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Social unrest often begins suddenly and spreads quickly. What is the information that drives its diffusion? How is this

information transmitted? And who responds to this information?We present a general framework that emphasizes three

aspects of the diffusion process: the networks through which information travels, whether information about repression

affects participation, and the role of organizers. We use this framework to derive empirical hypotheses that we test in the

context of the English Swing riots of 1830–31. This was the foundational case in the study of unrest in social history, and

our identification strategy relies on spatiotemporal variation particular to this historical period.We find that diffusion was

significant and that information about the riots traveled through personal and trade networks but not through transport

or mass media networks. This information was not about repression, and local organizers played an important role in the

diffusion of the riots.
iots and other forms of social unrest often begin sud-
denly and spread quickly; recent examples include the
1992 Los Angeles riots, the 2005 French riots, and the

2011 London riots. How do people overcome their collective
action problem, turning what is initially an isolated incident
into a wave of unrest? The literature considers two main ex-
planations for why social unrest spreads: the first emphasizes
fundamentals including socioeconomic factors like poverty,
unemployment, and ethnicity, while the second emphasizes
diffusion.1 This article focuses on the diffusion of social unrest.
What is the type of information that drives this process? How
is this information transmitted? And who responds to this in-
formation? Answering these questions will shed light on a
process that the literature often treats as a black box.
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We begin with a theoretical framework that builds on the
theory of technology diffusion developed in Rogers (1995).
In his theory, innovations spread to potential adopters through
information networks. We adapt this idea to the context of
social unrest: an initial incident of unrest diffuses when other
individuals decide to participate because of information they
have received about it. We also highlight three specific fea-
tures that are key in this setting. The first is the specific net-
works through which information can spread; we consider
four that feature prominently in the qualitative literature: per-
sonal, trade, transport, andmassmedia networks. The second
relates to the type of information that is transmitted through
these networks, and we distinguish between information that
inspires others to participate and information that helps
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individuals evaluate the costs and benefits of participation.
The third relates to whether the response to this information
comes spontaneously from individual participants or is me-
diated by organizers.

We use this framework to produce hypotheses about the
mechanisms behind the diffusion of social unrest, which we
then test in the context of the foundational case in the study
of unrest in social history: the Swing riots of 1830–31. The
Swing riots were the largest wave of unrest in nineteenth-
century England; over the course of 40 weeks, thousands of
farm laborers rioted across the country, motivated by an eco-
nomic crisis they blamed on local farmers and officials.2 Our
analysis relies on a data set that includes nearly 3,000 Swing-
related incidents and records both the parish and the location
where each incident happened. To put these data together, we
collected, digitized, and geocoded the location and date of
each Swing incident, the location and date of fairs, the loca-
tion where newspapers were printed, the location of stops in
the coach network, the number of petitions sent to parliament
from each parish, and the number, location, and date of riot-
related arrests.

The main challenge in estimating diffusion is the reverse
Galton problem (Buhaug and Gledistch 2008): what appears
to be diffusionmay instead be the result of unit attributes that
are spatially clustered. The Swing riots help us address this
identification problem. By current standards, the riots spread
in slow motion, with the process allowed to develop more or
less unchecked for weeks before the national authorities in-
tervened. However, the riots still spread fast enough for all
other factors, including the socioeconomic fundamentals, to
remain largely unchanged in the relevant time frame. Con-
sequently, we can control for these fundamentals by includ-
ing parish fixed effects, week effects, and location-specific
time trends. This means that the only variable that changes in
the short run is the number of riots in the neighborhood of a
parish, which allows us to estimate diffusion.

We find that diffusion through personal networks was
substantial: one riot in the neighborhood increased the in-
cidence of riots in a parish bymore than 50%. Furthermore, a
riot in a well-connected parish at the right time could gen-
erate more than one additional riot in its neighborhood the
following week, accounting for the explosive way in which
the riots spread. We also find that trade networks facilitated
the spread of the riots; this is a contribution to a growing
2. We define social unrest as instances of small-scale violence where
individuals disturb the public peace for a common purpose. The historio-
graphical literature on the Swing riots refers to these incidents as riots, and
for consistency with that literature we follow its terminology. SeeWilkinson
(2009) for an excellent discussion of the various definitions of the word
“riots.”
literature that explores the relationship between trade and
conflict (e.g., Jha 2013). However, we find no evidence that
transport networks or the media affected diffusion; this
differs from the more common finding that they are central
to the spread of unrest (e.g., Crabtree, Darmofal, and Kern
2015; Cunningham and Phillips 2007; Ketchley and Brooke
2018; Myers 2000).

The second element of the theory relates to the type of
information that facilitates or hinders diffusion.We consider
two possibilities: the information is about the unrest itself and
provides inspiration or it is about the authorities’ response to
it. To test whether the information was about the authorities’
response to the Swing riots, we look at the relationship between
arrests and future rioting. We find that arrests reduced future
rioting in the parish where they happened, but they did not
affect rioting in neighboring parishes. We interpret this as
evidence that cost-benefit calculations were important in the
decision to participate but did not affect diffusion. The third
element relates to the question of organization. We consider
two possibilities that reflect the debate between those who
conceptualize unrest as spontaneous or emergent phenom-
ena (e.g., Epstein 2002; Hobsbawm and Rudé 1973) and those
who see it as organized by plotters and activists (e.g., Charles-
worth 1979; Wilkinson 2004). Our findings suggest that local ac-
tivists played an important part in the diffusion of the Swing riots.

Social scientists increasingly recognize that riots and other
forms of social unrest cannot be thought of as a set of inde-
pendent incidents caused by underlying socioeconomic fun-
damentals. The incidents are linked together: individuals
participate because others do (e.g., Biggs 2003). Our article
contributes to this new literature in a number of important
ways. First, we illustrate how time variation can be used to
distinguish between spatially clustered fundamentals and dif-
fusion. This helps address a shortcoming of much of the re-
search on diffusion, including work on riots in the United
States (Myers 2000, 2010) and in the United Kingdom (Bau-
dains, Johnson, and Braithwaite 2013; Davies et al. 2013),
which cannot establish whether the spatial clustering of un-
rest is due to common socioeconomic factors or to diffusion.
Second, our theoretical framework allows us to examine three
key aspects of the diffusion process—the information net-
works, the type of information transmitted, and the organi-
zation of collective action—and in doing so shed light on a
process that the literature usually treats as a black box.

We focus on a historical case because engaging with these
questions using more recent data would present a number of
insurmountable challenges. Today most people hear about
an incident of social unrest soon after it starts: information
travels very quickly, and as a result the unrest typically dif-
fuses over the course of a day or two. This means that there is
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limited temporal variation, making it difficult to distinguish
between the effect of spatially clustered fundamentals and
diffusion. Diffusion is an important feature of many social
processes, and understanding why and how it happens rep-
resents a contribution to the broader literature on conten-
tious politics, including strikes (Biggs 2003), sit-ins (Andrews
and Biggs 2006, 2015), and protests (Crabtree et al. 2015).

THEORETICAL FRAMEWORK
Our theoretical argument builds on the theory of technol-
ogy diffusion developed by Rogers (1995), in particular the
idea that information about an innovation is spread through
networks that are determined by social structure. Adapted
to our setting, the diffusion process starts when instigators
engage in social unrest and information about this incident
reaches other individuals in their network. These individ-
uals then decide whether to participate, and as in Grano-
vetter (1978) and Kuran (1989), their decision depends on
whether the information they have received tips them over
their participation thresholds. That is, the nature of the infor-
mation and who receives it are important factors in deter-
mining whether social unrest spreads. If these individuals
decide to participate in the unrest there is another incident,
and information about it then travels to other potential par-
ticipants.3 In this way social unrest can spread over a large
area in a relatively short amount of time.

In order to fully understand diffusion, we need to examine
this process in detail. We emphasize three key elements. First,
information about the unrest and its consequencesmust reach
potential participants, and this happens through informa-
tion networks. As emphasized by Strang and Soule (1998), the
structure of these networks shapes the diffusion process. We
examine four networks and the way in which they could have
spread information about the unrest. Second, the nature of the
information transmitted is important because that is what
potentially pushes individuals over their participation thresh-
olds. Third, participants may solve their collective action prob-
lem spontaneously or with the help of local activists; this is
closely linked to the question of who receives and responds to
the information: the possible organizers of the unrest or the
individuals who participate in it.

The information networks
We consider four networks that can shape the diffusion pro-
cess: personal, trade, transport, and mass media networks.
3. We focus on the process of diffusion conditional on the first inci-
dent of social unrest having taken place. Our theory does not explain how
that initial incident starts, in the same way that the theory of technology
diffusion does not explain technological innovation.
Personal networks of individuals who live near each other play
an important role in many accounts of diffusion in conten-
tious politics, including those of theDetroit riots of 1967 (Singer,
Osborne, and Geschwender 1970), the Paris Commune in
1871 (Gould 1991), and the US civil rights movement in the
1960s (Morris 1981). Personal ties allow individuals to ex-
change information about the unrest face to face, and since
these individuals are closely connected, they are more likely to
influence each other. In this way, social unrest spreads locally.

H1. (Personal networks) Locations experience diffu-
sion from incidents of social unrest in nearby locations.

Other networks are likely to play a role too. Many schol-
ars have emphasized the importance of trade in the diffusion
of knowledge and technology (e.g., Huberman and Meissner
2010; Moser 2013), and we conjecture that social unrest may
spread along trade networks. Individuals who meet to trade
will often exchange information about recent events, includ-
ing incidents of social unrest. This is consistent with the idea
that the exchange of information during market transactions
can facilitate the spread of riots (Bohstedt andWilliams 1988)
and with Rudé’s (1964) observation that in the eighteenth and
nineteenth centuries, the network of market towns served as
relay stations in the diffusion of riots in England and France.

H2. (Trade networks) Locations near trade hubs ex-
perience more diffusion than other locations.

Transport networks also connect individuals and create
hubs where information can be exchanged, potentially fa-
cilitating diffusion. For example, when describing the spread
of the French Corn Riots of 1775, Rudé (1964, 24) says that
“the riots followed the course of [these] rivers or crossed them
at strategic points, spreading from one market town to the
next.” There is quantitative evidence that transport networks
have played a role in other settings too; for example, Brooke
and Ketchley (2018) show that the propagation of the Muslim
Brotherhood in Egypt in the period leading to the Second
World War was facilitated by the rail network, while Cunning-
ham and Phillips (2007) show that state routes and highways
aided in the expansion of the Ku Klux Klan in North Carolina.
Consequently, proximity to the transport network shouldmake
an area more likely to experience diffusion.

H3. (Transport networks) Locations near transport
hubs experience more diffusion than other locations.

While personal, trade, and transport networks link in-
dividuals physically in a way that allows them to exchange
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information face to face, information can be communicated
impersonally to a large group of people through the mass
media. The media can therefore play a very important role in
driving diffusion. Recent quantitative research has found the
media to have been of importance in triggering and sustaining
unrest in a variety of contexts, including the United States
in the 1960s (Andrews and Biggs 2006;Myers 2000), Germany
before the fall of the Berlin Wall (Crabtree et al. 2015), Russia
in the aftermath of the 2011 election (Enikolopov, Makarin,
and Petrova 2020), and Egypt during the Arab Spring (Has-
sanpour 2014).

H4. (Mass media) Locations with better access to the
media experience more diffusion than other locations.

The information transmitted
What is the type of information that is transmitted through
the networks and causes diffusion? This information is im-
portant because it determines whether individuals are pushed
over their participation thresholds (Granovetter 1978). We
argue that the information could inspire potential partici-
pants, for example, by providing ideas about new elements in
the repertoire (Biggs 2003; McAdam, Tarrow, and Tilly 2001;
Tarrow 2011; Tilly 1988). Alternatively, it could help poten-
tial participants evaluate the costs and benefits of participa-
tion: they may learn that it is possible to obtain concessions
from the authorities or that law enforcement is ineffective; this
increases the benefit and lowers the cost of participation,
fueling diffusion. Consequently, we conjecture that informa-
tion about repression will play an important role in whether
individuals decide to participate.4

H5. Social unrest that is not repressed diffuses; social
unrest that is repressed does not.

The organizers of collective action
The response to the information that is transmitted through
the four networks can be either spontaneous or organized.
If spontaneous, individuals mobilize without organization;
there are a number of recent cases in which this has hap-
pened, including the 2011 London riots (Morrell et al. 2011).
However, social unrest can also be organized, in which case
there is typically a complementary relationship between the
organizers (the “brains”) and the participants (the “muscle”),
4. Concessions could be important, too; e.g., Conell and Cohn (1995)
show that coal mining strikes in France spread more strongly when they
are successful. Unfortunately we do not have data to test hypotheses about
concessions.
where the first are the political entrepreneurs who solve the
collective action problem (Olson 1965) and the second are the
mass of individuals who participate. There are well-known
instances in which political leaders strategically orchestrate
riots in order to further their political objectives (e.g., Wil-
kinson 2004). Our hypothesis is that organizers play an im-
portant role in the diffusion process (against the alternative
that they do not).

H6. Locations with more organizers will experience
more diffusion.

Table 1 summarizes our hypotheses and indicates how they
will be operationalized using data from the Swing riots. In
the next section, we discuss this operationalization in more
detail.

DATA AND HISTORICAL BACKGROUND
We evaluate these hypotheses using data from the Swing
riots, the largest rural uprising in nineteenth-century En-
gland. The data on the riots were originally compiled by Hobs-
bawm and Rudé (1973, app. 2) and substantially extended by
Holland (2005). Their primary sources were London-based
periodicals, Home Office documents, archival reports, and
newspapers. The data record the location of 2,818 riots, the
day of the riot, and for a subset of them a short character-
ization of their nature. From Holland (2005, app. 1) we have
the names of 1,673 individuals who were arrested and tried
for participating in the riots, and this allows us to identify
484 riots that resulted in at least one arrest. For some of the riots
we also have information on the number of participants (Horn
and Tilly 1988). The riot data should be a nearly complete re-
cord of the riots that were reported, and although it is likely
that some incidents were missed, there is no evidence of sys-
tematic underreporting.5 We georeferenced each riot and ag-
gregated the daily observations by week. The unit of analysis
is the parish-week; we have data for the 10,335 parishes in
England for the 40 weeks between June 28, 1830, and April 3,
1831. Social historians date the start of the Swing riots to early
August 1830 (Hobsbawm and Rudé 1973, chap. 5), ignoring
the small number of incidents that took place earlier in the
summer. We include these in our analysis.

Most of the rioters were landless farm laborers whoworked
for tenant farmers on daily or weekly wage contracts. These
laborers and their families lived in extreme poverty, a situation
5. For example, the appendix (available online) presents evidence that
strongly suggests that riots near locations where newspapers were published
were not more likely to be reported.
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that had worsened because of a failed harvest in 1829 and
the adoption of the threshing machine. The demands of the
rioters were therefore largely economic in nature—higher
wages, separation of poor law subsidies from wage payments,
and more work—and were directed toward local tenant farm-
ers and parish officials. However, a significant minority of the
rioters belonged to the class of village craftsmen and traders,
many of whom, unlike the farm laborers, were literate.6

The riots took a number of different forms: burning of
barns and ricks, destruction of threshing machines, robbery
and forced levies of money, assaults on poor law officials,
wage and tithe riots, and anonymous threatening letters.7

Figure 1A plots the total number of riots per week between
June 28, 1830, and April 3, 1831: the riots started in Kent,
gained momentum in October, peaked in late November, and
6. The limited data on occupation suggest that about 16% of arrested
rioters were village craftsmen and traders (Holland 2005).

7. The Swing riots were a national wave of unrest in which partic-
ipants engaged in a variety of actions, all of which were part of their
repertoire of contention (Tarrow 2011). Table A1 (tables A1–A13 are
available online) reports the number of incidents by type of activity. The
historiographical literature refers to all Swing-related incidents as riots,
and for consistency we do so too. Riots here should then be understood
as incidents of small-scale violence that were part of one single wave of
contention. This definition differs from that used in other studies in the
literature. For example, Wilkinson (2004) only includes cases in which two
or more groups associated with different communities confronted each
other.
had largely ended by February 1831.8 The maps in figures 1B,
1C, and 1D show the three phases of the unrest as described in
Hobsbawm and Rudé (1973). The first was largely contained
within Kent. The second saw the riots spread rapidly to the
cereal-producing areas of the southeast, the Midlands, and
East Anglia. In the third phase the riots spread throughout the
rest of England. Since the Swing riots spread across a vast area
in the space of 40 weeks, it is unlikely that they were the work
of a few roaming bands of rioters. Furthermore, data on con-
victed rioters compiled by Holland (2005, app. 1) list over
1,600 different participants, which again suggests that the riots
were not the work of a few individuals.9

The local authorities were slow to respond. In some cases
they made concessions to the rioters, but often they lacked
the power to do so. In other instances they tried to repress
the riots, but for this they relied on local volunteers who in
many cases sympathized with the rioters and refused to help.
The rioting eventually came to an end in the early months of
Table 1. Hypotheses
Category
 Hypothesis
8
Rud
this
than

9
alon
slow
agita
evid
lead
Operationalization in the Context of the Swing Riots
Personal networks
 H1: Locations experience diffusion from
incidents of social unrest in nearby
locations
Parishes within 10 km of locations with riots at t 2 1
should experience more riots.
Trade networks
 H2: Locations near trade hubs experience
more diffusion than other locations
Parishes within 10 km of a fair at t 2 1 should experience
more riots. This effect should be greater if there were
riots near the fair at t 2 1.
Transport networks
 H3: Locations near transport hubs expe-
rience more diffusion than other locations
Parishes near a coach stop should experience more
diffusion from riots in a 10 km neighborhood.
Mass media
 H4: Locations with better access to the
media experience more diffusion than
other locations
Parishes near a newspaper should experience more
diffusion from riots in a 10 km neighborhood.
Repression
 H5: Social unrest that is not repressed
diffuses; social unrest that is repressed
does not
Parishes with riots in a 10 km neighborhood at t 2 1 that
resulted in arrests should experience fewer riots at t.

Parishes with riots in a 10 km neighborhood at t 2 1 that
did not result in arrests should experience more riots at t.
Organizers
 H6: Locations with more organizers will
experience more diffusion
Parishes that sent more petitions should experience more
diffusion from riots in a 10 km neighborhood.
. There is no consensus among social historians (e.g., Hobsbawm and
é 1973, chap. 4) as to why the riots started in Kent, and it is likely that
was a coincidence. The economic situation in Kent was not worse
in any of the other cereal-producing counties of southeastern England.
. Charlesworth (1979, 28) studies the speed at which the riots spread
g the main stagecoach routes to London and concludes that “such
speeds mean that we can discount any thought of a conspiracy by
tors traveling by coach.” Moreover, there is no convincing historical
ence for any form of national coordination, and the national (radical)
ers do not appear to have been involved (Jones 2009).



12. The locations of fairs and arrests do not correlate with any of the
indicators. There are more coach stops near London, but otherwise the
indicators do not correlate with the presence of a coach stop. The presence
of a newspaper is positively correlated with factors related to urbanization,
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1831 due to three factors: parishes were small and only had
a limited number of potential targets, the approaching end
of winter meant more employment opportunities in arable
farming, and a sudden and unexpected change in govern-
ment led to an increase in repression.10

In addition to the riots data, we digitized and geocoded
archival data on the location and timing of local fairs (Owen
1827), the location of stops in the stagecoach network (Bates
1969), the location where newspapers were published (House
of Commons 1833), and the number of petitions each parish
sent to parliament between 1828 and 1831 on the issues of
slavery, parliamentary reform, and Catholic rights (House of
Commons 1831).11 We lack detailed data on local repression;
10. The Whigs assumed power in November 1830 and within a month
had arrested 2,000 rioters. A special commission sentenced many of them
to death or deportation.

11. Table 3 reports the descriptive statistics for these variables.
instead, we use arrests as a proxy, since the number of arrests
would have sent a signal to potential rioters about the risks
involved.

These variables are likely correlated with a large number
of socioeconomic factors that could have affected whether a
parish was vulnerable to riots. We explore this in table A2,
which shows the correlations between our key variables and
10 parish-level socioeconomic indicators.12 As expected, in
Figure 1. Frequency and spatial distribution of the Swing riots. A, Number of Swing riots by week; B, location of the riots during phase 1 (June–October);

C, location of the riots during phase 2 (November); D, location of the riots during phase 3 (December–March). March 28, 1831, is the Monday of the week

ending on Sunday, April 3, 1831. (Sources: Hobsbawm and Rudé 1973, app. 3; Holland 2005.) Color version available as an online enhancement.
including the number of traders and professionals and the presence of a
police station. Finally, the number of petitions sent by a parish is positively
correlated with a large number of indicators, including the population of
the parish, the number of traders and professionals, and the number of
families employed in agriculture. Aidt and Leon-Ablan (2021) examine
the relationship between a number of different structural factors and the
incidence of riots.
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many cases the correlations are high, an issue that is ad-
dressed by the empirical strategy we discuss below.

THE DIFFUSION OF THE SWING RIOTS
Research design
The spatiotemporal variation in our data allows us to address
the reverse Galton problem and separate the effect of clus-
tered fundamentals and shocks from that of diffusion. We
measure diffusion by looking at the spatial lag of riots; the
coefficient on this variable tells us the extent to which riots in
a parish result from riots in nearby areas. The Swing riots
spread relatively slowly because information at the time
traveled at a low speed, generating time variation in exposure
to riots nearby that is observable; at the same time, the riots
spread fast enough to render all parish-level economic and
social fundamentals approximately fixed. Our identification
strategy relies on the plausible assumption that either these
fundamentals exhibited no time variation in the 40 weeks of
unrest, and so can be picked up by parish fixed effects, or their
variation can be captured with week dummies and location-
specific time effects. This allows us to remove the effect of
clustered fundamentals and shocks, leaving us only with
diffusion.13

The units of observation are combinations of the 10,335 En-
glish parishes and the 40 weeks between Monday, June 28,
1830, and Sunday, April 3, 1831. Our baseline specification is

riotst p p1 qti1 o
L

sp1
bs # W # riotst2s

L ð1Þ
the neighborhood (rather than the average across neighboring parishes) is
likely to be the measure that matters for diffusion. In the appendix we
replicate some of our estimates using a row-normalized matrix, and the
results are consistent with what is presented here. The 10 km radius used to
create the neighborhoods is chosen on the basis of historical evidence that

suggests that this is as far as most farm laborers would typically travel (e.g.,
Hobsbawm and Rudé 1973, 212). In table A7 we show that our results are
robust to increasing this radius.
1 o
rp1

lrriotst2r 1 ut; ð1Þ

where riotst is an n# 1 vector in which element i corre-
sponds to the number of riots in parish i in week t. On the
right-hand side,p is an n# 1 vector of parish fixed effects that
capture all time-invariant parish-level factors; qt is a scalar
week effect and i is an n# 1 vector of ones, and these capture
time shocks common to all parishes.14 The termoL

sp1 bs #

W # riotst2s is the spatial lag, where bs is a parameter and
W is an n# n weight matrix in which element (i, j) equals 1
if parishes i and j are neighbors (their centroids are within
10 km of each other) and 0 otherwise.15 This term therefore
involves time lags of the spatial lag and captures the effect of
13. This is equivalent to the identification assumption described in
Plümper and Neumayer (2010): “Identification rests on the assumption
that all of the spatial patterning of the dependent variable that has nothing
to do with spatial dependence itself is fully explained by the independent
variables other than the spatial lag” (427).

14. In table A3 we show that our results are robust to using parish-
days as the unit of observation.

15. The choice of our weight matrix is motivated by theory, as re-
commended by Plümper and Neumayer (2010): the total number of riots in
riots in neighboring parishes at different times in the past.16

The termoL

rp1 lrriotst2r includes time lags of own riots in
which L is the number of lags and lr is a coefficient; this
captures the history of riots within a parish and helps account
for temporal dynamics. The term ut is an n# 1 vector of
errors, which includes unobserved factors.

We estimate equation (1) with the least squares depen-
dent variable estimator (LSDV), adjusting the standard errors
to account for heteroskedasticity, serial autocorrelation, and
spatial correlation between parishes that are within 10 km
of each other, using the method in Conley (1999).17 We em-
ploy this OLS estimator (and so we run S-OLS) because Fran-
zese and Hays (2007) show that when the size of the spatial
lag is under 0.3, S-OLS and S-MLE produce similar results.18

We later show that our results are robust to using an S-MLE
specification.

Personal networks
Information about the Swing riots could have been trans-
mitted locally between friends and family (Hobsbawm and
Rudé 1973, 189) or between farm laborers who lived near
each other (Griffin 2012, 133). We can test for the impor-
tance of these personal networks by quantifying diffusion at
the local level. The specification in equation (1) captures this
effect, and table 2 reports the estimation results. Column 1
presents a simple regression that shows that diffusion is
positive and significant. The coefficient on W # riotst21 iso-
lates diffusion under the assumption that clustered funda-
mentals and time shocks are picked up by the parish and week
fixed effects, and it can be interpreted as the direct effect that an
additional riot in the neighborhood of parish i in week t 2 1
has on riots in i in week t. This interpretation as a marginal
effect is possible because the spatial lag enters the panel model
16. Anselin (1988) shows that the presence of a spatial lag causes
ordinary least squares (OLS) estimates to be biased and inconsistent. We
address this by time lagging the spatial lag, as suggested by Ward and
Gleditsch (2008).

17. It is common to assume that the residuals follow a normal dis-
tribution, but this assumption is not necessary in samples as large as ours.
We discuss this in more detail in the appendix.

18. Franzese and Hays (2007) conclude that “modest interdependence
strength and imperfect exogeneity of instruments—common conditions,
we suspect—favor adequacy of the simpler LS over the IV or ML spatial
estimators” (157).



216 / Social Dynamics of Collective Action Toke Aidt, Gabriel Leon-Ablan, and Max Satchell
with a one week lag. The effect is large: one additional riot
near i results in an additional 0.0029 riots in i the following
week, which is more than half the size of the number of riots
experienced in the average parish-week (0.0054, as reported
in table 3).

It is also informative to examine the size of the effect that
results from a typical within-parish change in the number of
riots in the neighborhood.19 To do this we compute the
19. When using fixed effects, the size of the effect implied by the
coefficient needs to be calculated relative to a plausible within-unit change
in the independent variable (Mummolo and Peterson 2018). Otherwise we
may end up calculating the effect using a variation that, although present
across units, is too large to occur within units.
within variation for each parish, take its average across
parishes, and use this value to calculate the size of the effect.
The average within-parish variation in the independent var-
iable is 4.677, leading to an effect of 4:677# 0:0029 p 0:014.
That is, an increase in nearby riots that is equal to the average
within-parish variation results in an additional 0.014 riots; this
is 2.5 times the baseline probability of a riot in the sample
(0.0054, as reported in table 3).20
Table 2. Diffusion
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a
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ads to 0:0029#
r of riots across p
riotst
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
 (7)
 (8)
W # riotst21
 .0029**
 .0029**
 .0020*
 .0039***
 .0016***
 .0032***
 .012*
 .0023***

(.00096)
 (.00091)
 (.00088)
 (.00076)
 (.00022)
 (.00092)
 (.0049)
 (.00025)
W # riotst22
 2.00017

(.00050)
W # riotst23
 .000088

(.00055)
riotst21
 .032*
 2.055**
 2.065**
 2.038*
 2.076***
 2.254***
 .033***

(.016)
 (.018)
 (.023)
 (.015)
 (.019)
 (.031)
 (.0016)
riotst22
 2.12***

(.014)
riotst23
 2.12***

(.015)
Observations
 403,065
 403,065
 403,065
 403,065
 384,142
 382,395
 403,065
 403,065

Fixed effect
 Parish
 Parish
 Parish
 Parish
 Parish
 Parish
 Parish
 Parish

Time dummies
 Weeks
 Weeks
 Weeks
 Weeks
 Weeks
 Weeks
 Weeks
 Weeks

Time trend
 None
 Parish #

period

Parish #

period

Parish #

period

Parish #

period

Parish #

period

None
 None
Standard errors
 Conley
 Conley
 Conley
 Conley
 Conley
 Conley
 Bootstrap
 Spatially
adjusted
Estimation
 OLS
 OLS
 OLS
 OLS
 OLS
 OLS
 Poisson
 MLE
Note. Standard errors in parentheses. In cols. 1–6, the standard errors are corrected for heteroskedasticity, serial autocorrelation, and spatial correlation
among the error terms of parishes within 10 km of each other, following the procedure in Conley (1999). The parish # period effects are constructed by
interacting the parish dummies with four period dummies, each corresponding to a 10-week subset of the 40 weeks of unrest. The vector riotsOt in col. 5
measures riot onset, with element i being equal to 0 if by time t no riot has taken place in parish i and equal to 1 if the first riot in parish i occurs at time t.
The variable is coded as missing if a riot has taken place in i at any time before t, which explains the drop in the number of observations. The coefficients in
col. 7 are conditional fixed effects maximum likelihood (ML) Poisson regression coefficients. Column 8 estimates the specification in col. 1 but uses a
maximum likelihood estimator (MLE) with the errors adjusted for arbitrary spatial correlation across neighboring parishes. OLS p ordinary least squares.
a Large riots only.
b Small riots only.
1 p ! .10.
* p ! .05.
** p ! .01.

*** p ! .001.
et a sense for
lton Foliat in
week of No-
79 p 0:23,
arish-weeks.
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These results are about how a parish is affected by one of
its neighbors, but we can turn this question around and
consider how a parish affects its neighbors. To do this, we
calculate the effect that an additional riot in a parish j at time
twould have on the total number of riots in its neighborhood
at t 1 1. This requires that we add up the effect of that ad-
ditional riot on each of j’s neighbors, which is approximately
equal to the spatial lag coefficient times the average number
of neighbors (which is 34); that is, 0:0029# 34 p 0:10.21

The coefficient 0.0029 is an average across weeks, but we
can also estimate a specification in which the coefficient on
a binary version of the spatial lag is allowed to vary by week.22

We do this by following the method developed in Hainmuel-
ler, Mummolo, and Xu (2019), which relaxes the linearity
21. We can also compute the cumulative long-term effect of this riot
after s periods by adding the effects at t 1 1,t 1 2, ... , t 1 s. The cumu-
lative effect will depend on where the initial riot takes place, but the mean
long-term effect converges to 0.13. This effect is much greater for parishes
with an above-average number of neighbors, including many in Kent
(where the riots started), which have over 100 neighbors. See the appendix
for the derivation of this result.

22. The dummy equals 1 if there was at least one riot in the 10 km
neighborhood of the parish at t 2 1.
assumption implicit in standard interaction formulations
and checks for common support across the range of the
conditioning variable (which in our case is weeks). Figure 2
shows the results. In figure 2A we plot the conditional mar-
ginal effects from a binning estimator, which shows that in
the early weeks the diffusion generated by a nearby riot was
increasing with time. This then drops suddenly after De-
cember. In the middle weeks, the coefficients are around 0.05;
multiplying this by 34 (the average number of neighbors) gives
1.7, meaning that an additional riot in j in these middle weeks
would have generated on average more than one riot in j’s
neighborhood the following week. This is the explosive phase
of the process. The fact that these coefficients then fall is
consistent with the riots slowing down and eventually end-
ing.23 Figure 2B repeats the analysis using a kernel smoothing
estimator of themarginal effects, which confirms the findings
from figure 2A

The assumption that clustered fundamentals and time
shocks are picked up by the parish and week effects would be
violated if some parishes were affected by correlated shocks
that varied across time and space. In column 2 of table 2 we
add parish# period effects that we construct by interacting
the parish dummies with four period dummies, each cor-
responding to one of the 10-week subperiods into which the
40 weeks in our data can be divided. This is a flexible way to
control for parish-specific time trends. The results do not
change much, suggesting that this is not a major concern.

The Swing rioters engaged in a variety of actions, all of
which were part of their repertoire of contention (McAdam
et al. 2001, 16). It is possible that different actions spread in
different ways. In column 3 we show the results for regres-
sions that only consider types of incidents that were “large”
(those that tended to have 10 or more participants), while
in column 4 we show results that only include those types
of incidents that were “small” (those with fewer than 10 partic-
ipants). Large incidents include machine breaking, robbery,
wage and tithe riots, and the rescue of prisoners, while small
incidents include arson; attempted arson; damage to crops,
fences, and other property; animal maiming; and Swing let-
ters.24 We find that the coefficient for small incidents is twice
Table 3. Summary Statistics
N
 Mean
 SD
 Min
 Max
riotsi,t
 413,400
 .0054
 .12
 0
 15

riots nearbyi,t
 413,400
 .16
 1.25
 0
 88

d(riotsi,t)
 413,440
 .003
 .06
 0
 1

d(riots nearbyi,t)
 413,440
 .060
 .24
 0
 1

d(fairsNi,t)
 413,400
 .16
 .37
 0
 1

d(riots near fairi,t)
 413,440
 .099
 .30
 0
 1

d(newspaperNi)
 413,400
 .22
 .41
 0
 1

d(coachstopNi)
 413,400
 .63
 .48
 0
 1

d(repressioni,t)
 413,440
 .0007
 .026
 0
 1

d(repression nearbyi,t)
 413,440
 .0135
 .115
 0
 1

d(petitionsi)
 413,440
 .25
 .43
 0
 1
Note. Variable riots nearbyi,t is element i in W # riotst; d(xi,t) refers to a
dummy variable that equals 1 when expression x is true for parish i in week
t; d(riotsi,t) equals 1 if there was at least one riot in i at t; d(riots nearbyi,t)
equals 1 if there was at least one riot in the 10 km neighborhood of i at t;
d(fairsNi,t) equals 1 if there was a fair within 10 km of parish i in week t;
d(riots near fairi,t) equals 1 if there was at least one riot at t near a fair that
was taking place at t and was within 10 km of i; d(newspaperNi) equals 1 if
parish i is within 10 km of where a newspaper was published; d(coachstopNi)
equals 1 if parish i is within 10 km of a coach stop; d(repressioni,t) equals 1 if
there were any Swing-related arrests in i at t; d(repression nearbyi,t) equals 1 if
there were any Swing-related arrests in the 10 km neighborhood of i at t; and
d(petitionsi) equals 1 if parish i sent at least one petition to parliament (on
parliamentary reform, slavery, or Catholic rights) in 1828–31.
23. The bottom of fig. 2A shows treated units (those with at least one
riot nearby) in dot-dashes and control units (those with none) in dots,
by week. Most of the treatment occurs in the middle range, where the
coefficients are positive. This again is consistent with an explosive process
that starts suddenly and ends quickly.

24. There are 1,339 large incidents and 890 small incidents in our data
set. The classification is based on estimates of the approximate number of
individuals involved by type of incident, derived using the data in Horn
and Tilly (1988). See the appendix for more details.



25. Table A5 reports the results for a specification with up to 10 tem-
poral lags.

26. This estimator is robust to the violation of the assumption that the
mean and variance of the dependent variable are the same, and so we do
not need to use a negative binomial estimator.

27. Table A6 shows that our results are robust to excluding the county
of Kent (where the riots started) and excluding all parishes within 20 km
of London. Table A7 shows that the results are robust to increasing the
neighborhood radius to 20 km.
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as large as that for large incidents, and an F-test rejects the
null of equality at the 5% level. It is perhaps not surprising
that small incidents diffused more, since they involved activ-
ities that could be easily replicated elsewhere. Large actions,
however, required more coordination and involved activities
(e.g., machine breaking) that were only possible in specific lo-
cations (i.e., where there was a machine to break).

The time lag of the spatial lag eliminates the problem of
simultaneity, but reverse causality is still possible: a riot in
parish i at time t can lead to a riot in parish j at time t 1 1,
and then this riot might itself lead to a riot in i at t 1 2.
We address this by focusing on the onset of riots in a parish,
since by definition there can be no reverse causality. We
define a new n# 1 vector riotsOt that measures riot onset,
with element i being equal to 0 if by time t no riot has taken
place in parish i and equal to 1 if the first riot in parish i
occurs at time t. The variable is coded as missing if a riot has
occurred at any time before t, so that the parish exits the
sample the week after it experiences its first riot; conse-
quently, it cannot experience the feedback from the effect its
riots have on its neighbors. Column 5 of table 2 presents
estimates of the probability of onset as a function of riots in the
parish’s neighborhood. The point estimate on W # riotst21 is
roughly half that in column 2, suggesting that feedback from
parish i back to itself through neighboring parishes may be of
some importance.

We have implemented a large number of additional ro-
bustness checks, three of which are shown in table 2. Col-
umn 6 shows the results when we include three temporal
lags, and our main findings are unchanged.25 Column 7 re-
ports the results from a conditional fixed effects maximum
likelihood Poisson estimator that treats the number of riots
in a parish as a count variable.26 The coefficients are different
and have a different interpretation, but the signs and sig-
nificance levels are consistent with the results reported in the
other columns. Column 8 presents the results from using maxi-
mum likelihood (instead of OLS) to estimate the coefficients.
As discussed earlier, because of our setting and specification,
we expect both maximum likelihood and OLS to produce
similar results, and that is indeed the case.27

In conclusion, our results provide strong support for the
hypothesis that local personal networks are key to the spread
of riots: individuals participate because their neighbors do.
The existing quantitative literature has often examined dif-
fusion by looking at how social unrest spreads across cities—
for example, Myers (2010) examined the spread of race riots
in the 1960s across cities in the United States, while Andrews
Figure 2. Spatial coefficients on a binary version of the spatial lag, d(W # riotst21), by week, where d(W # riotst21) is a vector of length n in which element i

equals 1 if there was at least one riot within 10 km of parish i at time t2 1. The coefficients are estimated by interacting the spatial lag with week dummies

using the interflex package (Hainmueller, Mummolo, and Xu 2019). A, Conditional marginal effects from a binning estimator (using 10 bins). B, Results for a

kernel smoothing estimator of the marginal effects. The dot-dashed line at the bottom shows the frequency distribution of treated parishes across weeks

(where a parish is treated if it had at least one riot nearby at t2 1); the dotted line is the frequency distribution for nontreated parishes. The estimates

control for riotst21 and include both parish and week effects. Standard errors are bootstrapped, and we show 95% confidence intervals. Color version

available as an online enhancement.
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and Biggs (2006) examined the diffusion of sit-ins in the
American South—but the use of cities as the unit of analysis
means that these studies cannot estimate the role played by
very local networks. We show that these local networks play
an important role in the spread of unrest, confirming a num-
ber of previous accounts including those of the 1967 riots in
Detroit (Singer et al. 1970), the 1871 Paris Commune (Gould
1991), and the Arab Spring protests in Egypt (Hassanpour
2017).

Trade networks (fairs)
Regional trade in the 1830s was centered around market
towns and fairs. People from the surrounding countryside
would come to these locations to trade and in the process
exchanged information about local events (Hobsbawm and
Rudé 1973, 188). News about the Swing riots could have been
shared at the fairs, and then it spread into the surround-
ing countryside as people returned home. This information
could in turn have spurred new riots. For example, news of
concessions by the local authorities appear to have spread
during the fair held in Norwich on November 27, 1830, and
two days later rioting broke out in several parishes around
the city (Charlesworth 1979, 20–24).

We examine whether diffusion was higher near the site of
a fair in the weeks after it was held. The advantage of working
with fairs is that they were large regional events that took
place once or twice a year, and so they exhibit time varia-
tion.28 We use data on the location and dates of all fairs,
which were fixed to coincide with important events in the
calendar (e.g., Easter). Although the location of a fair could
be endogenous, its timing is plausibly exogenous as it is un-
likely to have been affected by factors related to the riots.29

For example, fairs in the southeast, an area that grew cereals,
did not disproportionately happen in winter.30 Since our
estimation strategy exploits variation over timewithin parishes
(in terms of whether a fair is taking place nearby), endogeneity
is unlikely to be an issue.

We augment equation (1) by adding an n# 1 vector
d(fairsNt21) that has element i equal to 1 if a fair took place
within a 10 km radius of parish i at t 2 1 and equal to 0
28. This is unlike markets, which were regular events that happened at
least once a week.

29. There is no evidence of fairs being canceled as a result of the riots.
30. There is no discernible pattern to when or where fairs were held,

and the presence of a fair in a parish does not correlate with any of our
observable, parish-level socioeconomic indicators (see table A2). Over
97% of parishes were within 10 km of a location that held a fair during the
period of unrest. Figure A3 (figs. A1–A5 are available online) shows the
location of fairs.
otherwise. Figure 3A shows that the coefficient on this vector
is positive and significant: parishes near the location of a fair
experienced more riots the week after the fair had taken
place. To get a better sense for whether the fairs helped
spread information about the riots, we split the effect of fairs
into two, depending on whether there were riots near the
fair in the week it happened.31 We do this by interacting
D(fairsNt21), an n# n matrix in which element (i, i) is 1 if
there was a fair near parish i at t 2 1 and all other elements
are 0, with d(riots near fairt21), which is an n# 1 vector in
which element i equals 1 if at t 2 1 there was at least one riot
within 10 km of a fair that is near parish i and 0 otherwise.32

Figure 3B shows that the explanatory power of fairs is largely
taken up by this interaction, suggesting that fairs fueled dif-
fusion only when there had been riots in their vicinity. The
effect is large: it is 10 times bigger than the coefficient on
Figure 3. Coefficients on fairs and their 95% confidence intervals. The

standard errors are corrected for heteroskedasticity, serial autocorrelation,

and spatial correlation among the error terms of parishes within 10 km of each

other, following the procedure in Conley (1999). A, IncludesW # riotst21 and

d(fairsNt21), where d(fairsNt21) is an n# 1 vector in which element i equals

1 if at least one fair occurred within 10 km of parish i’s centroid in week t 2 1

and 0 otherwise. B, We add d(riots near fairt21), which is an n# 1 vector in

which element i equals 1 if in week t2 1 there was at least one riot within

10 km of a fair that is near i and 0 otherwise. We also include the interaction

D(fairsNt21)#d(riots near fairt21), where D(fairsNt21) is an n# n diag-

onal matrix in which element (i, i) equals 1 if at least one fair occurred within

10 km of parish i’s centroid in week t2 1, and all other elements are 0. A

sample size of 403,065 was used in these estimations. Table A8 reports the

complete regression results from which these coefficients are taken.
31. The reasoning is that information about riots near the fair would
have spread between individuals attending that fair, who then would have
brought this information back home with them.

32. We use a binary version of this variable in order to reduce the
potential effect of outliers.
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d(fairsNt21). This is consistent with the hypothesis that
fairs served as local information hubs where individuals ex-
changed news about what was happening in the surrounding
countryside.33

We find support for our hypothesis that locations near
trade hubs experience more diffusion; at these locations,
market traders and laborers appear to have exchanged in-
formation about the local riots, possibly as gossip and with-
out the intention of causing the riots to spread (Allport and
Postman 1947; Bhavnani, Findley, and Kuklinski 2009). This
shows that unrest can spread along trade networks, a hypoth-
esis that is difficult to test in other contexts because changes in
trade are typically endogenous. In doing so we provide quan-
titative evidence for the claim that dense information networks
formed throughmarket transactions can facilitate the spread of
riots (Bohstedt andWilliams 1988; Rudé 1964). However, our
conclusions differ from those of a recent empirical literature
that views trade as a factor that facilitates peace. For example,
Jha (2013) finds that trading ports in South Asia were less
prone to the onset of interethnic violence than inland cities,
because complementarities in trade led to the emergence of
institutions that fostered cooperation between ethnic groups.
We focus on diffusion and on a different type of violence, and
we find that trade brought together individuals who other-
wise would not have mixed, allowing them to exchange in-
formation that facilitated the spread of the riots.

Transport networks (coach stops)
The Swing riots predate the construction of the railroads,
and so the stagecoach was the main form of public transport,
with coaches traveling along the existing turnpike roads and
making stops at preestablished locations (Albert 1972). Trav-
elers along these roads could have met local laborers and
activists near the coach stops and told them about the riots in
other parts of the country. Consequently, proximity to a coach
stop could have improved a parish’s access to information
about the riots.

We test for the effect of transport networks on diffusion
by examining whether diffusion was greater in parishes near
coach stops.34 To do the estimation we introduce the n# n
matrix D(coachstopN), where element (i, i) equals 1 if parish
iwas within 10 km of a coach stop, and all other elements are
33. Table A12 shows that the results are robust to restricting our
analysis to large incidents only.

34. The location of coach stops is endogenous; in particular, the density
of coach stops wasmuch higher in parishes near London (see table A2). This
means that the estimation coefficients partly reflect a “proximity to Lon-
don” effect, which could have affected rioting directly. Figure A4 shows the
location of the coach stops.
0. We interact this with d(W # riotst21), which is a binary
version of the spatial lag in which element i equals 1 if there
was at least one riot in the neighborhood of i at time t 2 1
(and all other elements are 0). Figure 4 shows that this in-
teraction is statistically insignificant.35

There is a growing quantitative literature that studies the
importance of transport networks in facilitating the diffu-
sion of social unrest: Brooke and Ketchley (2018) show that
the spread of the Muslim Brotherhood in Egypt was facili-
tated by the railways, Ketchley and Brooke (2018) show that
the Brotherhood was more likely to mobilize near mosques
that were accessible by tram, and Cunningham and Phillips
(2007) show that state routes and highways aided in the ex-
pansion of the Ku Klux Klan in North Carolina. These stud-
ies build on an older qualitative literature; for example,
Skocpol (1997) argues that the stagecoach was an important
factor in the development of civil associations in the United
States, while Pethybridge (1972) suggests that the success of
the Bolsheviks was in part because of their use of the railway
system. Most of these studies look at diffusion over a rela-
tively long period of time; we show that in situations where
Figure 4. Coach stops (A) and newspapers (B): coefficients of interest with

their 95% confidence intervals. The standard errors are corrected for he-

teroskedasticity, serial autocorrelation, and spatial correlation among the

error terms of parishes within 10 km of each other, following the procedure

in Conley (1999). Here, d(W # riotst21) is a vector of length n, in which

element i equals 1 if there was at least one riot within 10 km of i at time t 2 1

and 0 otherwise; D(coachstopN) is an n# n diagonal matrix in which el-

ement (i, i) equals 1 if parish i is within 10 km of a coach stop and 0 oth-

erwise; and D(newspapersN) is an n# n diagonal matrix in which element

(i, i) equals 1 if parish i is within 10 km of where a newspaper was published

and 0 otherwise. A sample size of 403,065 was used in these estimations.

The complete regression results can be found in table A9.
35. The dummy variable that captures proximity to a coach stop drops
out of the estimation because it exhibits no time variation. Table A13 shows
that the results are robust to restricting our analysis to large incidents only.
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diffusion happens very quickly, as is often the case with so-
cial unrest, the transport network appears to play no role.
Moreover, in most of the cases considered by these studies
there was a considerable amount of centralized organization;
we show that social unrest that is not centrally organized
does not appear to spread through the transport network.

Media networks (newspapers)
Newspapers were the only form of mass media at the time of
the Swing riots. Local and national newspapers reported ex-
tensively on the riots and on the authorities’ response to
them, with the first reports appearing in the Standard and
the Times on September 27, 1830. Farm laborers were mostly
illiterate, and so if information from the newspapers reached
them, it is likely to have been through local activists who
either organized the riots or used the information to inspire
farm laborers to mobilize (Charlesworth 1979). Our hypoth-
esis is that these effects were stronger in areas where local
newspapers were published, which we test by estimating
whether there was more diffusion in parishes near towns
with a local newspaper. To do the estimation, we introduce
the n# nmatrix D(newspaperN), where element (i, i) equals
1 if parish i was within 10 km of where a newspaper was
published, and all other elements are 0. We interact this with
the n# 1 vector d(W # riotst21).36 Figure 4 shows that the
estimated coefficient on the interaction term is zero; we find
no evidence to support the hypothesis that the mass media
affected diffusion during the Swing riots.37

Our findings stand in contrast to a large literature that
emphasizes the role of the media in facilitating the spread of
unrest. For example,Myers (2000) finds that media networks
were important in driving the spread of race riots across
cities in the United States, while Andrews and Biggs (2006)
show that it facilitated the diffusion of sit-ins in the Amer-
ican South. Traditional forms of media continue to be im-
portant: interviews with participants in the 2011 London
riots suggest that many of them learned about the riots from
television news reports (Morrell et al. 2011). Recently this
literature has shifted its attention to social media; for ex-
ample, Vasi and Suh (2016) show that the Occupy move-
ment used Facebook to grow and spread, Enikolopov et al.
(2020) show that the penetration of VKontakte (the Russian
equivalent to Facebook) facilitated the spread of the post-
36. The location of newspapers was not random, and table A2 shows that
the presence of a newspaper was correlated with measures of urbanization.
Figure A4 shows the locations where newspapers were published.

37. The dummy variable that captures proximity to a newspaper drops
out of the estimation because it exhibits no time variation. Table A13 shows
that the results are robust to restricting our analysis to large incidents only.
election protests in 2011, and Hassanpour (2014) finds that
activity on social media helpedmobilize protesters in Egypt’s
Arab Spring. Yet, some studies have shown that themassmedia
can help deter unrest, for example, if it is used by the govern-
ment to transmit threats to potential participants (e.g., Hassan-
pour 2017).

THE INFORMATION TRANSMITTED
What did the farm laborers and local activists learn from the
riots in other parishes? Our framework distinguishes be-
tween information about the riots themselves, which could
have provided inspiration and ideas about new actions in the
repertoire, and information about the local authorities’ re-
sponse, which would have affected individuals’ cost-benefit
calculations. A key element in this cost-benefit calculation is
the likelihood of punishment.38 Historical accounts suggest
that the lack of an effective response in the early weeks of the
riots allowed them to spread. For example, following the
arrest of some of the first machine-breakers, “the intensity of
protests declined immediately thereafter . . . [but] the trial of
these first machine-breakers and their subsequent sentence
of only four days’ imprisonment—against the maximum sen-
tence of seven years’ transportation—acted to encourage
others to ‘rise’. Literally overnight, protests spread rapidly”
(Griffin 2012, 2).

To understand whether the information about the local
authorities’ response to the riots fueled diffusion, we draw a
distinction between riots that led to arrests and those that
did not, where arrests serve as a signal to potential rioters about
the risks of participation. To capture this effect we include
d(riotst21), which is an n# 1 vector in which element i
equals 1 if there were riots in parish i at times t 2 1 and 0
otherwise; D(repressiont21), which is an n# n matrix in
which element (i, i) equals 1 if there were arrests in i at t 2 1
and all other elements are 0; an interaction between these
two; the spatial lagd(W # riotst21);D(repression nearbyt21

),
which is an n# n matrix in which element (i, i) equals 1 if
there were arrests within 10 km of parish i at t 2 1 and all
other elements are 0; and an interaction between these two.39

Figure 5A reports the results. We find that arrests in i had a
38. Another important element is the likelihood of concessions, but
we were unable to find systematic data to measure them.

39. The variable D(repressiont21)(i;i) can only be 1 if d(riotst21)i is 1,
and so it has the same value as the interaction D(repressiont21)(i;i)#
d(riotst21)i. Consequently, we can only estimate the coefficient on either
D(repressiont21)(i;i) or the interaction but not both; in practice the variable
D(repressiont21)(i;i) is dropped by the estimation. Similar reasoning
explains why the variable D(repression nearbyt21)(i;i) is dropped by the
estimation.



40. The dummy for petitions is dropped because it has no time variation.
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negative and significant effect on future riots in i: if the riots in
a parish led to arrests, its expected number of riots the fol-
lowing week was significantly lower than it would have been
otherwise. This is consistent with the hypothesis that re-
pression discourages future participation. Turning to the spa-
tial lag, we find that the coefficient on the interaction is not
significant, so that arrests in nearby areas did not affect the
diffusion of those riots. This suggests that repression in par-
ishes near i had no effect on rioting in i: diffusion was not
affected by information about repression.

To summarize, we find that cost-benefit calculations ap-
pear to have been relevant to the decision to participate, so
that the direct threat of repression affected participation.
This supports the view in the rational choice literature that
repression reduces an individual’s willingness to participate
in a riot (e.g., DiPasquale and Glaeser 1998). However, dif-
fusion was not driven by information about the law en-
forcement response in neighboring parishes, and so the
evidence does not support the hypothesis that repression
affects diffusion. This suggests that behavioral factors (e.g.,
imitation) are likely to play an important role in the spread of
unrest.

THE ORGANIZERS OF COLLECTIVE ACTION
The response to the information about nearby riots could
have been either spontaneous or organized. If it was orga-
nized, we would expect to see the presence of organizers, in
this case the local activists who could have spread informa-
tion about the riots and provided organizational support. In
the data we cannot directly observe these local activists, but
we can proxy for their presence by looking at other activities
in which they would have been involved. One such activity is
the writing of petitions to parliament, particularly those con-
cerning the key social issues of the day: parliamentary reform,
slavery, and the rights of Catholics (Leys 1955). It is likely that
more petitions were written in areas with more local activists,
and so we can test the hypothesis that riots require the input
of organizers by examining whether parishes that sent more
petitions also experienced more diffusion. We estimate a spec-
ification that includes an interaction between D(petitions),
which is an n# n matrix in which element (i, i) equals 1 if
parish i sent any petitions between 1828 and 1831 and all other
elements are zero, and the spatial lag d(W # riotst21). The
results are shown in figure 5B.40 We observe that the estimated
coefficient on the interaction is positive and statistically sig-
nificant, suggesting that parishes that sent petitions experi-
enced more diffusion from nearby parishes.

The spread of the riots appears to have been aided by the
presence of local activists. This finding contributes to the
debate about whether riots and unrest more generally must
be organized and require leadership. Although much of the
literature has focused on nonrational explanations for the
Figure 5. Information transmitted, the organizers: A, repression; B, petitions. Coefficients of interest with their 95% confidence intervals. The standard errors

are corrected for heteroskedasticity, serial autocorrelation, and spatial correlation among the error terms of parishes within 10 km of each other, following

the procedure in Conley (1999). Here, d(riotst21) is a n# 1 vector, in which element i equals 1 if there were riots in i at t2 1 and 0 otherwise; d(W # riotst21)
is a vector of length n in which element i equals 1 if there was at least one riot within 10 km of i at time t2 1 and 0 otherwise; D(repressiont21) is an n# n

matrix in which element (i, i) equals 1 if there was repression in parish i at t2 1 and 0 otherwise; D(repression nearbyt21) is an n# n matrix in which

element (i, i) equals 1 if there was repression in parishes within 10 km of i at t 2 1 and 0 otherwise; and D(petitions) is an n# n diagonal matrix in which

element (i, i) equals 1 if parish i sent at least one petition to parliament in 1828–31 and 0 otherwise. A sample size of 403,065 was used in these estimations.

The complete regression results can be found in tables A10 and A11.
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spread of riots (e.g., Epstein 2002), a different view is that
riots are to some extent organized or facilitated by politicians
who control the security forces. For example, Wilkinson
(2004) shows that local politicians in India use their power
and control over law enforcement to trigger ethnic confron-
tations as part of their electoral strategy. In other instances the
unrest is organized by the groups themselves; for example,
Andrews and Biggs (2006) show that movement organiza-
tions were important in driving the spread of sit-ins in the
1960s. Our findings show that local organization can play an
important role in the diffusion of social unrest.

CONCLUSION
In this article we present a theoretical framework and an
empirical strategy for estimating the diffusion of social un-
rest. We apply the strategy to the case of the Swing riots and
show that diffusion was an important factor in driving the
unrest. We also examine how the information about the riots
was transmitted, what the information was about, and who
acted on it. This helps explain why and how diffusion hap-
pens and provides a comprehensive analysis of a process that
most of the literature treats as a black box.

The Swing riots are an ideal setting in which to estimate
diffusion, as our identification strategy relies on the relatively
slow speed at which they spread; this allows us to use time
variation to distinguish empirically between diffusion and
spatially clustered fundamentals. But there are other good
reasons why the Swing riots are an important case to con-
sider. Hobsbawm and Rudé’s (1973) book on the Swing riots
was the foundational text in the study of “popular protest and
history from below” (Griffin 2012, 16), and so this is a nat-
ural case in which to test our hypotheses. And the Swing riots
are of substantive historical interest too: at the time they
made people believe that England was on the brink of rev-
olution, and they played a crucial role in the success of the
Great Reform Act of 1832 (Aidt and Franck 2015).

In order to establish the extent to which the mechanisms
we have studied generalize to other contexts, our results need
to be replicated in other settings. There are a number of im-
portant parallels between the Swing riots and more recent
episodes of social unrest. For example, social unrest in less
developed countries, where individuals have limited access
tomodern communication technologies, must spread in ways
similar to the Swing riots. This is also true of unrest in cases in
which the authorities limit or shut down the phone and in-
ternet networks. But the specific ways in which our insights
generalize is a question left for future work.

An important issue missing from our analysis is the role
that structural factors play in driving social unrest. In the
context of the Swing riots, some of these factors have been
considered in isolation; for example, Caprettini and Voth
(2020) show that technological progress can help explain
why some parishes experienced riots during this period. But
this was a time of rapid social, economic, and political change,
and so it is possible that other factors played a central role too.
This is an important question that requires further examination.
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