonstrators, the main
effect coefficients show their presence increased the likelihood of every outcome (com-
pared to police not attending for the logistic regression and police attending but not tak-
ing further action for the multinomial logistic regression) except the maximal reaction of
police using both arrests and violence. More generally, there are a number of variables
that show different effects across the police actionmultinomial logistic regression, includ-
ing also the number of goals, whether the protesters have a state target, minority and col-
lege student presence, etc. This is not unusual in the literature: indeed, an important rea-
son for using a multinomial logistic regression instead of an ordinal or continuous model
is that it allows for effects like this to surface.
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FIG. 9.—Rioting and police action



us to a formal expectation. Surprisingly, we found our starkest difference be-
tween the impact of the protest and police parts here. As figure 4 shows, the
protest part was responsible for 81% of the changes in observed police uses
of this strategy, while the police part was only responsible for 19%. This was
the place where New York State versus full U.S. models diverged the most;
full U.S. models had the same pattern but are less exaggerated, with 59% of
the changes in police uses of arrests with violence resulting from the shifts in
the protest part and only 41% due to changes in the police part. While this
is the largest difference we see in the findings for NewYork State versus full
U.S. models, bothmodels agree that this outcome ismore the result of changes
in the protest sector than in policing. We are hesitant to overinterpret the
difference in magnitude because the category is a rarer category, and smaller
Ns may make estimates more responsive to outliers. Instead, we interpret
this as confirmation that for even the maximal response available to police,
protest side changes aremore responsible for its decline and change than po-
licing side influences, whether one focuses on New York State events or all
protest in the United States.
Interestingly, though, this is likelymostly about protest characteristics over-

all, not the rise of a movement society. Figure 5 showed that the overwhelm-
ing influence of the protest part was consistent across time, with only one
year as an exception (although several years were not parsable, with protest
overpredicting police uses of arrests with violence and policing underpre-
dicting police uses of arrest with violence), even though protest institution-
alization followed from the 1960s cycle of protest. Since this effect predates
the rise of amovement society,while the protest part dominated, it did not do
so for the reasons we expected.

CONCLUSION

Three important areas of inquiry all point to the possibility of important
shifts in protest policing over time: research on predictors of police responses
to protest, research on changing protest policing protocols, and research on
shifts in protest composition. Here, we import and adapt a set of methodo-
logical techniques that allow us to bring all three of these literatures together
through amodifiedKOBdecomposition, a formof decomposition popular in
wage-gap research, to assess their relative contribution to explaining varia-
tion in observed police responses to protest. Our adaptation of thesemethods
allowed us to address a novel but strikingly important question about changes
in observed police responses to protest: how much of observed shifts in
police attendance of protests and police behavior at protests, once present,
are attributable to changes in protest characteristics (what we call the “pro-
test part”) versus changes in howpolice respond to threat andweakness, plan
to manage protests, and/or howmuch discretion police enjoy (i.e., changes in

American Journal of Sociology

1344



intercepts and coefficients thatwe referred to as the “policing part”; seefig. 1).
Our findings, laid out most simply in figure 4, show that the answer to this
question is clear: the protest part mattered more.

Indeed, three clear trends in findings emerged that both confirmed some
hypotheses and disconfirmed others. First, in contrast to expectations about
the impacts of so many changes said to be occurring in policing across time,
aggregate protest characteristics and changes within the protest sector were
more responsible for explaining all forms of police action (presence, arrests,
violence, and arrests with violence). While an important part of the move-
ment society literature, discussion of a less provocative protest sector has
not been centrally or directly tied to large changes in police responses to pro-
test before. Professionalization likely also contributed to amore institutional-
ized protest section. While police may have become “softer” in their response
to protest over time, as many have assumed, the softening of protest, as it has
become less provocative over time, is much more consequential.

In addition to providing substantial insight into how these large observed
changes in police response have been produced, our findings have implica-
tions for the future: if a decline in police actionwas ushered in predominately
by changes in the protest sector, this implies that if protest were to become
more threatening again, policemay be quicker to respondwith violence than
proponents of negotiated management have considered. This is consistent
with work that argues that the adoption of negotiatedmanagement has been
inconsistent (Rafail 2010) and that escalated force never went away but
rather moved from being a front-line strategy to a secondary strategy (Vi-
tale 2005, 2007). Force-based protest control strategies continued to be used
against protesters seen as “transgressive” (Gillham andNoakes 2007) or “un-
cooperative,” demonstrated by the “dual” police response (Wood 2015) to the
global justice movement around the turn of themillennium. This dual police
response has furthered (and been furthered by) bifurcation among protest
groups, resulting in a largely institutionalized social movement sector pep-
pered with smaller, more contentious, splinter groups and movements. Our
study underscores the fact that these interrelated processes of fragmentation
and differentiation—on both the protest and police sides—are a key feature
of today’s movement society.

Our findings are also consistent with the very aggressive, even brutal, po-
lice response to Black Americans and other protestors during the recent
wave of protests against police brutality. Together with expanded police ca-
pacity for violence resulting from increased militarization in the decades
since our period of study (Balko 2013), our findings suggest that such in-
stances of violent protest policing are not isolated exceptions to the rule of
negotiatedmanagement, but rather a predictable response to any resurgence
of less institutionalized protest. While outside our period of study, our find-
ings anticipate these developments, which is consistent with our argument
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that researchers have collectivelymisunderstood precisely howmuch change
occurred within policing and/or precisely how unimpactful it was on ob-
served police response to protest.
Second, the time trends we had expected related to negotiated manage-

ment were largely absent. There are two ways to read these findings: one
questions whether policing changed at all and another questions the extent
and impact of that change but acknowledges change did occur. It is possible,
for instance, to read our findings as consistent withwork that has complicated
how, and the extent to which, negotiated management diffused and/or actu-
ally impacted police practice (Rafail 2015). But we think changes did occur,
even if their impactswere less thanmay have been expected. For instance, as
we show infigures 6 and 7, police do seem to have gone from trying to stop all
protest, part of escalated force, to selecting perceived threats that were used
to direct and calibrate police response. Figure 8 also suggested that specific
elements of negotiatedmanagement—particularly content neutrality—were
discernable in our analysis.
Our third emergent finding extends this point: there do appear to be signs

that changeswere occurringwithin policing—after all, several police responses
were near parity in the role of the police versus protest parts. Also, therewere
clear shifts in threat perception and the role of weakness, but most of these
were unable to decisively change aggregate observed police responses as the
protest sector outweighed these influences. Our analyses show that, overall,
the effects of changing threat perception, changes in response to weakness,
and any changes brought bynegotiatedmanagementwere all simply swamped
by changes in the protest sector.
An important implication of considering our main emergent findings to-

gether is that it appears that police perceptions and protocols over this period
were, in the language of machine learning, developed and “trained on” a
softer protest sector. Put differently, to the extent to which repression schol-
ars have acknowledged movement society trends, it has been to argue that
movement professionalization and institutionalization aided the diffusion
of negotiated management. Our results are more powerful: a softer protest
sector was not a handmaiden to changes within policing but rather the con-
text in which police figured out how to change their responses to protest.
If law enforcement learned how to be softer as protest itself was becoming

more institutionalized, law enforcement response to a much more conten-
tious protest sector is less predictable. Extending an implication we raised
above, protest characteristics that became rarer and more tied to significant
responses—like confrontational tactics—could have a powerful effect on ag-
gregate observed police behavior if unleashed by a contentious protest sec-
tor. Figure 6 shows that police became more vigilant about confrontational
tactics across time but encountered them less often, but the effects of this po-
lice threat would be very different, even in our models, if the protest sector
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usedmore confrontational tactics with police. This hypothetical is consistent
with repressive police response in Seattle and related events in 1999 and the
early 2000s and police response to protests in 2020.

In addition to our theoretical and empirical contributions, we see our re-
searchmaking amethodological contribution by demonstrating howdecom-
position can be applied to dependent variables at various levels of measure-
ment and across different groupings. In doing so, we join scholars who have
been working to open up decomposition to a wider range of grouping and
dependent variables (Ulrick 2012; Wolff 2012) and to apply decompositions
to a wider range of questions (Fiel 2013; Breen and Chung 2015; Hillmert,
Hartung, andWeßling 2017; Idler and Cartwright 2018). Figure 10 compares
the most common form of decomposition—KOB—to alternatives based on
our research and themethodological researchwe build upon. As already noted
in figure 2, prior work has expanded the terrain for decomposition. But, by
combining these methods, we uniquely show how decomposition can be ex-
panded to include cases in the lower right quadrant of figure 10.

In each cell, we indicate the form of decomposition in bold, provide an ex-
ample use of that kind of decomposition, note for the example what the
grouping and outcome variables are, and discuss other potential uses of that
decomposition variant. As the array of possibilities we indicate makes clear,
these methods are broadly useful to sociological inquiry, whether in evaluat-
ing various forms of inequality, organizational decision-making, police ac-
tion, health inequalities, or political behavior. Wage-gap research has only
identified the tip of the iceberg for the questions that decompositionmethods
can address.

We focus in particular on the lower right cell, which highlights opportu-
nities opened by our relaxation of both the requirement for a dichotomous
grouping variable and the requirement for a continuous outcome. Among the
variety of examplesweoffer infigure 10, consider two.First,manyhealthdispa-
rities could be approached using our methods because they involve individual-
level data on membership in various categorical statuses (e.g., COVID1/
COVID2; nondiabetic/prediabetic/diabetic; asthmatic/nonasthmatic) that
may be compared across continuous groups such as time or age. For instance,
one might imagine that changes in the death rate from COVID-19 may be
related to, among other things, the personal characteristics (i.e., age, race/
ethnicity, comorbidities) of individuals who are infected, access to medical
care, and the basic deadliness of the infection. Each of these varies in aggre-
gate over time—older people may have beenmore likely to have COVID-19
earlier because of its spread in skillednursing facilities andyounger peoplemay
bemore likely to be newly diagnosed with COVID-19 as schools have opened.
This changing population ofCOVID-19 sufferers is likely to have an impact on
the death rate. The use of our methods would allow researchers to understand
whether variation in COVID-19 death rates was more attributable to changes
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in individual characteristics and comorbidities and/or access to health care and
specific treatments, or the aggregate characteristics of the COVID-19-positive
population and level of care generally provided at any given moment.

Second, a major area of research in organizational studies deals with the
diffusion of innovations. The adoption or nonadoption of an innovation is a
binary decision (or categorical if there are alternative innovations that orga-
nizations can adopt), but it can be understood as likely changing across time
and/or across organizational age. Our methods can be used to quantify the
contributions of various influences such as relationships that increase or de-
crease the likelihood of an individual organization’s adoption (i.e., coeffi-
cients), the basal rate of adoption at particular moments or organizational
ages (i.e., intercepts), or changes in the aggregate characteristics of organiza-
tional fields across time or by organizational age.

To close, we hope that future research will build on our research in three
ways. First, the repression literature needs to incorporate understandings
of changes in the protest sector as a context for, and potential influencing fac-
tor in, how police change their planned or actual responses to protest. More
broadly, we need to consider the role of aggregate protest characteristics in
shaping any apparent shift in policing.We hope future researchwill examine
this issue in more depth and across other countries and time periods.

Second, we hope future work builds on our methodological innovations by
using these methods to approach the wide array of questions alluded to in fig-
ure 10 and the many more questions that are possible from our collective so-
ciological imagination. We have demonstrated that it is possible to quantify
the relative contribution of broadly different kinds of theoretical processes
that influence observed population-level outcomes. This ability to discern
and quantify such broadly disparate, but important, forces represents an im-
portant advance that we hope future research uses to understand how mul-
tiple social forces, operating at different levels, come together to account for
critical social variation.

Finally, future research should work to address the remaining gaps in the
decomposition tool kit, such as allowing categorical group variables to be
modeled simultaneously, instead of being forced into binaries. For example,
thesemethods could advance research on racial/ethnicwage gaps bymoving
analyses beyondwhite/nonwhite differences to categorical differences across
groups. These methods could also allow contemporary understandings of
sexuality and gender, which no longer see either as binary, to be integrated
into research on wage gaps by replacing binary views of gender or sexuality
with more nuanced categorical distinctions (Baumle 2009; Mize 2016).
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APPENDIX

Methods

To complete a decomposition, wage-gap analysts would begin by estimating
a regression for men’s income and another for women’s income. From that,
one could decompose the difference in income betweenmen andwomen into
different components.

YM 2 YW 5 obW XM 2 XWð Þ 1o bM 2 bWð ÞXW:

One component measures the part of the difference in income attribut-
able to differences in human capital (education, experience; i.e., “the ex-
plained part”) betweenmen andwomen, and is calculatedwith the following
equation:

obW XM 2 XWð Þ,

where bW is the coefficient from the regression on women’s income,XM is the
mean value of the X value for men, and XW is the mean X value for women,
summed across all variables. Conceptually, this measures howmuch higher
women’s income would be if their average human capital levels were the
same as men’s levels.
Similarly, one could calculate the difference in income attributable to dif-

ferences in the rate of return on human capital (the unexplained part) with
the following equation:

o bM 2 bWð ÞXW ,

where bM is the coefficient from the regression onmen’s income, and the other
variables are specified the same as the previous equation. Conceptually, this
measures how much higher women’s income would be if they received the
same rate of return for their human capital as men.
These two components (along with two more that are often combined

with the first two) will account for the total difference in income between
men and women, and allow scholars to parse how much of this difference
is due to differences in human capital versus discrimination in how that cap-
ital is rewarded.

Generalizing to Allow Decomposition across Years

As mentioned in the main text, we had to make two modifications to gener-
alize these standard decomposition models. First, we had to employ an ex-
isting modification by Ulrick (2012) so that we can decompose effects across
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years, instead of between two binary categories (i.e., men and women). The
general regression model is

Y 5 d0 1 dT 1 X a0 1 aT 1 bT2ð Þ 1 ε,

whereY is our outcome of interest, T is our transformed year variable,X is a
matrix of our independent variables, and d, a, and b are coefficient vectors.
Following Ulrick (2012) we can decompose the difference in the outcome
variable at different points in time (see Ulrick [2012] for the derivation of
these equations):

Yt1 2 Yt2 5 E XjT 5 t1ð Þ 2 E XjT 5 t2ð Þ½ � � a0 1 at1 1 bt21ð Þ 1 dt1 2 dt2
1 E XjT 5 t2ð Þ � at1 1 bt1ð Þ 2 at2 1 bt2ð Þ½ �:

The decomposition of the explained part can be calculated as

E XjT 5 t1ð Þ 2 E XjT 5 t2ð Þ½ � � a0 1 at1 1 bt21ð Þ,
where EðXjT 5 tÞ is the average value of the independent variables at a
given value of T. In the above, the explained part is the difference in mean
values of the independent variables at two time points, weighted by the co-
efficients of the first time point. In other words, this component gives the dif-
ference in the predicted likelihood of a particular police action between two
years given the characteristics of each year but using the coefficients of the
first year for both years’ predictions. For example, comparing the years 1975
with 1965 for arrest only at a protest, this would calculate a predicted likeli-
hood for 1975, using the average values of the independent variables in 1975
and the coefficients for 1975, and then do the sameusing the average values of
the independent variables in 1965 but using the coefficients for 1975. This
gives us a difference in likelihood due solely to differences in the characteristics
of protests and other contextual variables we include in the model. In the
findings section, we refer to this as the “protest part,” reflecting our theoret-
ical understanding of the meaning of this component.

The decomposition of the “unexplained” part can be calculated as

dt1 2 dt2 1 E XjT 5 t2ð Þ � at1 1 bt1ð Þ 2 at2 1 bt2ð Þ½ �:
In the equation above, the unexplained part is the difference in intercepts

between the two time points, plus the difference in coefficients between the
two time points weighted by the average values of independent variables at
the second time point. In other words, this part gives the difference in the
likelihood of a particular police action between two years, given the charac-
teristics of the second year but using the coefficients for each year. For exam-
ple, comparing the difference in police use of force between 1975 to 1965, this
part calculates a predicted likelihood for 1975 using 1975’s coefficients but
the average values of the independent variables from 1965. It also calculates

Softer Policing?

1351



a predicted likelihood of police using force for 1965, using 1965’s coefficients
and average values of the independent variables. The difference between
these two likelihoods, then, represents the difference due solely to changes
in how police are reacting to protests, as represented by changes in the coef-
ficients predicting the use of force at protests. In our findings, we refer to this
part as the “police part.”

Generalizing to Allow for Binary Outcome Variables

For the secondmodification, we had to generalize the model to work for a bi-
nary outcome variable since it is typically used on continuous measures. We
draw onwork byWolff (2012) to run the decomposition onwhat is essentially
the latent log-likelihood variable that underlies binary outcomemodels. This
process involves three separate steps. First, we run a probit regression and
generate predicted probit scores (Ŷ) for each event. Step 2 involves adjusting
the predicted scores to more accurately model the latent probit score. For ex-
ample, in the context of police presence, there may be some events that expe-
rienced police presence, but the probit model predicted a probit score less
than 0, and so would have predicted no police presence. We want our probit
scores to be as close to reality as possible, so when we know the probit model
waswrong in predicting the outcome, we adjust these scores by adding a ran-
dom residual error term from a normal distribution with mean 0 and stan-
dard deviation of 1.5 (Gourieroux et al. 1987).We generate a random residual
for each observation and check that, for each event, the probit score plus the
generated random error is greater than zero (Ŷ1 e > 0) for events where po-
lice were present and the predicted probit score plus the generated random
error is less than zero (Ŷ1 e < 0) for events where police were absent. For
events where these inequalities are not true, we discard the residual and gen-
erate a random new one. We keep replacing residuals with new random val-
ues for cases that do not satisfy these requirements until all events have a
probit score plus random error (Ŷ1 e) congruent with their observed out-
comes. For the third step, we calculate Y* 5 Ŷ1 e, which is our estimated
latent variable representing the police presence probit score. We then run
an OLS regression on Y*, using the same model as the original probit regres-
sion, and run a modified decomposition with this model as described above.
For the second-step multinomial logistic regression, we follow a similar

process with some modification to account for multiple categories in the de-
pendent variable. First, we run our multinomial logistic regression and use
themodel to calculate the predicted log likelihood for each possible outcome,
Ŷj. In the second step, we generate random residual error term for each out-
come, ej, such that the predicted log likelihood plus the random error (Ŷj 1 ej)
is the max value for the event if category j is the observed outcome and is not
the max for all other categories for that event. In other words, if an event is
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observed to have arrests only, the predicted log likelihood plus the random
error (Ŷ1 e) for arrests is themaximumvalue compared to Ŷ1 e for all other
outcomes in that event. As with the probit regression, new random residuals
are generated for cases that do not have congruent Ŷ1 e with their observed
outcomes until all cases are congruent. For the third step, an estimated log
likelihood, Y*

j 5 Ŷj 1 ej, is calculated for each outcome, and an OLS regres-
sion is run for each possible outcome. This regression is then decomposed for
all outcomes except no action. As a result, we have three sets of decomposition
results for the multinomial logistic regression. Table A1 contains the full re-
sults of all four regressions that are the basis of our decomposition analysis.

TABLE A1
Probit Regression Predicting Police Presence and Multinomial

Logistic Regression Predicting Police Action

POLICE

PRESENCE

ARREST

AND FORCE/
VIOLENCE

ARREST

ONLY

FORCE/
VIOLENCE

ONLY

Probit
Multinomial
Log Linear

Multinomial
Log-Linear

Multinomial
Log-Linear

(1) (2) (3) (4)

Protest size, logged . . . . . . . . . . .059 2.161* 2.187* 2.083
(.033) (.071) (.078) (.070)

Rally . . . . . . . . . . . . . . . . . . . . . 2.275 21.070*** 2.189*** 2.144***
(.156) (.007) (.009) (.008)

Riot . . . . . . . . . . . . . . . . . . . . . . .613 1.345*** 2.508*** .076***
(.684) (.007) (.006) (.008)

Confrontational tactics . . . . . . . 1.020*** 1.565*** 2.785*** 2.366***
(.156) (.019) (.024) (.008)

Radical goal . . . . . . . . . . . . . . . .079 1.189*** .447*** .205***
(.161) (.005) (.004) (.006)

Number of goals . . . . . . . . . . . . .052 2.951*** .074* 2.570***
(.087) (.029) (.035) (.013)

State target . . . . . . . . . . . . . . . . .321* 2.599*** 2.767*** .802***
(.136) (.007) (.006) (.009)

Number of targets. . . . . . . . . . . 2.362* 21.321*** 2.986*** 21.528***
(.143) (.023) (.027) (.011)

Property damage. . . . . . . . . . . . .381 .964*** .154*** .524***
(.286) (.007) (.009) (.006)

Counterdemonstrators . . . . . . . .673** 21.430*** .392*** .574***
(.245) (.006) (.007) (.009)

Violence present . . . . . . . . . . . . .588* 1.844*** .562*** 1.397***
(.244) (.006) (.005) (.006)

Minority present . . . . . . . . . . . . .189 .245*** 2.495*** 1.241***
(.129) (.004) (.004) (.006)

College students present . . . . . . 2.271 1.023*** 2.633*** 2.679***
(.167) (.005) (.004) (.005)

Number of SMOs . . . . . . . . . . . 2.094 .692*** .497*** .695***
(.051) (.015) (.011) (.020)

Front page . . . . . . . . . . . . . . . . .080*** 2.077 2.078 .020
(.019) (.062) (.061) (.086)
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TABLE A1 (Continued)

POLICE

PRESENCE

ARREST

AND FORCE/
VIOLENCE

ARREST

ONLY

FORCE/
VIOLENCE

ONLY

Probit
Multinomial
Log Linear

Multinomial
Log-Linear

Multinomial
Log-Linear

(1) (2) (3) (4)

Tactical variation . . . . . . . . . . . .380*** .148*** 2.817*** 2.038*
(.105) (.032) (.037) (.015)

Political climate . . . . . . . . . . . . 2.872 .479*** 2.275*** 2.806***
(.825) (.013) (.014) (.005)

Duration, logged . . . . . . . . . . . . 2.098 .988*** 2.182*** .600***
(.118) (.005) (.004) (.005)

Detail. . . . . . . . . . . . . . . . . . . . . .192** .976*** .675*** .363***
(.065) (.042) (.042) (.021)

Year . . . . . . . . . . . . . . . . . . . . . 2.023 2.224*** .208*** 2.382***
(.036) (.046) (.042) (.061)

Protest size, logged �
year . . . . . . . . . . . . . . . . . . . . 2.0005 .012 2.004 .009

(.004) (.011) (.012) (.013)
Protest size, logged �
year2 . . . . . . . . . . . . . . . . . . . .00003 2.0002 .00003 2.0003

(.0001) (.0003) (.0004) (.0004)
Rally � year . . . . . . . . . . . . . . . .056** .134*** .046 .034

(.021) (.033) (.030) (.045)
Rally � year2. . . . . . . . . . . . . . . 2.001 2.003* 2.001 2.001

(.001) (.001) (.001) (.002)
Riot � year . . . . . . . . . . . . . . . . .011 2.025 .049 .048

(.092) (.047) (.050) (.063)
Riot � year2 . . . . . . . . . . . . . . . 2.0005 .0002 .001 .0004

(.002) (.002) (.002) (.002)
Confrontational tactics �
year . . . . . . . . . . . . . . . . . . . . 2.008 2.049 2.205*** .119*

(.021) (.035) (.032) (.049)
Confrontational tactics �
year2 . . . . . . . . . . . . . . . . . . . .001 .0003 .005*** 2.003

(.001) (.001) (.001) (.002)
Radical goal � year . . . . . . . . . .023 2.042 .033 .059

(.023) (.030) (.028) (.042)
Radical goal � year2 . . . . . . . . . 2.0004 .0001 2.001 2.002

(.001) (.001) (.001) (.002)
Number of goals � year . . . . . . 2.001 .120*** 2.023 .060*

(.013) (.020) (.020) (.028)
Number of goals � year2 . . . . . 2.0003 2.003*** .00003 2.001

(.0004) (.001) (.001) (.001)
State target � year . . . . . . . . . . 2.019 .162*** .072** 2.092*

(.019) (.031) (.027) (.043)
State target � year2. . . . . . . . . . .001 2.004*** 2.002 .002

(.001) (.001) (.001) (.002)
Number of targets � year . . . . .021 .115*** .103*** .196***

(.020) (.032) (.030) (.042)
Number of targets � year2 . . . . 2.0004 2.002 2.003* 2.005**

(.001) (.001) (.001) (.002)
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TABLE A1 (Continued)

POLICE

PRESENCE

ARREST

AND FORCE/
VIOLENCE

ARREST

ONLY

FORCE/
VIOLENCE

ONLY

Probit
Multinomial
Log Linear

Multinomial
Log-Linear

Multinomial
Log-Linear

(1) (2) (3) (4)

Property damage � year . . . . . 2.036 2.125** .056 2.132*
(.037) (.040) (.038) (.053)

Property damage � year2 . . . . . .001 .002 2.003 .003
(.001) (.002) (.002) (.002)

Counterdemonstrators �
year . . . . . . . . . . . . . . . . . . . . 2.003 .193*** 2.034 2.053

(.038) (.046) (.046) (.059)
Counterdemonstrators �

year2 . . . . . . . . . . . . . . . . . . . .0003 2.004** .001 .002
(.001) (.002) (.002) (.002)

Violence present � year .029 2.052 2.072* .032
(.032) (.034) (.033) (.046)

Violence present � year2 . . . . . 2.001 .001 .001 2.003
(.001) (.001) (.001) (.002)

Minority present � year . . . . . . 2.021 2.113*** .004 2.144***
(.019) (.031) (.028) (.040)

Minority present � year2 . . . . . .001 .003* .0002 .004*
(.001) (.001) (.001) (.001)

College students present �
year . . . . . . . . . . . . . . . . . . . . .005 2.160*** .094** .080

(.023) (.034) (.031) (.044)
College students present �

year2 . . . . . . . . . . . . . . . . . . . .0002 .005*** 2.003* 2.001
(.001) (.001) (.001) (.002)

Number of SMOs � year . . . . . .011 2.072*** 2.076*** 2.099***
(.008) (.014) (.014) (.020)

Number of SMOs � year2 . . . . 2.0003 .001* .002*** .003***
(.0002) (.001) (.001) (.001)

Front page � year . . . . . . . . . . 2.013*** .009 .010 2.008
(.003) (.008) (.008) (.012)

Front page � year2 . . . . . . . . . . .0004*** 2.0003 2.0004 .0004
(.0001) (.0002) (.0002) (.0003)

Tactical variation � year . . . . . 2.017 .021 .087*** .029
(.015) (.024) (.024) (.032)

Tactical variation � year2 . . . . .0003 2.0002 2.002 2.001
(.0004) (.001) (.001) (.001)

Political climate � year . . . . . . 2.022 .198*** 2.311*** .641***
(.107) (.035) (.034) (.021)

Political climate � year2 . . . . . . .001 .005 .001 .004
(.002) (.004) (.003) (.005)

Duration, logged � year . . . . . . 2.010 2.091** .048 2.018
(.017) (.029) (.028) (.035)

Duration, logged � year2 . . . . . .0004 .002* 2.002 .0001
(.0005) (.001) (.001) (.001)

Detail � year. . . . . . . . . . . . . . . 2.004 2.132*** 2.090*** 2.026
(.009) (.017) (.015) (.022)
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TABLE A1 (Continued)

POLICE

PRESENCE

ARREST

AND FORCE/
VIOLENCE

ARREST

ONLY

FORCE/
VIOLENCE

ONLY

Probit
Multinomial
Log Linear

Multinomial
Log-Linear

Multinomial
Log-Linear

(1) (2) (3) (4)

Detail � year2 . . . . . . . . . . . . . . 2.0001 .003*** .002*** .0002
(.0002) (.001) (.0005) (.001)

Constant . . . . . . . . . . . . . . . . . . 21.443*** 21.336*** 2.221*** 22.162***
(.400) (.020) (.024) (.011)

Observations . . . . . . . . . . . . . . . 6,470 1,698
Log likelihood . . . . . . . . . . . . . . 22,658.477
AIC . . . . . . . . . . . . . . . . . . . . . . 5,434.955 3,879.942

* P < .05.
** P <.01.
*** P < .001.

Selection of a Reference Year for Decomposition

The final technical decision involves the selection of a reference grouping
category, in our case a reference year, to perform the decomposition of the
difference in the outcome between the reference category and other catego-
ries. To decide our reference categories, we look at both theoretical and
methodological considerations.
We begin by identifying two potential problems that would make inter-

preting the results of decomposition difficult. The first problem is instances
inwhich the difference in the likelihood of various police actions between the
reference year and the comparison year is too small to accurately decompose.
This often results in enormous proportions for each part, since the denomi-
nator for the proportion is so small. The second problem is when the two
parts of decomposition—the part explained by differences in characteristics
and the part explained by differences in coefficients—have opposite signs. In
other words, each part predicts a competing direction for the likelihood in
comparison to the other part. This situation makes parsing the proportion
of the total difference attributable to each part very difficult.
To identify reference yearswith the least issues based on these twoproblems,

we calculate, for every possible reference year, the number of comparison
years that would have differences that are too small to accurately decompose,
the number that would have competing partsmaking parsing the proportion
attributable to eachdifficult, and the number of parsable differences. Table A2
contains the top 10 reference years by the number of parsable comparison
years across all four police outcomes. The top year was 1976. Theoretically,
this is also a useful year because it is just afterMcCarthy,McPhail, andCrist
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(1999) claim that negotiatedmanagementwas fully accepted as the preferred
model of protest policing practice in the United States.

TABLE A2
Breakdown of Parsable Years by Reference Year

Reference Year Difference Too Small Competing Parts Parsable Parts

1976. . . . . . . . . . . . . . . . 1 62 78
1967. . . . . . . . . . . . . . . . 2 69 71
1991. . . . . . . . . . . . . . . . 1 70 70
1970. . . . . . . . . . . . . . . . 0 74 66
1977. . . . . . . . . . . . . . . . 0 74 66
1987. . . . . . . . . . . . . . . . 5 75 65
1978. . . . . . . . . . . . . . . . 3 76 64
1973. . . . . . . . . . . . . . . . 2 79 61
1968. . . . . . . . . . . . . . . . 1 81 59
1979. . . . . . . . . . . . . . . . 2 81 59

Robustness Checks Using Different Samples from within DoCA

We reran ourmodels on protest events from across the entire United States to
check for differences in findings. Our findings, shown in figure A1 are quite
similar to the results from figure 4 above. We also reran our models on pro-
tests events from only outside of New York State, shown in figure A2, and
they are also quite similar to the results from figure 4.
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FIG. A1.—Decomposition results for models using full U.S. models



FIG. A2.—Decomposition results for models using non–New York State protests only

Heckman Selection Model to Model and Account for Police Presence

In addition to the models reported on in the main text, we also ran models
using the same variables but in a Heckman two-step format.25 The logic be-
hind a Heckman model in this case was introduced by Reynolds-Stenson
(2018). For police to act during an event, they must first be present. Many
researchers have realized this and modeled police presence in one model
and then police action in a second model that is limited to events at which
police were present (e.g., Earl, Soule, and McCarthy 2003), as we do in the
main text. However, as Reynolds-Stenson (2018) pointed out, these models

25 Technically, a Heckman model requires that one variable be omitted from the second
step model, andwe omitted number of targets. All main effects showed significance for at
least some outcome in models, so there was no obvious variable to omit. As a conse-
quence, we opted for a variable with a very small effect that has not received much sup-
port in existing research.
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may suffer from a selection problem in terms of police presence, analogous to
that identified byHeckman (1979).26While correcting for selectionwhen un-
necessary is unproblematic, failing to do so when necessary can lead to bi-
ased estimates.
To accomplish our robustness check, we combined the two separate mod-

els that are traditionally used in studying protest policing into a framework
that explicitly accounts for the selection effects that may bias results. Like
traditionalmodels, the first “step” in ourmodeling is a probit of the likelihood
of police presence (in Heckman models, this is referred to as the selection
model).However, theHeckman procedure adds the calculation of an inverse
Mills ratio for each observation, which essentially captures selection effects.
Like traditional models, the second “step” in our modeling limits the sam-

ple to events at which police were present and performs a multinomial logis-
tic regression on different police responses (arrests only, violence only, and
arrests with violence), with police present but taking no further action as
the reference category. In a Heckman two-step, those second model results
formally correct for selection by including the Mills ratio as an independent
variable.27

Our analysis showed very similar results for the decomposition results and
only three minor differences in significance and/or direction of main effect
coefficients for variables we do not substantively interpret in the main text.28

We judged these results as demonstrating that a correction was not needed
and thus present the uncorrected models in the main text. We also do not

26 Heckman selection models are important when only a subset of data has observed val-
ues on the dependent variable because the cases did not engage in the phenomena mea-
sured by the dependent variable. A classic example is that models of wages often fail to
include data on unemployed persons, which means that models may attribute character-
istics to wage differences that really owe to being employed. When values are missing
completely at random, there is no need toworry about themissing observations or correct
in modeling. However, when missing values are likely structured, as they would be for
wages and employment, a Heckman correction can correct point estimates for coeffi-
cients, whichwould otherwise be biased and incorrect. In our case, we suspect that police
do not decide randomly whether to attend a protest, and thus such events do not repre-
sent a random subset of all events.
27 If the coefficient on the ratio is significantly different from zero, then there is a signif-
icant selection effect observed in the data. If it is not significant, then there is no conse-
quential selection effect observed. Both Stata and R have commands for performing
Heckman regression in cases of an OLS regression in the second step as well as a logistic
regression in the second step, but they do not have commands for a multinomial logistic
regression in the second step. As a result, wemanually ran a probit regression on whether
police were present at an event. We then manually calculated an inverse Mills ratio for
each observation and included it in the second step multinomial logistic regression.
28 The only notable differences in main effect coefficients were in significance but not di-
rection for tactical variation in outcomes involving police violence and in direction and
significance for duration for arrests as an outcome.
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focus on the Heckman models because there is disagreement about how to
conduct a Heckman two-step when the second stage model is for a dichoto-
mous or categorical variable.

Radical Goals Categorization

Following Earl and Soule (2006), we have developed a list of radical goals
(table A3), with the caveat that we are capturing in this study what seemed
radical across the 1960–95 time frame, not what might seem radical a quar-
ter century or more later. The translation of these categories into DoCA is-
sue claims is available from the authors.

TABLE A3
Categorization of Radical Goals for Data, 1960–95

Advocacy For Protest Against

Affirmative action,
Asian Americans

LGBT rights, general Discrimination in housing
and employment, African-
American

Affirmative action,
Mexican Americans

More positive media
depictions, African-
American

Discrimination in housing
and employment, Asian
American

Affirmative action,
Native Americans

More positive media
depictions, Asian American

Discrimination in housing
and employment, LGBT

Affirmative action,
pan-Latino

More positive media
depictions, disabled

Discrimination in housing
and employment, Mexican
American

Affirmative action,
undifferentiated minority
groups

More positive media
depictions, LGBT

Discrimination in housing
and employment, Native
American

Bicultural/bilingual education,
Native American

More positive media
depictions, Mexican
American

Discrimination in housing
and employment,
pan-Latino

Black pride More positive media
depictions, Native
American

Environmental racism,
Native American

Cohabitation/domestic
partners legislation

More positive media
depictions, pan-Latino

FDA bureaucracy slowing
down AIDS research

Disabled civil rights Native American rights,
general

Government surveillance

Equal pay Same-sex marriage Historical grievances, land
seizures, Native American

ERA Voting rights, African-
American

Police brutality, African-
American

Farm workers’ rights Welfare Police brutality, Asian
American

Freedom of speech More positive media
depictions, Asian American

Police brutality, LGBT

Gay rights More positive media
depictions, disabled

Police brutality, Mexican
American

Gender quotas More positive media
depictions, LGBT

Police brutality, Native
American
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TABLE A3 (Continued)

Advocacy For Protest Against

Increased funding for AIDS/
HIV research

More positive media
depictions, Mexican
American

Police brutality, pan-Latino

Lesbian rights Political underrepresentation,
LGBT

Political underrepresentation,
Native American

ROTC
Vietnam War
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