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Abstract

The COVID-19 pandemic led to substantial changes in the daily activities of millions of Americans, with many busi-
nesses and schools closed, public events cancelled and states introducing stay-at-home orders. This article used
police-recorded open crime data to understand how the frequency of common types of crime changed in 16 large
cities across the United States in the early months of 2020. Seasonal auto-regressive integrated moving average
(SARIMA) models of crime in previous years were used to forecast the expected frequency of crime in 2020 in the
absence of the pandemic. The forecasts from these models were then compared to the actual frequency of crime
during the early months of the pandemic. There were no significant changes in the frequency of serious assaults in
public or (contrary to the concerns of policy makers) any change to the frequency of serious assaults in residences. In
some cities, there were reductions in residential burglary but little change in non-residential burglary. Thefts of motor
vehicles decreased in some cities while there were diverging patterns of thefts from motor vehicles. These results are
used to make suggestions for future research into the relationships between the coronavirus pandemic and different

crimes.
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Introduction

The current coronavirus pandemic is drastically altering
many aspects of life around the world. This article out-
lines initial evidence on how crime is changing, using
data from a group of large cities in the United States. This
evidence is necessarily limited and it will be possible to
understand more detail as the pandemic progresses and
more data become available. Nevertheless it is likely to
be useful to consider the available evidence now, both to
help the development of research questions and data col-
lection for further research, and to provide the best-avail-
able evidence on a topic of substantial public interest.
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London, 35 Tavistock Square, London WC1TH 9EZ, UK
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The first cases of the COVID-19 disease caused by the
novel coronavirus SARS-CoV-2 were reported in the
city of Wuhan, China in December 2019. The first case
in the United States was reported on 20 January 2020 in
the suburbs of Seattle, Washington (Holshue et al. 2020).
Within a week, cases had been reported in Illinois, Ari-
zona and California, and then in every state except Wyo-
ming by 18 March (Dong et al. 2020). By 11 May 2020,
there had been about 1,345,000 reported cases of corona-
virus in the United States (see Fig. 1) and 80,554 people
had died.

Local, state and federal agencies responded to the
pandemic with measures designed to slow the spread
of disease and minimize the intensity of peak demand
for potentially scarce healthcare resources (US Depart-
ment of Health and Human Services 2020). One of the
main mechanisms for achieving these goals was ‘social
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Fig. 1 Number of confirmed COVID-19 cases in the United States over time. The number of confirmed cases may be understated due to limited

distancing, i.e. reducing person-to-person transfer of
the virus by minimizing the circumstances in which peo-
ple were in close contact with one another (Qualls et al.
2017). This was done by closing schools, cancelling pub-
lic events (including almost all sports and public enter-
tainment) and advising or ordering people to stay home
except for essential trips. California became the first to
issue a state-wide stay-at-home order on 19 March, with
Illinois, New Jersey and New York following over the
next 3 days. Thirty-four more states issued similar orders
within the following 2 weeks (Mervosh et al. 2020), dur-
ing which time all 50 states had ordered or recommended
school closures (Education Week 2020).

Patterns of activity during the pandemic were likely to
be different from normal for at least three reasons. First,
some people’s activities were directly affected by the
virus, e.g. because they were sick or caring for those who
were. Second, activities may have been affected by peo-
ple’s fear of infection, especially those who have under-
lying medical conditions that put them at greater risk.
Third, a great many people’s activities will have been
influenced by government actions to slow the spread of
the virus.

Data from the location tracking service Foursquare
(2020) show that by late March visits to shopping malls,
clothing stores, gyms, bars, restaurants, airports and
hotels had all fallen by more than 50% compared to mid
February, while visits to offices had fallen 37%. Con-
versely, people were likely to be spending more time
at home, since children were not at school, many ser-
vice-sector employees were furloughed and employers
encouraged staff to work from home. Some public places

also stand out as becoming busier during the early weeks
of the pandemic: Foursquare (2020) data show increases
in visits to grocery, hardware, liquor and drug stores
beginning in early March. The same source also shows
increases in visits to parks and hiking trails, although this
may a seasonal effect as winter gave way to spring.

The routine activities approach (Cohen and Felson
1979) can be used to understand relationships between
crime and people’s daily activities. For a crime to occur,
one or more motivated offenders must come into con-
tact with a suitable target in the absence of controllers
(guardians of targets, managers of places and handlers
of offenders) who make committing the crime more dif-
ficult (for a recent description of this framework, see
Eck and Madensen 2015). For example, a purse-snatch-
ing in a public park requires not only that a purse and
a purse-snatcher be in the same place at the same time,
but that other park-goers (potential target guardians) do
not intervene, that the park authorities (place managers)
have not taken steps to create an environment that makes
purse-snatching more difficult, and that the offender’s
girlfriend (a potential offender handler) has not dis-
suaded them from offending by threatening to end the
relationship if they do.

The coronavirus pandemic may have changed activities
of each of these actors in different ways. Fewer people on
the street may have meant fewer targets for street rob-
bery, but also fewer guardians. More people in grocery
stores may mean more potential shoplifters, but queu-
ing systems and more staff refilling depleted shelves
may have led to more-active place management. Social
distancing advice to keep 6-feet apart from others may
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have made pick-pocketing almost impossible, while only
having minor effects on other types of crime. The rapid
development and complexity of changes to large parts of
daily life mean predicting the direction or magnitude of
any changes in crime is difficult.

Existing evidence

To the author’s knowledge, there are no published
empirical studies on the influence of crime on previous
epidemics such as the 1918 influenza pandemic or the
outbreaks of severe acute respiratory syndrome (SARS)
in 2002-2004 or Middle East respiratory syndrome
(MERS) since 2012. There are, however, other potential
sources of evidence on how crime changes during sudden
and widespread changes to routine activities.

Several scholars have studied changes in crime dur-
ing and after natural disasters, particularly Atlantic hur-
ricanes (Elmes et al. 2014). Disasters cause widespread
changes to routine activities through deaths, evacuations
and disruption of working and leisure patterns, as well
as through damage to the physical environment. Lebeau
(2002) and Frailing and Harper (2017) found increases in
burglaries in the immediate aftermath of hurricanes in
the United States, possibly due to more properties being
unattended if residents have evacuated or been hospital-
ized (Leitner and Helbich 2011). Studies of New Orleans
after Hurricane Katrina found an increase in homicide,
possibly due to the disruption and subsequent informal
reorganization of drug markets (Frailing and Harper
2017). However, Roman et al. (2007) found that violence
more generally in New Orleans actually fell after Katrina,
before rising to a higher level than before the hurricane.
Leitner et al. (2011) found that violence was broadly sta-
ble in other Louisiana parishes hit by the storm. Varano
et al. (2010) studied violent and non-violent crime rates
in cities that hosted large numbers of Katrina evacuees
and found no widespread or pervasive changes. Prelog
(2016), studying associations between crime and the
frequency and severity of natural disasters at the county
level, found disasters were associated with higher prop-
erty crime but no change in violence. For further dis-
cussion of crime in the context of natural disasters, see
Frailing and Harper (2017).

Another potential source of evidence comes from
changes in crime associated with the large-scale changes
in routine activities caused by major sporting events.
These affect routine activities by bringing large numbers
of people into the event area, disrupting traffic and pub-
lic transport, and gathering people to watch the event on
television. As with crime during natural disasters, stud-
ies of crime during major events have produced mixed
results. Campaniello (2013) found that the football World
Cup was associated with increases across several types
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of property crime (including burglary and pick-pocket-
ing), while Kurland et al. (2014) concluded large football
matches at Wembley Stadium in London were associ-
ated with increases in both violent crime and theft in
the immediate area. However, Breetzke and Cohn (2013)
found no city-wide increase in violence associated with
football matches and no increase in burglary even in the
neighborhood of the stadium. Baumann et al. (2012)
reported that a city hosting the Olympic Games was asso-
ciated with a 10% increase in property crime, but hosting
the Super Bowl was associated with a 2.5% decrease in
violence. For a recent discussion of crime associated with
major sporting events, see Piquero et al. (2019).

The coronavirus pandemic is different in nature to the
natural disasters and sporting events analyzed by pre-
vious researchers. In particular, a pandemic is a ‘slow-
onset’ emergency that emerges over time and then varies
in its impact (United Nations Office for the Coordina-
tion of Humanitarian Affairs 2011). It is also different in
that, unlike a hurricane or tornado, coronavirus has left
the physical environment largely untouched. It has not,
for example, destroyed buildings or cut off electricity.
Instead, the changes caused by the pandemic have largely
related to human activity.

The goal of this study was to make an initial estimate
of how the frequency of different types of crime changed
during the coronavirus pandemic. Given the evolving
nature of the situation, the complexity of potential inter-
actions between actors in the routine activities frame-
work and the lack of any previous research on crime
during pandemics, this study did not attempt to test
specific hypotheses but to explore how crime varied
throughout the early months of the pandemic.

Data and methods

This report uses data from 16 large cities or urban coun-
ties in the United States: Austin, TX, Baltimore, MD,
Boston, MA, Chicago, IL, Dallas, TX, Los Angeles, CA,
Louisville, KY, Memphis, TN, Minneapolis, MN, Mont-
gomery County, MD, Nashville, TN, Philadelphia, PA,
Phoenix, AZ, San Francisco, CA, Tucson, AZ and Wash-
ington, DC."! These cities were chosen because they
all provide public access to an incident-level extract
of police-recorded crime data that is updated at least
weekly. This allows monitoring of emerging crime trends
that would be obscured in annual crime statistics bul-
letins produced by many agencies. Open crime data
have some limitations (Ashby 2019) but have been used

! Montgomery County — just outside Washington, DC — is not a single city,
but a suburban county with a comparable population and a single county-
wide police department.
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successfully in previous research on crime trends (Tomp-
son et al. 2014).

The complex interactions of targets, offenders and con-
trollers mean it is likely that the COVID-19 pandemic
may have different relationships with different types
of crime. To increase the robustness of the results, this
study focused on crime types which are known to be
both relatively likely to be reported to police and rela-
tively unaffected by variations in police recording prac-
tices. These types were:

1. Serious assaults in public places including homicides
and aggravated assaults in commercial, leisure, retail
and transportation settings as well as in public open
spaces and streets.

2. Serious assaults in residences including homicides
and aggravated assaults in houses, apartments etc
but excluding institutional residential settings such as
hospitals, hotels and prisons.

3. Residential burglaries (excluding auto burglaries)
occurring in residences, excluding institutional resi-
dences.

4. Non-residential burglaries (excluding auto burglaries)
occurring anywhere other than a residence.

5. Theft of vehicles

6. Theft from vehicles including auto burglaries and
thefts of auto parts.

Understanding relationships between COVID-19 and
crime requires some estimate of how much crime would
be expected to occur in the absence of the pandemic.
This is difficult because so many factors influence how
much crime occurs. A number of media outlets have
attempted to understand changes in crime during the
pandemic by making week-to-week or year-on-year com-
parisons of weekly or monthly crime counts. However,
these comparisons risk drawing false conclusions because
they ignore long-term trends (which affect year-on-year
comparisons) and seasonal variations (which complicate
week to week comparisons). Perhaps most importantly,
these comparisons take no account of random varia-
tion, even though crime counts over short periods typi-
cally show a relatively large amount of statistical noise
(Gorr et al. 2003). For example, on 27 March The Wash-
ington Post reported that both burglaries and assaults
in New York City had dropped by 18% compared to the
previous week (Jacobs and Devlin 2020). But across the
16 cities for which data were available for the current
study, the absolute week-to-week change in burglary was
greater than 18% in an average of 16 weeks each year
between 2016 and 2019 and the absolute change in seri-
ous assaults greater than 18% in an average of 20 weeks
each year. That apparently newsworthy changes in crime
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are actually commonplace might help explain why 6 days
later on 2 April, the New York Post was able to report that
felonies in New York City had increased 12% year-on-
year “despite coronavirus” (McCarthy, 2020).

To better estimate the expected frequency of crime in
the absence of the pandemic, this report uses seasonal
auto-regressive integrated moving average (SARIMA)
models of the frequency of different crime types in each
city between 1 January 2016> and the first confirmed
case of COVID-19 in the United States on 20 January
2020 (Holshue et al. 2020). The models incorporate both
a dummy trend variable and 51 dummy variables for
weekly seasonal terms, along with a variable denoting
whether the week included a US federal public holiday.
Separate models were estimated for each type of crime
in each city, with the dependent variable in each model
being the number of crimes recorded each week.

SARIMA models require selection of the number of
periods to use in calculating the seasonal and non-sea-
sonal auto-regressive (AR) and moving-average (MA)
terms in each model. The current study selected these
terms automatically using the algorithm outlined by
Hyndman and Khandakar (2008) as implemented in
the fable package (O’'Hara-Wild et al. 2020) in R version
3.6.1 (R Core Team. 2019). This estimates multiple mod-
els with different values for the SARIMA terms and then
chooses the model which minimizes the Akaike informa-
tion criterion (AIC), an estimator of prediction error. The
selected model for each crime type in each city is shown,
together with descriptive statistics, in Table 1.

The final column of Table 1 shows the mean absolute
scaled error (MASE) of each model (Hyndman and Koe-
hler 2006). MASE values smaller than 1 indicate that the
chosen model performs better (i.e. has a smaller error)
than a ‘naive’ model in which crime frequency is simply
forecast to be the same as in the previous week. Com-
paring the chosen model to a naive model is particularly
relevant in this case because a naive forecasting model is
functionally identical to attempting to identify changes in
crime frequency solely through week-to-week compari-
sons, as in the media stories referenced above. In every
case, the predictive error of the chosen SARIMA model
was less than that of the equivalent naive model.

The SARIMA models were used to forecast how many
crimes in each category would be expected to occur
in each city in the weeks after 20 January 2020 in the
absence of the virus or any other change in crime trends.
These forecasts acted as a synthetic comparison group
against which to compare the actual frequency of crime

2 Crime-count data from Dallas began on 28 November 2016 and data for
Montgomery County began on 4 July 2016.
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Table 1 Terms used in SARIMA models for estimating crime frequency without coronavirus. All models had zero seasonal
MA periods

Crime type City Min Mean SD Max ARperiods MA periods Seasonal Degrees MASE
AR of freedom
periods

Serious assaults in public Austin, TX 36 65 11 89 4 0 1 152 057

Baltimore, MD 20 65 18 113 1 1 1 154 0.55
Dallas, TX 16 36 10 64 0 0 1 106 0.55
Los Angeles, CA 130 210 31 281 3 0 1 153 0.58
Louisville, KY 1 9 3 18 2 0 1 154 0.61
Montgomery County, MD 0 5 2 12 0 1 1 130 0.56
Nashville, TN 5 62 33 169 3 0 1 154 0.34
Phoenix, AZ 23 42 8 63 0 0 1 156 0.54
Serious assaults in residences  Austin, TX 58 89 12 136 2 1 1 153 0.56
Baltimore, MD 3 35 8 60 2 0 1 154 0.58
Dallas, TX 6 19 7 45 0 1 1 105 047
Los Angeles, CA 68 106 16 162 1 1 1 154 0.57
Louisville, KY 2 N 6 36 1 1 1 154 046
Montgomery County, MD 1 7 3 17 0 0 1 131 0.55
Nashville, TN 6 51 23 122 1 2 1 153 0.31
Phoenix, AZ 25 49 10 79 1 1 1 154 044
Residential burglary Austin, TX 20 53 13 101 5 0 1 151 044
Baltimore, MD 15 80 23 139 2 0 1 154 041
Boston, MA 10 28 8 52 2 0 1 154 048
Chicago, IL 202 376 82 584 4 1 1 151 0.35
Los Angeles, CA 145 209 28 293 4 0 1 152 0.46
Louisville, KY 38 70 16 111 3 0 1 153 049
Memphis, TN 59 123 22198 1 1 1 154 052
Minneapolis, MN 15 51 16 107 2 0 1 154 046
Montgomery County, MD 4 2 6 40 3 0 1 128 0.46
Phoenix, AZ 86 143 28 219 1 0 1 155 0.39
San Francisco, CA 28 53 10 81 1 1 1 154 0.45
Non-residential burglary Austin, TX 11 33 9 59 1 1 1 154 0.56
Baltimore, MD 20 49 18 162 2 1 1 153 0.44
Chicago, IL 42 89 21 174 2 0 1 154 0.51
Los Angeles, CA 69 119 20 184 1 1 1 154 0.52
Louisville, KY 1 31 8 57 1 1 1 154 0.56
Memphis, TN 13 42 12 87 1 1 1 154 047
Minneapolis, MN 2 13 5 33 1 1 1 154 0.56
Montgomery County, MD 0 7 5 52 0 0 1 131 0.57
Philadelphia, PA 13 26 8 70 5 0 1 151 0.58
Phoenix, AZ 24 53 9 80 2 0 1 154 047

San Francisco, CA 14 51 25 111

155 0.23
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Table 1 (continued)

Crime type City Min Mean SD Max ARperiods MA periods Seasonal Degrees MASE
AR of freedom
periods

Theft of vehicle Austin, TX 23 45 1 78 1 1 1 154 049

Baltimore, MD 46 82 15 145 2 0 1 154 0.50
Chicago, IL 264 398 65 5% 2 0 1 154 0.50
Los Angeles, CA 255 344 37 462 3 0 1 153 041
Louisville, KY 47 78 13 118 4 0 1 152 0.45
Memphis, TN 38 79 17 163 3 1 1 152 041
Minneapolis, MN 15 44 14 131 1 1 0 155 0.51
Montgomery County, MD 7 17 5 4 0 0 1 131 0.58
Philadelphia, PA 23 44 9 69 1 0 1 155 0.54
Phoenix, AZ 89 132 16 181 0 0 1 156 0.54
San Francisco, CA 68 105 19 157 1 1 1 154 045
Tucson, AZ 23 43 10 74 1 1 1 154 0.46
Washington, DC 25 46 1 90 1 2 1 153 0.50
Theft from vehicle Austin, TX 120 202 39 325 1 2 1 153 0.39
Baltimore, MD 54 118 27 217 0 1 1 155 0.46
Los Angeles, CA 537 632 41 743 2 0 1 154 049
Louisville, KY 50 97 20 156 3 1 1 152 045
Memphis, TN 82 149 31 228 1 1 1 154 0.52
Minneapolis, MN 24 70 21 128 3 0 1 153 0.46
Montgomery County, MD 25 85 18 141 1 1 1 129 042
Philadelphia, PA 149 258 39 369 1 1 1 154 052
San Francisco, CA 337 545 84 743 1 1 1 154 0.33
Tucson, AZ 40 73 15 116 2 1 1 153 0.38
Washington, DC 108 214 41 320 2 0 1 154 0.38
Personal robbery Baltimore, MD 47 90 20 164 0 2 1 154 0.51
Boston, MA 6 18 6 42 2 3 1 151 0.55
Chicago, IL 170 344 81 544 2 0 1 154 041
Dallas, TX 0 62 18 108 O 0 1 110 0.57
Los Angeles, CA 119 168 19 227 0 0 1 156 0.53
Louisville, KY 5 17 6 36 3 0 1 153 0.53
Memphis, TN 24 53 13 86 0 0 1 156 0.58
Minneapolis, MN 26 9 51 2 2 1 152 044
Montgomery County, MD 0 7 4 21 0 1 1 130 0.55
Philadelphia, PA 49 98 18 159 0 0 1 156 0.54
San Francisco, CA 8 20 5 34 0 1 1 155 0.58
Tucson, AZ 3 12 4 24 1 2 1 153 0.56

during the pandemic. Due to the large number of such
comparisons (one for each crime type in each city in each
week), some actual frequencies would be expected to be
different from the forecast frequency by chance. Control-
ling for this (for example by adjusting the significance
threshold) is not straightforward, since the data are tem-
porally autocorrelated. For the purposes of this analysis,

actual crime counts outside the 99% confidence interval
(rather than the more conventional 95%) of the forecast
crime count were considered to be significantly differ-
ent to the expected count of crime in the absence of the
virus, but only if the actual count was outside the confi-
dence interval for at least two consecutive weeks. While
it is not possible to exclude other sources of variation
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that may have occurred at the same time as the beginning
of the pandemic, it is unlikely that any change unrelated
to the virus would occur simultaneously in all the cities
under study.

One alternative approach to modelling the influence of
an event on the frequency of crime over time is the inter-
rupted time series design, in which the presence of a rela-
tionship between the event and crime can be identified
using a dummy variable denoting whether a crime count
occurred before or after the event. This approach was not
used here because the coronavirus pandemic was a slow-
onset emergency that may have a relationship to crime
that changes over time (Frailing and Harper 2017). Inter-
rupted time series designs are not appropriate in such
circumstances because they assume that a clear distinc-
tion can be made between crimes occurring before and
after the event under study (Kontopantelis et al. 2015).
Such designs also provide only a single overall measure
of the relationship between crime and an external event,
whereas it is important to be able to identify evolving
relationships caused by, for example, people adjusting
to a new normal as an emergency unfolds (Varano et al.
2010).

The data and annotated R code for this analysis are
available at https://osf.io/efddw/. COVID-19 case data
were taken from Dong et al. (2020) using the COVID19
R package (Guidotti and Ardia 2020). The online supple-
mentary material for this article includes a summary of
the data made available (Additional file 1) and the co-effi-
cients for each SARIMA model (Additional file 2).

Results and discussion
Figures 2, 3, 4, 5, 6, 7 show the observed frequency of
crimes of each type (the black line in each figure) along
with the forecast frequency based on the corresponding
SARIMA model. The model forecast is shown as a dashed
line, with the associated 99% confidence interval shown
as a grey band. Also shown on each figure are the date
of the first COVID-19 case in the United States (which
marks the end of the data with which the forecasts were
made), together with the dates on which the relevant city
or state government closed schools and issued a stay-at-
home order. The percentages shown in the figures rep-
resent the percentage difference between the frequency
of crime forecast by the model and the actual frequency.
The figures include the observed frequency of crime up to
the week ending 10 May 2020 inclusive, the most-recent
complete week of available data at the time of writing.
Before considering patterns in individual types of
crime, some general features across types can be identi-
fied. The first is that comparing actual crime to expected
crime based on a forecasting model assumes that the fre-
quency of crime would (in the absence of coronavirus)
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have continued to be shaped by the same forces as in
previous years. While this will be true in many cases, it
is likely that—for some types of crime in some cities—
other factors will have lead crime frequency in 2020 to
diverge from what might have been expected based on
the frequency of crime in previous years. This can be
seen, for example, in thefts of vehicles in Chicago, which
were below the confidence interval even in late January.
This is an inherent limitation of the synthetic comparison
approach used in this study, but is likely to be unavoid-
able in the context of a global pandemic that meant there
were no unaffected places to provide comparison data.
The MASE values discussed above also show that, despite
this limitation, the current approach is likely to be less
error-prone than simple month-to-month and similar
comparisons.

The second general feature of note is that there is no
apparent relationship between COVID-19 and crime
of any type between the first US case on 20 January and
the beginning of March, with possible effects emerg-
ing only later. This is unsurprising, since although by 1
March there had been 2500 cases of COVID-19 globally,
only 30 of those were in the United States (across seven
states) and there had been only one US deaths. By the
time the World Health Organization declared COVID-19
as a pandemic on 11 March (World Health Organization
2020), the number of US cases had increased to 1105 in
40 states, while from 22 March onward there were more
new cases in the US each day than in any other country.
Future researchers should therefore ensure their analyti-
cal methods do not conflate data from before and after
early March, which might risk masking any effect.

The third general finding from the figures presented
below is that no type of crime changed uniformly in all
of the cities under study. This should also be unsurpris-
ing, since crime is known to be heavily context depend-
ent and the contexts of different cities vary considerably.
To give two simple examples, median household income
in San Francisco is more than double that in Baltimore,
while population density is more than six times higher
in Chicago than in Louisville (US Census Bureau 2020).
Understanding the context underlying different relation-
ships between coronavirus and crime is likely to be an
important question for future researchers in this area.

Serious assaults

Figure 2 shows that the frequency of assaults in pub-
lic places was below that estimated by the SARIMA
model in five of eight cities, but in no case was the fre-
quency consistently outside the 99% confidence interval
of the model. This suggests the observed variation was
within what would be expected based on the frequency
of serious assaults in previous years. In some cases the
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Fig. 2 Frequency of serious assaults in public during coronavirus pandemic compared to estimates of the number of assaults that would have

confidence intervals are quite wide, reflecting the sub-
stantial week-to-week changes in crime frequency men-
tioned above. Overall, the frequency of serious assaults
appears not to have systematically changed during the
early weeks of the coronavirus pandemic.

This is theoretically unexpected, given the data dis-
cussed above showing that the amount of time people
spend in public places decreased substantially during
the pandemic. This change in people’s routine activities
might be expected to have led to a decrease in assaults in
public, but this does not appear to have happened. Fur-
ther research into this question may need to explore any
changes in who is involved in serious assaults during the

pandemic. Since serious violence is known to be concen-
trated among a small number of persistent offenders and
repeat victims (Jennings et al. 2012), and that offenders
who commit serious offences are also more likely to com-
mit minor infractions such as breaching stay-at-home
orders (Roach 2018), it may be that those involved in
serious assaults were no less likely to be on the streets
during the pandemic than before. Future research should
also look at the types of public place in which assaults
have occurred: it may be that during the pandemic public
assaults were displaced from those facilities seeing fewer
people (such as retail malls) to those seeing more (such
as parks).
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In the first weeks of the pandemic there was substan-
tial concern among lawmakers and practitioners that
the stay-at-home orders issued by many cities and states
would lead to an increase in domestic assaults because
victims would be trapped at home with their abusers

(Elinson and Chapman 2020; Taub 2020), with some
media reporting that such increases had occurred. For
example, in an online news article Tolan (2020) reported
that of “20 large metropolitan police departments that
provided data to CNN, nine saw double-digit percentage
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jumps in domestic violence cases or 911 calls in March,
either compared to the previous year or to earlier months
in 2020” Notwithstanding that month-to-month com-
parisons between February are flawed because March has
11% more days than February, such comparisons ignore
that 11 of the departments did not see an increase and
month-to-month comparisons take no account of the
variability of crime over time.

Figure 3 shows that, at least during the early part of
the epidemic, concerns of a surge in domestic violence
may have been unfounded. The observed frequency of
serious assaults in residences (a category not necessarily
identical to domestic violence) was above that forecast
by the model in five cities and below the model forecast
in another three, but in every case the observed fre-
quency was within the confidence interval of the model
estimates.

Understanding the nature of domestic abuse from
police data is always problematic because many inci-
dents are not reported to police. During lockdowns, this
problem may be exacerbated because victims might find
it harder to get in touch with those who can help them.
For this reason, the present study looked at only seri-
ous assaults, which are more likely to be reported than
minor assaults. Nevertheless the present result should be
treated with caution: as yet there is no evidence of a sys-
tematic increase in serious assaults in residences in large
US cities, but it is possible that this is due to limitations
in the data. The current findings should be validated
against survey-based measures of victimization that take
longer to become available (and may be impossible to
collect during lockdowns).

Burglary

Figure 4 shows the frequency of residential burglaries
across 11 cities. The frequency of burglary is below the
model estimate in eight cities, although in five of those
it remains within the 99% confidence interval. In Chi-
cago, Los Angeles and Memphis the frequency of bur-
glary decreased below the lower confidence interval, with
the frequency around half of what was forecast. In Chi-
cago and Los Angeles, these reductions began during the
week in which schools closed and stay-at-home orders
were issued in those cities and were sustained each week
afterwards. This means that, for example, in the 4 weeks
after a stay-at-home order was issued in Chicago, there
were approximately 940 fewer residential burglaries than
would have been expected based on the model forecast.
This is consistent with the routine activities approach,
since stay-at-home orders mean people are more likely
to be at home and so able to act as guardians of their

property.
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Not all cities saw a decrease in residential burglary. For
example, burglary in Austin, Louisville and Minneapolis
has largely tracked the forecasts produced by the respec-
tive models. The inconsistency of these trends across dif-
ferent cities is likely to be an important issue to explore in
later research that can make use of more extensive data.

Figure 5 shows the frequency of non-residential bur-
glaries. In ten of 11 cities, non-residential burglary was
higher after lockdown measures began than forecast, but
in only one (Minneapolis) was the difference significant.
This lack of a consistent increase may be theoretically
unexpected, since the closure of many businesses and the
increased number of people working from home might
be expected to have decreased guardianship around
many non-residential buildings. Further research into
this area might usefully disaggregate non-residential
burglary into different types of premises. It may be that
non-residential burglary is particularly concentrated at
establishments (such as pharmacies and liquor stores)
that remained open throughout the lockdown period and
so had the same levels of guardianship as previously.

Vehicle theft

Figure 6 shows that the frequency of thefts of motor
vehicles had divergent patterns across cities. In Austin
and Los Angeles, vehicle theft increased significantly in
the weeks after lockdowns began, while in another seven
there were smaller increases that remained within the
confidence interval. Conversely, in Chicago and Tucson
vehicle theft decreased significantly. Figure 7 shows the
frequency of thefts from vehicles, which decreased in
eight cities, in three of them significantly. Some of these
decreases were particularly large: between 9 March and
27 April there were around 2520 (62%) fewer thefts from
motor vehicles in San Francisco than forecast by the
SARIMA model, and 870 (17%) fewer than forecast in
Los Angeles.

One of the main drivers of vehicle theft is likely to be
the availability of unattended vehicles to steal or steal
from. The distribution of vehicles may have changed dur-
ing the pandemic, for example if more cars were parked
outside the homes of furloughed people and fewer
parked in downtown parking lots. Future research could
therefore consider the changing distribution of thefts in
different neighborhoods, e.g. did vehicle theft increase in
suburbs while decreasing in business districts.

Conclusion: suggestions for future research

At present, data are only available for the early months
of the COVID-19 pandemic—the first US case was
reported only 16 weeks prior to the time of writing.
While future research will be able to understand the
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relationships between coronavirus and crime in greater
detail, reporting the available evidence now is valuable to
avoid potential spurious conclusions derived from simple
week-to-week or year-on-year comparisons. These initial
results also help identify questions for future research.

Overall, the present research found no significant
changes in the frequency of serious assaults either in pub-
lic or in residences (contrary to concerns among prac-
titioners and policy makers), reductions in residential
burglary in some (but not all) cities, little change in non-
residential burglary (except in Minneapolis), decreases in
thefts from vehicles in some cities, and diverging patterns
of thefts of vehicles. It is noteworthy, however, that in no
case were the patterns the same across all the cities under
study.

Since there were clear differences across crime types in
the relationships between the pandemic and crime, it will
be important for future research on these relationships
to study disaggregated crime types. Studying crime as an
undifferentiated whole is almost always inadvisable (Cor-
nish and Smith 2012) but the clear differences between
crime types seen here suggest researchers should con-
sider individual types disaggregated by location and
victim type. Similarly, the differences seen across cities
highlight the importance of studying the relationships
between COVID-19 and different crime types in multi-
ple settings. Much criminological research draws con-
clusions based on data from only one city (Ashby 2019),
but obtaining a robust understanding of any relationships
in the present case—and of the limitations of those rela-
tionships—is likely to require data from multiple cities or
other areas. While the present study was able to access
data only from large cities in the United States, future
studies should analyse these research questions across
countries, as well as in suburban and rural areas.

The present study focused solely on changes in crime
immediately after cities and states implemented lock-
downs to slow the progress of the epidemic. Future stud-
ies with access to more data will be able to understand
how the patterns identified here will change over time,
for example if increases or decreases in crime decay back
to the level that would have been expected had the virus
not occurred.

The changes to society caused by the COVID-19 pan-
demic are some of the largest and most sudden to hap-
pen in the United States in several decades. They provide
a valuable opportunity both to test criminological theory
and to inform practice. This article has used data from
the initial wave of the pandemic to identify potential pat-
terns in different types of crime in different cities. Future
research into coronavirus and crime should use these
findings to help identify more-detailed research ques-
tions and priorities for primary data collection.

Page 150f 16

Supplementary information

Supplementary information accompanies this paper at https://doi.
0rg/10.1186/540163-020-00117-6.

Additional file 1. Summary of data accompanying this article.
Additional file 2. SARIMA model co-efficients.

Acknowledgements
Thank you to Reka Solymosi of the University of Manchester for her helpful
comments on an earlier version of this article.

Authors’ contributions
The author read and approved the final manuscript

Funding
No funding was received in relation to the current research.

Data and materials

The data and annotated R code used in this article are available under a Crea-
tive Commons Attribution License in the Open Science Framework repository
at https://osf.io/ef4dwy/.

Competing interests
The author declares that he has no competing interests.

Received: 28 April 2020 Accepted: 13 May 2020
Published online: 18 May 2020

References

Ashby, M. P. J. (2019). Studying crime and place with the crime open database.
Research Data Journal for the Humanities and Social Sciences, 4(1), 65-80.
https://doi.org/10.1163/24523666-00401007.

Baumann, R, Ciavarra, T, Englehardt, B., & Matheson, V. A. (2012). Sports fran-
chises, events, and city livability: An examination of spectator sports and
crime rates. Economic and Labour Relations Review, 23(2), 83-98. https:.//
doi.org/10.1177/103530461202300207.

Breetzke, G., & Cohn, E. G. (2013). Sporting events and the spatial patterning of
crime in South Africa: Local interpretations and international implications.
Canadian Journal of Criminology and Criminal Justice, 55(3), 387-420. https
;//doi.org/10.3138/cjccj.2012.e20.

Campaniello, N. (2013). Mega events in sports and crime: Evidence from the
1990 Football World Cup. Journal of Sports Economics, 14(2), 148-170.
https://doi.org/10.1177/1527002511415536.

Cohen, L. E, & Felson, M. (1979). Social change and crime rate trends: A routine
activity approach. American Sociological Review, 44(4), 588-608.

Cornish, D. B., & Smith, M. J. (2012). On being crime specific: Observations
on the career of RV G Clarke. In N. Tilley & G. Farrell (Eds.), The reasoning
criminologist: Essays in honour of Ronald V Clarke (pp. 30-45). Abingdon:
Routledge.

Dong, E, Du, H., & Gardner, L. (2020). An interactive web-based dashboard to
track COVID-19 in real time. The Lancet Infectious Diseases, 3099(20), 19-20.
https://doi.org/10.1016/51473-3099(20)30120-1.

Eck, J. E, & Madensen, T. D. (2015). Meaningfully and artfully reinterpreting
crime for useful science: An essay on the value of building with simple
theory. In M. A. Andresen & G. Farrell (Eds.), The criminal act: The role and
influence of routine activity theory (pp. 5-18). Basingstoke, Hampshire:
Palgrave Macmillan. https://doi.org/10.1057/9781137391322.0006.

Education Week. (2020). Map: Coronavirus and school closures. Retrieved from,
https://www.edweek.org/ew/section/multimedia/map-coronavirus-and-
school-closures.html.

Elinson, Z,, & Chapman, B. (2020). Police practices are changing as pandemic
grips the country. Wall Street Journal, 28 March, A3.

Elmes, G. A, Roed|, G, & Conley, J. (2014). Forensic GIS: The role of geospatial
technologies for investigating crime and providing evidence (pp. 1-310).
Dordrecht: Springer. https://doi.org/10.1007/978-94-017-8757-4.


https://doi.org/10.1186/s40163-020-00117-6
https://doi.org/10.1186/s40163-020-00117-6
https://osf.io/ef4dw/
https://doi.org/10.1163/24523666-00401007
https://doi.org/10.1177/103530461202300207
https://doi.org/10.1177/103530461202300207
https://doi.org/10.3138/cjccj.2012.e20
https://doi.org/10.3138/cjccj.2012.e20
https://doi.org/10.1177/1527002511415536
https://doi.org/10.1016/S1473-3099(20)30120-1
https://doi.org/10.1057/9781137391322.0006
https://www.edweek.org/ew/section/multimedia/map-coronavirus-and-school-closures.html
https://www.edweek.org/ew/section/multimedia/map-coronavirus-and-school-closures.html
https://doi.org/10.1007/978-94-017-8757-4

Ashby Crime Sci (2020) 9:6

Foursquare. (2020). How covid-19 is influencing real world behaviors. Retrieved
from, https://enterprise foursquare.com/intersections/article/how-covid
-19-is-influencing-real-world-behaviors/.

Frailing, K., & Harper, D. W. (2017). Toward a criminology of disaster: What we
know and what we need to find out. New York: Palgrave Macmillan. https://
doi.org/10.1057/978-1-137-46914-4.

Gorr, W, Olligschlaeger, A, & Thompson, Y. (2003). Short-term forecasting of
crime. International Journal of Forecasting, 19(4), 579-594. https://doi.
0rg/10.1016/5S0169-2070(03)00092-X.

Guidotti, E, & Ardia, D. (2020). COVID-19 data hub. https://doi.org/10.13140/
RG.2.2.11649.81763.

Holshue, M. L, DeBolt, C,, Lindquist, S., Lofy, K. H., Wiesman, J,, Bruce, H., et al.
(2020). First case of 2019 novel coronavirus in the United States. New
England Journal of Medicine. https://doi.org/10.1056/nejmoa2001191.

Hyndman, R. J, & Khandakar, Y. (2008). Automatic time series forecasting: The
forecast package for R. Journal of Statistical Software, 27(3), 1-22. https://
doi.org/10.18637/js5.v027.i03.

Hyndman, R. J., & Koehler, A. B. (2006). Another look at measures of forecast
accuracy. International Journal of Forecasting, 22(4), 679-688. https://doi.
0rg/10.1016/j.ijforecast.2006.03.001.

Jacobs, S., & Devlin, B. (2020). NYPD data shows sharp decline in crime rates.
The Washington Post, 27 March, A24.

Jennings, W. G,, Piquero, A. R, & Reingle, J. M. (2012). On the overlap between
victimization and offending: A review of the literature. Aggression and
Violent Behavior, 17(1), 16-26. https://doi.org/10.1016/j.avb.2011.09.003.

Kontopantelis, E, Doran, T, Springate, D. A, Buchan, I, & Reeves, D. (2015).
Regression based quasi-experimental approach when randomisation
is not an option: Interrupted time series analysis. British Medical Journal,
350(h2750), 1-4. https://doi.org/10.1136/bmj.h2750.

Kurland, J, Johnson, S. D, &Tilley, N. (2014). Offenses around stadiums: A natu-
ral experiment on crime attraction and generation. Journal of Research in
Crime and Delinquency, 51(1), 5-28. https://doi.org/10.1177/0022427812
471349,

Lebeau, J. L. (2002). The impact of a hurricane on routine activities and on calls
for police service: Charlotte, North Carolina, and Hurricane Hugo. Crime
Prevention and Community Safety, 4(1), 53-64. https://doi.org/10.1057/
palgrave.cpcs.8140114.

Leitner, M., Barnett, M., Kent, J., & Barnett, T. (2011). The impact of Hurricane
Katrina on reported crimes in Louisiana: A spatial and temporal analysis.
Professional Geographer, 63(2), 244-261. https://doi.org/10.1080/00330
124.2010.547156.

Leitner, M., & Helbich, M. (2011). The impact of hurricanes on crime: A
spatio-temporal analysis in the city of Houston. Texas. Cartography
and Geographic Information Science, 38(2), 213-221. https://doi.
0rg/10.1559/15230406382213.

McCarthy, C. (2020). Major crime up 12. New York Post, 2 April. Retrieved from,
https://nypost.com/2020/04/02/major-crimes-up-12-percent-in-nyc-
despite-covid-19-outbreak/.

Mervosh, S, Lu, D, & Swales, V. (2020). See which states and cities have told
residents to stay at home. The New York Times, 3 April. Retrieved from,
https://nyti.ms/2y5j9LN.

O'Hara-Wild, M., Hyndman, R., & Wang, E. (2020). Fable: Forecasting models for
tidy time series. Retrieved from, https://fable.tidyverts.org.

Page 16 of 16

Piquero, A. R, Piquero, N. L, & Riddell, J. R. (2019). Do (sex) crimes increase
during the United States Formula 1 grand prix? Journal of Experimental
Criminology. https://doi.org/10.1007/511292-019-09398-7.

Prelog, A. J. (2016). Modeling the relationship between natural disasters
and crime in the United States. Natural Hazards Review. https://doi.
org/10.1061/(ASCE)NH.1527-6996.0000190.

Qualls, N, Levitt, A, Kanade, N., Wright-Jegede, N., Dopson, S., Biggerstaff, M.,
et al. (2017). Community mitigation guidelines to prevent pandemic
influenza—United states, 2017. MMWR Recommendations and Reports,
66(1), 1-34. https://doi.org/10.15585/mmwr.rr6601al.

R Core Team. (2019). R: A language and environment for statistical computing.
Vienna, Austria: R Foundation for Statistical Computing. Retrieved from,
https://www.R-project.org/.

Roach, J. (2018). Those who do big bad things still do little bad things: Re-
stating the case for self-selection policing. In R. Wortley, A. Sidebottom,
N.Tilley, & G. Laycock (Eds.), Routledge handbook of crime science (pp.
320-333). Abingdon: Routledge.

Roman, C. G, Irazola, S., & Osborne, J. W. L. (2007). After Katrina: Washed away?
Justice in New Orleans. Washington, DC: Urban Institute; Urban Institute.
Retrieved from, http://urban.org/research/publication/after-katrina-
washed-away.

Taub, A. (2020). A new Covid-19 crisis: Domestic abuse rises worldwide.

The New York Times, 6 April. Retrieved from, https://www.nytim
es.com/2020/04/06/world/coronavirus-domestic-violence.html.

Tolan, C. (2020). Some cities see jumps in domestic violence during the pandemic.
Retrieved from, https://edition.cnn.com/2020/04/04/us/domestic-viole
nce-coronavirus-calls-cases-increase-invs/.

Tompson, L., Johnson, S. D., Ashby, M. P. J.,, Perkins, C., & Edwards, P. (2014).
UK open source crime data: Accuracy and possibilities for research.
Cartography and Geographic Information Science, 42(2), 97-111. https://
doi.org/10.1080/15230406.2014.972456.

United Nations Office for the Coordination of Humanitarian Affairs. (2011).
OCHA and slow-onset emergencies. New York: United Nations; United
Nations. Retrieved from, https://www.unocha.org/sites/unocha/files/
OCHAandSlowOnsetEmergencies.pdf.

US Census Bureau. (2020). QuickFacts. Retrieved from, https://www.censu
s.gov/quickfacts/.

US Department of Health and Human Services. (2020). PanCAP adapted: US
government COVID-19 response plan. Washington, DC: US Department of
Health; Human Services.

Varano, S. P, Schafer, J. A, Cancino, J. M., Decker, S. H., & Greene, J. R. (2010).

A tale of three cities: Crime and displacement after Hurricane Katrina.
Journal of Criminal Justice, 38(1), 42-50. https://doi.org/10.1016/j jcrim
jus.2009.11.006.

World Health Organization. (2020). WHO director-general’s opening remarks
at the media briefing on COVID-19-11 March 2020. Retrieved from, https
//www.who.int/dg/speeches/detail/who-director-general-s-opening-
remarks-at-the-media-briefing-on-covid-19-11-march-2020.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://enterprise.foursquare.com/intersections/article/how-covid-19-is-influencing-real-world-behaviors/
https://enterprise.foursquare.com/intersections/article/how-covid-19-is-influencing-real-world-behaviors/
https://doi.org/10.1057/978-1-137-46914-4
https://doi.org/10.1057/978-1-137-46914-4
https://doi.org/10.1016/S0169-2070(03)00092-X
https://doi.org/10.1016/S0169-2070(03)00092-X
https://doi.org/10.13140/RG.2.2.11649.81763
https://doi.org/10.13140/RG.2.2.11649.81763
https://doi.org/10.1056/nejmoa2001191
https://doi.org/10.18637/jss.v027.i03
https://doi.org/10.18637/jss.v027.i03
https://doi.org/10.1016/j.ijforecast.2006.03.001
https://doi.org/10.1016/j.ijforecast.2006.03.001
https://doi.org/10.1016/j.avb.2011.09.003
https://doi.org/10.1136/bmj.h2750
https://doi.org/10.1177/0022427812471349
https://doi.org/10.1177/0022427812471349
https://doi.org/10.1057/palgrave.cpcs.8140114
https://doi.org/10.1057/palgrave.cpcs.8140114
https://doi.org/10.1080/00330124.2010.547156
https://doi.org/10.1080/00330124.2010.547156
https://doi.org/10.1559/15230406382213
https://doi.org/10.1559/15230406382213
https://nypost.com/2020/04/02/major-crimes-up-12-percent-in-nyc-despite-covid-19-outbreak/
https://nypost.com/2020/04/02/major-crimes-up-12-percent-in-nyc-despite-covid-19-outbreak/
https://nyti.ms/2y5j9LN
https://fable.tidyverts.org
https://doi.org/10.1007/s11292-019-09398-7
https://doi.org/10.1061/(ASCE)NH.1527-6996.0000190
https://doi.org/10.1061/(ASCE)NH.1527-6996.0000190
https://doi.org/10.15585/mmwr.rr6601a1
https://www.R-project.org/
http://urban.org/research/publication/after-katrina-washed-away
http://urban.org/research/publication/after-katrina-washed-away
https://www.nytimes.com/2020/04/06/world/coronavirus-domestic-violence.html
https://www.nytimes.com/2020/04/06/world/coronavirus-domestic-violence.html
https://edition.cnn.com/2020/04/04/us/domestic-violence-coronavirus-calls-cases-increase-invs/
https://edition.cnn.com/2020/04/04/us/domestic-violence-coronavirus-calls-cases-increase-invs/
https://doi.org/10.1080/15230406.2014.972456
https://doi.org/10.1080/15230406.2014.972456
https://www.unocha.org/sites/unocha/files/OCHAandSlowOnsetEmergencies.pdf
https://www.unocha.org/sites/unocha/files/OCHAandSlowOnsetEmergencies.pdf
https://www.census.gov/quickfacts/
https://www.census.gov/quickfacts/
https://doi.org/10.1016/j.jcrimjus.2009.11.006
https://doi.org/10.1016/j.jcrimjus.2009.11.006
https://www.who.int/dg/speeches/detail/who-director-general-s-opening-remarks-at-the-media-briefing-on-covid-19-11-march-2020
https://www.who.int/dg/speeches/detail/who-director-general-s-opening-remarks-at-the-media-briefing-on-covid-19-11-march-2020
https://www.who.int/dg/speeches/detail/who-director-general-s-opening-remarks-at-the-media-briefing-on-covid-19-11-march-2020

	Initial evidence on the relationship between the coronavirus pandemic and crime in the United States
	Abstract 
	Introduction
	Existing evidence

	Data and methods
	Results and discussion
	Serious assaults
	Burglary
	Vehicle theft

	Conclusion: suggestions for future research
	Acknowledgements
	References




