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Abstract

Epidemics may have social scarring effects, increasing the likelihood of social unrest.
They may also have mitigating effect, suppressing unrest by dissuading social activities.
Using a new monthly panel on social unrest in 130 countries, we find a positive cross-
sectional relationship between social unrest and epidemics. But the relationship reverses
in the short run, implying that the mitigating effect dominates in the short run. Recent
trends in social unrest immediately before and after the COVID-19 outbreak are consistent
with this historic evidence. It is reasonable to expect that, as the pandemic fades, unrest
may reemerge in locations where it previously existed.
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I. INTRODUCTION

In 1832, the great cholera pandemic hit Paris. In just a few months, the disease killed 20,000
of the city’s 650,000 population. Most fatalities occurred in the heart of the city, where many
poor workers lived in squalid conditions, drawn to Paris by the Industrial Revolution. The
spread of the disease heightened class tensions, as the rich blamed the poor for spreading the
disease and the poor thought they were being poisoned. Animosity and anger were soon
directed at the unpopular King. The funeral of General Lamarque— pandemic victim and
defender of popular causes—spurred large anti-government demonstration on the barricaded
streets: scenes immortalized in Victor Hugo’s novel Les Misérables. Historians have argued
that the epidemic’s interaction with pre-existing tensions was a principal cause of what came
to be known as the Paris Uprising of 1832, which may in turn explain subsequent
government repression and public revolt in the French capital in the 19" century (Snowden

2019).

From the Plague of Justinian and the Black Death to the 1918 Influenza Epidemic, history is
replete with examples of disease outbreaks casting long shadows of social repercussions:
shaping politics, subverting the social order, and some ultimately causing social unrest
(North and Paul 1973, Bristow 2017, Elledge 2020). Despite ample examples, quantitative
evidence on the link between epidemics and social unrest is scant and limited to specific
episodes. This paper fills the gap. We examine whether epidemics may lead to higher
likelihood of social unrest using global evidence in recent decades. Understanding the
implications of epidemics on social unrest is crucial for preparing for potential social

repercussions caused by the COVID-19 pandemic.

There are several ways in which epidemics could affect the likelihood of social unrest. On
the one hand, epidemics, like other threats to human health such as natural disasters, can
subvert the social order. Mishandling of epidemics may reveal deeper problems such as
insufficient social safety nets, incompetent government, or the public’s lack of trust in
institutions. Outbreaks of contagious diseases have historically caused “fear of the other” and
backlash against certain groups (Deverell 2004; Hogarth 2017; Randall 2019). And

containment and mitigation efforts could be seen as excessive and unnecessarily costly ex



post—ironically, this may happen if these efforts are successful in stopping the spread of a
disease. Furthermore, possibly severe economic damage from epidemics, especially if
affecting disproportionately the poor, could exacerbate inequality and sow the seeds of future

social unrest. These are the scarring factors of epidemics that may give rise to social unrest.

On the other hand, epidemics are humanitarian crises that bring abrupt disruptions to lives.
Such disruptions may impede the communication and transportation needed to organize
major protests. Similarly, public opinion might favor cohesion and solidarity in times of
duress. In some cases, incumbent regimes may also take advantage of an emergency to
consolidate power and suppress dissent. As a result of these mitigating factors, the social
scarring in the form of unrest may not show up quickly. For these reasons, the overall effect
of epidemics on social unrest may depend on the horizon. Its quantitative impact is a priori
ambiguous, depending on the offsetting effects of the scaring and mitigating factors at

different horizons

Our analysis relies on a new cross-country dataset on social unrest—the Reported Social
Unrest Index (RSUI). The RSUI is an index constructed based on press coverage of social
unrest. Social unrest events are identified using spikes of the index. Barrett et al. (2020) show
that these identified events line up very closely with narrative descriptions of unrest in a
variety of case studies, suggesting that the index captures real events rather than shifts in
media sentiment or attention. This approach provides a consistent, monthly measure of social
unrest for 130 countries from 1985 to the present. It addresses a key challenge for research
on social unrest on identifying when events of unrest have occurred, with extant sources of
information mostly available at low frequency, with a significant time lag, or have

incomplete coverage.

Using this social unrest dataset merged with a comprehensive dataset of epidemics around
the world, we find that countries with more frequent and severe epidemics also experienced
greater unrest on average. However, this cross-sectional relationship is likely not causal. For
example, common factors, such as geography or income level may lead to more unrest and

more or more serious epidemics. We thus also estimate a dynamic panel model. The causal



interpretation of this model rests on the assumption that that the exact timing of epidemics is
random. In other words, the likelihood of an epidemic outbreak at a given time does not vary
systematically with other factors that may lead to unrest. This seems to be a reasonable

assumption within a relatively short timeframe, as in our empirical setting.

The dynamic panel model shows that the likelihood of unrest following epidemics goes
down. This suppressive effect is sufficiently large as to drive protest almost to zero in the
average country. The COVID-19 experience is not included in our standardized epidemics
dataset, and so serves as an out-of-sample test of our quantitative findings. It is so far
consistent with this historical pattern, with an almost complete cessation of recorded unrest
during the peak months of the crisis in spring 2020, followed by a slow recovery since.

Our paper is related to a large literature on social and political instability. One strand of the
literature examines the impact of social and political instability on growth, output, investment
(Alesina and Perotti 1996; Alesina et al. 1996; Jong-A-Pin 2009; Aisen and Veiga 2013;
Bernal-Verdugo et al. 2013; ), and stock market performance (Barrett et al, forthcoming).
Miguel et al. (2004) find that economic growth is strongly negatively related to civil conflict:
a negative growth shock of five percentage points increases the likelihood of conflict by one-
half the following year. A separate strand of the literature examines the determinants of
social unrest. Ponticelli and Voth (2020) find a positive correlation between fiscal austerity
and social unrest in Europe in the period between World War I and the Global Financial
Crisis. Fearon and Laitin (2003) and Collier, Hoeffler, and Rohner (2009) find that poor
policies and institutions are important determinants of social unrest among low-income

countries (LICs) or other emerging and developing economies (EMDEs).

Empirical evidence on the relationship between epidemics and social unrest are scant. One
exception is Cervellati et al (2014), who find that exposure to multi-host vector pathogen
(e.g. Malaria, zika, yellow fever) affects the likelihood of civil wars, a particularly extreme
form of social unrest. In another study, Cervellati et al (2018) find that a higher exposure to
malaria increases the incidence of civil violence in African countries. Both papers focus on
specific forms of unrest in Africa and explore cross-section variation in the exposure to a

specific type of contagious diseases. In comparison, our paper offers broad-based evidence



and explores both cross-sectional and time-series variations from the short-run to long-run

horizons.

The rest of the paper is organized as follows. Section II describes the data and measures and
present evidence on the recent trend of social unrest. Section III discusses the empirical

methodology and results. Section IV concludes.

II. DATA AND MEASUREMENTS
A. Measuring social unrest

We use a newly constructed data on social unrest events based on the Reported Social Unrest
Index (RSUI) (Barrett et al. 2020). The authors use articles from major international news
sources to create the country specific RSUI. For each country, the RSUI is constructed using
the number of articles on social unrest as a fraction of total articles. The authors use text-
based criteria the to identify articles on social unrest. For example, relevant articles must
include words such as “protest”, “riot” or “revolution”. They must also exclude certain terms
to avoid counting reports about previous events or revolution-themed movies. The selected
articles must be at least 100 words long and must mention the name of the country in
question. At the country level, the RSUI exhibits very large spikes that are associated with
major episodes of social unrest. The authors develop quantitative criteria to formalize these
spikes and identify a list of social unrest events at the country-month frequency.? They
compare these events against consensus narratives for a number of case studies, showing that

they align closely, and conclude that this method captures actual major social unrest events.

The final dataset consists of 569 events in 130 countries from mid-1980s to early 2020.

We merge the social unrest data with EM-DAT—a comprehensive database of international
epidemics and natural disasters, with information on the timing and location of more than

11,000 events since 1990. Although our focus is on epidemics, we also collect data on five

2 See Barrett et al. (2020) for multiple tests of this event coding against alternative narrative sources. The event
dataset has several advantages over the index alone. It addresses the limitation in the RSUI construction that
media coverage may not be fully comparable across countries. It also permits better cross-checks for false
positives and permits a labelling of each event, thus facilitating event narratives.



other types of disasters. Four types of disasters—floods, storms, earthquakes, and
landslides—are, along with epidemics, the most common events in the sample.(online
appendix Table A1). Droughts, although the only the seventh most common type of event
appear have particularly extensive impacts, on average affecting ten times as many people as
the next most far-reaching disaster, storms. The comparison to other disaster types is useful
because, as discussed earlier, epidemics and natural disasters are both humanitarian crises

that present similar challenges to social orders.

B. Recent social unrest events

Social unrest pre-COVID-19

Between January 2019 and January 2020, the events dataset identifies 59 unrest events in
forty countries. A number of major protests occurred late 2019 to early 2020, most notably in
the Middle East and South America but also elsewhere. None of these events appear to be
directly linked to major natural disasters or epidemics.? Instead, most of the unrest events
were motivated by political factors. This recent wave of social unrest events was the
continuation of a longer trend since 2016 (Figure 1), which itself reversed a gradual decline

in unrest following a peak after the Arab Spring of 2011.

3 It may be possible that disasters (or handling thereof) are the true primitive cause of social unrest causing
political disagreements to which the events are erroneously attributed. Anecdotal evidence suggests that this is
not the case for 2019.



Figure 1: Global unrest and mobility since 2016
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Social unrest during COVID-19

Since the start of the COVID-19 outbreak, the number of major unrest events worldwide has
fallen sharply and in March reached its lowest level in almost five years (Figure 1). The
decline in social unrest corresponds closely with a generalized decline in mobility driven by
regulations such as shelter-in-place orders, and voluntary social distancing. To illustrate the
remarkably close association between the timing of the decline in protest and the abrupt
cessation of social activities, Figure 1 also includes global averages of two series from
Google Community Mobility Reports. The mobility series use cell phone location history to
measure activity in specific categories, of which we include two (activities in retail and
recreation spaces and transit stations), although others look very similar. We interpret this

time series correlation as suggestive evidence that mitigating effects of the latest epidemic



have likely outweighed any scarring that might have incentivized unrest. We take up this

question again more formally in the next section .

Notable exceptions to this pause in social unrest include the United States and Lebanon. Yet
even in these cases, the largest protests were related to issues which long preceded the

COVID-19 epidemic: racial injustice in the United States and governance in Lebanon.

The protests in the United States are a good test of the media-based approach to measuring
unrest. An important challenge to our method is that media coverage of other high-profile
issues, such as an ongoing pandemic, may “crowd out” the coverage of unrest. In Figure 2
we replicate the search criteria of Barrett et al. (2020) at a daily frequency for the United
States.* It shows that press articles related to unrest increase sharply at almost exactly the
same time as major street protests broke out across the United States, despite a severe and
continuing pandemic, suggesting that media coverage remains a good indicator of unrest

even during a pandemic.

4 Barrett et al. (forthcoming) similarly construct a daily social unrest index for a large sample of countries.
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Figure 2: Daily media mentions of unrest in the United States, early 2020
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III. EMPIRICAL METHODOLOGY AND RESULTS

Here we analyze more formally the relationship between disasters and unrest. We report two
main findings. First, there is a strong cross-sectional relationship in the data: countries with
more disasters also have more unrest, even after accounting for variations in region, income,
and exposure to waves of unrest. Second, there is a negative within-country relationship
between epidemics and unrest, largest at around 4-6 months after the epidemic starts,
consistent with the experience under COVID-19, but that other disasters show no obvious

within-country intertemporal relationship with unrest.

We interpret this evidence as supporting two conclusions. The cross-country results are

consistent with the notion that the permanent and pervasive risk of disasters could lead to
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more unrest on average. However, the within-country findings suggest that the realization of
that risk—that is, the occurrence of disasters at a particular time—does not cause social

unrest. If anything, epidemics are more likely to mitigate unrest than to spur it.

A. Cross-sectional evidence

We start by analyzing the cross-sectional relationship between disasters and unrest, asking
whether countries have more epidemics have on average more social unrest. This relationship
usefully captures long run and persistent variations across countries. This long-run
perspective is important because epidemics may leave decades-long shadows in the society,
as we alluded to in our earlier account of history of epidemics. However, the limitation of a
cross-sectional analysis is its identification: there could be many factors causing a correlation

between unrest and disasters.

Figure 3 plots the cross-sectional relationship between per capita disasters and unrest events
for the six disaster types in our sample.’ In almost all cases, there is a positive relationship
between unrest and disasters that is stable across income groups. Interestingly, the magnitude
of the relationships is also relatively stable across the different types of disasters, despite

considerable variation in the countries exposed to different disasters.°

The graphical evidence seems convincing. In the Appendix we check that this relationship is
robust, reporting the results of the following regression:

yi=a+XaBxia+Vra) tVya) T € (1)
where 1 and r index country and region respectively, y; is the log number of social unrest
events per capita since 1990 in country i, x; 4 is the log number of disasters, e;; is the error

term, and y,(;) and vy,; are fixed effects for the region, r(i), and income group, y(i), for

> The per capita measure accounts for the fact that large countries (typically) have more area in which natural
disasters can occur, and more people who might want to engage in unrest. That said, our findings are almost
identical without the per capita scaling.

6 Of course, some countries are exposed to multiple disasters, but many are not. For example, earthquakes are
relatively common in Japan, but droughts are rare there. The reverse is true in Niger.
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country i. With these controls, the coefficients of interest 5; capture the relationship between

disasters and unrest across countries within the same region and income group.

Figure 3: Cross-sectional relationship between disasters and unrest
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The results are reported in Table A2 and confirm the relationships in Figure 3. We find a
positive and statistically significant cross-country relationship between disasters (all types
combined) and social unrest (column (1)). The relationships for other types of disasters are
statistically indistinguishable from each other (columns (2)-(4)) and are robust across regions

and country income group.

Social unrest often occurs in regional waves, such as Arab Spring in 2011, or Latin American

protests in 2019. Indeed, Barrett et al. (2020) show that recent social unrest both domestically



13

and in neighboring countries is correlated with higher future social unrest. Likewise,
disasters—particularly epidemics—are frequently regionally clustered. It thus seems
plausible that the cross-sectional relationship is merely the result of coordinated waves of
disasters and protest. To investigate this issue, we also estimate equation (1) using five-year
averages within each country, including time fixed effects. The inclusion of time fixed

effects accounts for global factors that may give rises to waves of unrest and disasters.

These results, reported in Table A2, columns (5) to (8), similarly show a robust and positive
relationship between disasters and unrest. In fact, in many cases, this relationship is slightly
stronger. The comparison now is across countries within a given five-year period, and so

these results say that even in the medium run, countries with more disasters also have more

unrest.

Overall, the cross-country evidence is relatively clear: there is a positive and strong
relationship between natural disasters of all types and unrest. However, this does not
necessarily mean that unrest is higher because of disasters. It could be that other factors, such
as geography or institutions, induce a positive correlation between the two. To investigate the
consequences of a disaster, we turn to the dynamic within-country behavior of unrest

following a disaster next.

B. Evidence from a dynamic panel

Turn to the dynamic relationship between social unrest and disasters, we estimate the

following panel regression, run separately for each type of disasters:

Yie = @ + ¢ + Z;'l=1 ﬁ]xl]t +V'zir + ey, (2)
where y;; 1s an indicator for a social unrest event in country i in year ¢, xl]t is an indicator
variable that takes a value of 1 if the latest disaster event occurred j months prior, z;; is a
vector of controls, and a; and 7, are country and time fixed effects respectively. We use a

linear probability so that we can include admit a wide battery of fixed effects—something

much harder in a nonlinear framework.
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Note that this is slightly different from a local projection framework (Jorda 2005). There, one
estimates separate regressions of y; ;4 on x;; and the set of controls over horizons h =

0,1, ..., H. The local projection approach is somewhat problematic in the current setting,
simply because both unrest and disasters are rare, with unrest and epidemics occurring in
around 1.2 and 1.9 percent of country-months respectively. Therefore, despite having a large
sample, at any given horizon h the probability of encountering many observations with both
a disaster at time t and an epidemic at time h is very low. As a result, the local projection

estimates have very low power, producing point estimates with very large standard errors.

A natural solution to this problem is to try to combine horizons to increase power. In the
standard local projection framework this is impossible, as regressions at horizons h and h'
are complete separate objects, so there is no common variance-covariance matrix that can be
used to compute standard errors. In the specification in equation (2), we have no such

problem. We can easily estimate the coefficient on a horizon of, say, 4-6 months simply by
replacing xljt with an indicator equals to 1 if the last disaster occurred 4, 5, or 6 months prior.

This approach allows us to increase the power of our estimates while preserving the monthly

frequency of the data.

Alternative ways of using the local projection framework exist, but they often require
changing the interpretation of the coefficients. For example, using a rolling average for
unrest would capture the probability of unrest up to horizon h but inferring the probability of
unrest in any given interval would be challenging. In comparison, the panel specification in

equation (2) is simple and more transparent.

The dynamic panel regression approach is not without drawbacks. In particular, our point
estimates are relative to some particular horizon after the disaster rather than the moment
before it. We use more than 60 months after a disaster as the comparison horizon. This means
that the coefficients measure the conditional average unrest likelihood in the short run (less
than 5 years) relative to the period of 5 years or longer after a disaster occurred in the
country. If there are permanent effects of disasters on unrest, this would bias our estimates

downwards. However, Appendix Figure A1 suggests that such potential bias is quantitatively
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insignificant. There, we compare our results to the local projection equivalents. There is no
evidence of a systemic difference on the point estimates between the two sets of results. Yet,
the local projection estimates are much noisier than the panel estimates. Overall, this
comparison supports the argument that the dynamic panel approach improves power without

introducing noticeable biases.

We report the results for epidemics in Table 1. Column (1) is simply a baseline, reporting the
average frequency of unrest events in the sample. Column (2) reports results of a simple
dynamic specification. It shows a clear decline in the probability of unrest following an
epidemic, with the effect peaks at 4-6 months. At its peak, the decline is sufficiently large as
to almost entirely offset the average probability of unrest (a fall of 1.2 percent versus an
average of 1.4 percent). This specification and all subsequent ones include country fixed
effects and so abstract from the cross-sectional relationship discussed in the previous section,

yielding a true dynamic response.

Other specifications add extra controls, including time since the last social unrest events in
the same and neighboring countries, the intensity of the last epidemic, and time fixed effect.
Our preferred specification is (3), which strikes a balance between fitting the data and
preserving the sample. It also performs well on measures of fit-measured by Akaike
Information Criterion and R?—of those without time fixed effects. Consistent with (2), it
shows probability of unrest is lower during epidemic, with the effect peaks at 4-6 months.
With the additional control, the effect on longer-horizons becomes smaller and statistically
insignificant.” Point estimates from the richer specifications (4-6) are broadly stable although
the reduction in sample size (as some backward-looking variables are not available for all
periods) leads to lower power. The inclusion of time fixed effects in column (6) likely absorb

useful variation in epidemics, which can be correlated across countries even if exogenous.

7 Although the long-run effect is small, is natural to expect that epidemics may indeed have some long-run
effects, perhaps either because higher death rates can affect demographics for years to come, or because they
are sufficiently traumatic that they have long-lasting psychological effects on the population.
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We perform the same exercise for other types of disasters and find much weaker evidence of
a dynamic pattern. As an illustration, Table 2 presents the results for floods, the largest
category of natural disasters. There is no statistically significant pattern, in contrast to
epidemics. Results on other natural disasters are similar and omitted in the interest of space.
What could explain this difference between natural disasters and epidemics? It could be that
there is something unique about the contagious nature of epidemics and its suppressive force
on protest and other forms of unrest, which are inherently social activities. Although natural
disasters of all kinds likely impede protest movements by hampering transport,
communications and the like, these challenges are likely less severe, more short-lived, and
limited to the activity itself. In an epidemic, however, attending a large scale and possibly
contagious event likely have serious and long-lasting consequence for the health of the

participants (and those they meet),which may be a much higher deterrent to unrest.

Finally, a word on identification. While we do not advocate strongly for a causal
interpretation, natural disasters are likely very close to randomly assigned (especially
earthquakes and storms). For epidemics, its occurrence may be related to country-specific
conditions. For example, country with worse health infrastructure may be less likely to
prevent an epidemic. However, the specific timing of epidemics is likely random, particularly
at the monthly level. This consideration on the timing of disasters informs our empirical
design, which combines outcome horizons to increase power without losing the monthly
frequency. Under this assumption, the effect of estimated in a tight window reflects a causal
link.

What should we make of the empirical evidence overall? As discussed earlier, epidemics
may have both scarring and mitigating effects on social unrest. Whether an epidemic will
increase or decrease the overall likelihood of social unrest may depend on whether the
scarring effect or the mitigating effect dominates over time. Our empirical results confirm
this ambiguous relationship. On the one hand, the finding of a robust and positive cross-
sectional relationship between epidemics and social unrest is consistent with a long-run

scarring effect. On the other hand, evidence is weak in the medium run. In the short run, the
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likelihood of social unrest is slightly lower following epidemics, consistent with the notion

that the mitigating factors dominates in the short run.

Table 1: Impact of epidemics on unrest, linear probability model

Dependent variable: Indictor for social unrest event

(1 @ 3) “) ®) (6)

Epidemic, current month -0.011™ -0.009"  -0.008 -0.011"  -0.006
(0.003) (0.005) (0.006) (0.006) (0.006)
Epidemic, last 1-3 months -0.009"*  -0.007 -0.008 -0.009 -0.006
(0.003) (0.005) (0.006) (0.006) (0.007)
Epidemic, last 4-6 months -0.012"** -0.011"  -0.010° -0.010"  -0.006
(0.003) (0.005) (0.006) (0.006) (0.006)
Epidemic, last 7-12 months -0.006™  -0.001 -0.001 -0.001 0.003
(0.003) (0.004) (0.005) (0.005) (0.005)
Epidemic, last 13-24 months -0.010"™ -0.008" -0.008" -0.010""  -0.007
(0.003) (0.004) (0.004) (0.005) (0.005)
Epidemic, last 25-60 months -0.006™"  -0.002 -0.002 -0.003 -0.001
(0.002) (0.003) (0.003) (0.003) (0.003)
Months since last social unrest event -0.0004"* -0.0004"** -0.0004™* -0.0004™"*
(0.00003) (0.00004) (0.00004) (0.00004)
Months since last social unrest event, neighboring country 0.00002 0.00004 0.00003
(0.00005) (0.00004) (0.00004)
Deaths per capita in last epidemic -0.0001"*" -0.0001™*
(0.00004) (0.0001)
Constant 0.014™*
(0.001)
Country FEs No Yes Yes Yes Yes Yes
Time FEs No No No No No Yes
Normalized AIC -1.437 -1.442  -1.056 -1.006 -1.127 -1.155
R? 0.014  0.019 0.05 0.051 0.049 0.075
Observations 27,505 27,505 18,123 15,137 12,953 12,953

Note: This table reports results of dynamic panel regressions. The dependent variable is a dummy variable that takes a value
of 1 for social unrest events. Standard errors clustered at the country-month level are shown in parenthesis.
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Table 2: Impact of flood on unrest, linear probability model

Dependent variable: Social unrest event

1 2) 3) “) (5) (6)
Flood, current month -0.007" -0.003 -0.004 0.001 0.003
(0.004) (0.007) (0.008) (0.009) (0.009)
Flood, last 1-3 months -0.007* -0.002 -0.006 -0.0004 -0.0001
(0.004) (0.006) (0.007) (0.007) (0.008)
Flood, last 4-6 months -0.005 0.001 -0.003 0.002 0.002
(0.003) (0.006) (0.007) (0.007) (0.008)
Flood, last 7-12 months -0.004 0.001 -0.002 0.004 0.004
(0.003) (0.006) (0.007) (0.008) (0.008)
Flood, last 13-24 months -0.003 -0.001 -0.004 0.003 0.004
(0.003) (0.006) (0.007) (0.007) (0.007)
Flood, last 25-60 months -0.006™ -0.006 -0.009 -0.005 -0.003
(0.003) (0.006) (0.006) (0.007) (0.007)
Months since last social unrest event -0.0004™"  -0.0004™"  -0.0004™"  -0.0004"""
(0.00004)  (0.00004) (0.00004)  (0.00004)
Months since last social unrest event, neighbor 0.00001 0.00003 0.00001
(0.00004) (0.00004)  (0.00003)
Deaths per capita in last epidemic -0.0001*"  -0.00005
(0.00003)  (0.0001)
Constant 0.013™*
(0.001)
Country FEs No Yes Yes Yes Yes Yes
Time FEs No No No No No Yes
Normalized AIC -1.487 -1.49 -1.077 -1.013 -1.125 -1.15
R? 0.013 0.017 0.047 0.051 0.048 0.072
Observations 36,143 36,143 23,175 19,033 16,242 16,242

Note: This table reports results of dynamic panel regressions. The dependent variable is a dummy variable that takes a value
of 1 for social unrest events. Standard errors clustered at the country-month level are shown in parenthesis.

IV. CONCLUSION

This paper examines the implications of epidemics on social unrest using global evidence in
recent decades. Drawing on a new cross-country dataset of social unrest, we find a positive
cross-sectional relationship between social unrest and epidemics. While this result may
reflect a positive long-run effect, we find that the relationship reverses in the short run. This
difference between the long-run and short-run result suggest are consistent with the

theoretical prediction on the scarring and mitigating effects of epidemics.
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Recent trends in social unrest immediately before and after the COVID-19 outbreak are also
consistent with this historic evidence. Unrest was elevated before the COVID-19 crisis began
but has declined as the pandemic has continued. If history is a guide, it is reasonable to
expect that, as the pandemic fades, unrest may reemerge in locations where it previously
existed, not because of the COVID-19 crisis per se, but simply because underlying social and

political issues have not been tackled.
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Appendix

Table A1: EM-DAT disasters since 1990 (with at least 50 observations)

Avg Damage Avg Mortality

Type Number Avg Deaths Avg affected (USD) (%)
Flood 4096 48 751467 187812 0.01
Storm 2942 139 321082 483299 0.04
Epidemic 1235 163 18993 0 0.86
Earthquake 819 1007 173415 903272 0.58
Landslide 523 50 13025 15187 0.39
Extreme temperature 522 335 198391 105692 0.17
Drought 472 51 3671603 322349 0.00
Wildfire 340 6 19438 366170 0.04

Volcanic activity 155 16 48054 14949 0.03
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Table A2: Cross-section regressions

Dependent variable: Log number of social unrest events 1990-2019

(M @ ©) “4) ®) (6) 0 ®)

Log number of disasters, per capita ~ 0.515™" 0.793™"
(0.034) (0.028)
Log number of droughts, per capita 0.434™" 04117 0.418™ 0.626™"  0.626™" 0.624™""
(0.063) (0.057) (0.058) (0.037)  (0.037)  (0.037)
Log number of earthquakes, per capita 0.466™" 0.454™ 0.457™" 0.745™" 0.745™ 0.748""
(0.063) (0.058) (0.058) (0.041)  (0.041)  (0.041)
Log number of epidemics, per capita 0.590™* 0.573™* 0.573™" 0.714™ 0.714™  0.715™"
(0.067) (0.061) (0.062) (0.039)  (0.039)  (0.038)
Log number of floods, per capita 0.723** 0.758"™" 0.743™" 0.968™ 0.968"" 0.967""
(0.147) (0.137) (0.136) (0.048)  (0.048) (0.048)
Log number of landslides, per capita 0.499™* 0.480™"" 0.481""™" 0.771™* 0.771"* 0.773"*"
(0.071) (0.065) (0.065) (0.040)  (0.040)  (0.040)
Log number of storms, per capita 0.490™ 0.505™" 0.526™"" 0.784™* 0.784™" 0.788™""
(0.083) (0.077) (0.079) (0.039)  (0.039)  (0.039)
Constant -0.974™ -1.003™" -0.983"" -1.291™" -0.942™" -0.962"" -0.962""" -0.935""

(0.066) (0.070) (0.087) (0.202) (0.067) (0.084)  (0.084)  (0.136)

Regression type x-sect  x-sect  x-sect  x-sect S-yrpanel 5-yr panel 5-yr panel 5-yr panel
Region FEs No No Yes Yes No Yes Yes Yes
Time FEs No No No No No No Yes Yes
Income group FEs No No No Yes No No No Yes
Observations 504 504 504 504 795 795 795 795

R? 0.281 0291 0363  0.368 0.503 0.585 0.585 0.592
Adjusted R? 0.280 0.282 0350 0.354 0.503 0.580 0.580 0.584

Note: This table reports results of cross-sectional (columns 1-4) and 5-year panel (columns 5-8) regressions. The dependent
variable is the log number of social unrest events over the 1990-2019 period. Robust standard errors shown in parenthesis.
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Figure Al: Dynamic regressions versus local projections
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Note: This figure plots the point estimates and 90 percent confidence intervals of local projection and panel regression
models. Source: Barrett et al. (2020), EM-DAT, and authors’ calculations.



