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Abstract

Confronted by rapidly growing infection rates, hospitalizations and deaths, governments around the world have
introduced stringent containment measures to help reduce the spread of COVID-19. This public health response has
had an unprecedented impact on people’s daily lives which, unsurprisingly, has also had widely observed implications
in terms of crime and public safety. Drawing upon theories from environmental criminology, this study examines offi-
cially recorded property crime rates between March and June 2020 as reported for the state of Queensland, Australia.
We use ARIMA modeling techniques to compute 6-month-ahead forecasts of property damage, shop theft, residential
burglary, fraud, and motor vehicle theft rates and then compare these forecasts (and their 95% confidence intervals)
with the observed data for March through to June. We conclude that, with the exception of fraud, all property offence
categories declined significantly. For some offence types (shop stealing, other theft offences, and residential burglary),
the decrease commenced as early as March. For other offence types, the decline was lagged and did not occur until
April or May. Non-residential burglary was the only offence type to significantly increase, which it did in March, only

to then decline significantly thereafter. These trends, while broadly consistent across the state’s 77 local government

areas still varied in meaningful ways and we discuss possible explanations and implications.
Keywords: COVID-19, Property crime, Queensland, Australia, ARIMA

Introduction

The declaration by the World Health Organization
(WHO) of the novel coronavirus disease 2019 (COVID-
19) outbreak, caused by severe acute respiratory syn-
drome coronavirus-2 (SARS-CoV-2), as a public health
emergency of international concern on 30 January 2020,
led governments around the world to take drastic action
and implement a wide range of proactive and reactive
measures to limit the spread of the disease. Collectively
referred to as ‘containment measures, these strategies are
designed to limit community transmission between indi-
viduals. The exact form and timing of these measures has
varied between countries and, indeed, within countries,
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but they have generally involved some combination
of travel restrictions and border controls, quarantine
requirements, social isolation and distancing require-
ments, and the large-scale closure of various services,
business and educational facilities.

The containment measures have had an immediate
impact on the routine activities of individuals, funda-
mentally changing the way in which people move or do
not move around and come together (or not) in differ-
ent settings. With fewer people accessing retail outlets
and business districts, and more people staying home,
scholars have quickly turned their attention to the impact
this might have on the routine activities which typically
underscore the incidence of common property crimes.
Understanding these short- and medium-term impacts is
important to inform how to respond, particularly as the
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pandemic and various levels of containment are likely to
persist for some time yet (Miller and Blumstein 2020).

To date, there has been limited exploration of the
impact of the pandemic on property crime in countries
beyond the global north and studies from the United
States continue to dominate the empirical story (for
exception see Borrion et al. 2020; Gerell et al. 2020; Hal-
ford et al. 2020; Hodgkinson and Andresen 2020; Kim
and Leung 2020). Further, as we will discuss, studies have
produced mixed findings, indicating that even when
faced with similar changes in mobility, crime is likely
to be heavily influenced by the underlying opportunity
structures that feature at the local and micro-levels (Fel-
son et al. 2020; Rosenfeld and Lopez 2020).

In this study, we use officially recorded police data from
Queensland, Australia, to explore whether property crime
has changed in the context of the COVID-19 pandemic.
Australia is a particularly important site for international and
comparative analysis because COVID-19 emerged towards
the end of summer and the containment measures persisted
throughout the autumn and winter months when crime rates
(particularly property crime rates) normally tend towards a
seasonal decline. Whereas in the northern hemisphere there
is likely to be an increase in the routine activities associated
with the warmer weather, in Australia the reverse is true and
this has implications for how we estimate the ‘magnitude’ of
the impact of COVID-19. Further, Australia is an important
comparative site because of its relatively unique approach to
COVID-19 and its orientation towards a strong public health
perspective on containment, resulting in comparatively strict
restrictions (Chang et al. 2020; Payne et al. 2020). We focus
our analysis on the northern state of Queensland, in part
because it is one of the only large jurisdictions to provide
ready access to recorded crime data for research purposes.
In addition, Queensland is Australia’s second largest juris-
diction by land area (1.85 M km?) and the third most popu-
lated (5.1 million residents, or roughly 3 residents/km?). The
majority of the population lives in the south-eastern corner
of the state where the capital city, Brisbane, is situated. How-
ever, it has several sizable population centers along the east-
ern coast and, compared to other Australian states, a greater
share of its population lives in regional centers beyond the
capital city. Of particular interest is that, at the time of writ-
ing, many of the local government areas which are explored
in this study have still not recorded any COVID-19 cases
since the pandemic began (Queensland Department of
Health 2020)."

U1t is also worth noting that after the initial spike of COVID-19 cases in
Queensland (the highest was 130 cases on the April 4), the state has averaged
1-2 new cases per day—almost all of which were recently returned travellers
in quarantine. Unlike elsewhere in Australia (for example, Victoria), Queens-
land has had almost no community transmission since April and has not
experienced a second wave. At the time of writing, there have been only 1,197
cases of COVID-19 in Queensland since the pandemic began (Queensland
Department of Health 2020).
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To this end, our study explores several common types
of property crime—property damage, shop theft, resi-
dential and non-residential burglary, robbery, fraud and
motor vehicle theft—and we draw upon environmen-
tal criminology to understand how these crimes might
be impacted by Queensland’s containment measures.
Besides being one of few undertaken outside of the
United States?, a unique contribution of this study is that
we explore regional variation in crime changes. To this
end, this study of the short-term impact of COVID-19 on
property crime offers a rare opportunity to explore how
large-scale and rapid changes to routine activities may
have influenced the volume of recorded crime.

What restrictions have been introduced in Australia?
In Australia, containment measures to prevent the spread
of COVID-19 were introduced incrementally. The entry
of foreign nationals from mainland China was banned
on 1 February, before further travel bans on Iran, South
Korea, and Italy in early March. This was followed by
self-isolation requirements on all travelers arriving in
Australia introduced on 16 March. Large, non-essential,
organized public gatherings of more than 500 people
were also restricted from this date, as were indoor gather-
ings of more than 100 people. Social distancing require-
ments were also introduced at this time, which required
individuals to maintain a distance of 1.5 m (or about 5
feet) from one another. Australian borders were closed to
all non-Australian citizens and non-residents effective 20
March. The following day, the requirement that there be
4 m? per person in any enclosed space was introduced.
On 23 March large-scale closures of on-premise licensed
premises, restaurants and cafes (except for takeaway),
entertainment venues and places of worship came into
effect. Further restrictions were imposed on a range of
other venues, including indoor and outdoor markets,
on 26 March, while limits were placed on the number
of people who can attend weddings and funerals. Public
gatherings were limited to two people (non-family mem-
bers) from 30 March, and Australians were advised that
they were only allowed to leave home for essential shop-
ping, medical needs, exercise, or for work or education.
Queensland was the first Australian state or territory
to declare a public health emergency under the Pub-
lic Health Act 2005 on 29 January, 4 days after the first
Australian confirmed case, although containment meas-
ures were not introduced until the national restriction on
large gatherings in mid-March. Since the non-essential

2 A very recent study was also published using data from Queensland (see
Andresen and Hodgkinson 2020). The methodology of that paper is different
to the analyses presented here, although the findings are similar.
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business, activity and undertaking closure direction was
first released on 23 March a series of revisions have been
made in line with national requirements, imposing fur-
ther limits on which venues and businesses may continue
to operate. School closure—which have varied from state
to state—came into effect on 30 March, remaining open
to the children of essential service workers. Queens-
land borders were closed effective 26 March, with entry
limited to Queensland residents, residents of border
communities undertaking essential activities and other
exempt persons. Non-residents were initially required
to self-isolate for 14 days after crossing the border; how-
ever, as of early April—the time period for our analyses,
restrictions were tightened further and only Queensland
residents could cross the border. These restrictions were
enforceable by law.

Towards the end of April, Queensland recorded very
few daily cases and the majority were from Australian
travelers returning home and residing in quarantine. On
2 May 2020, the state government announced a staged
approach to re-opening the economy and the winding
back containment measures. By mid-May, restaurants,
pubs and bars were reopened to up to 10 patrons at any
one time. On 1 June 2020, Stage 2 commenced with a full
relaxation of intra-state travel restrictions and the further
re-opening of business for up to 20 people.?

Why is property crime likely to be impacted by COVID-19?

Queensland’s containment measures aimed to prevent
the spread of the virus by restricting the movement of
people in the community. This necessary public health
measure has a profound impact on people’s everyday use
of public and private space. Data collected by the Aus-
tralian Bureau of Statistics (2020a) showed that, by late
March, many Australians had changed their behavior
and were maintaining social distance and avoiding pub-
lic places, and that these behavioral changes continued
well into April (Australian Bureau of Statistics 2020c).
Location data reported by Google on community mobil-
ity has tracked how often and for how long people travel
to different location types, compared with a baseline
value (the median value for the same day of the week
in January and early February). Figure 1 shows these
changes over time in Queensland, and demonstrates that
there have been significant reductions in visits to pub-
lic spaces, including parks (down by an average of 33%
over the month of April), retail and recreation premises

3 Although beyond the scope of the data in this study, it is worth noting that
on 3 July 2020, Queensland returned to business-as-usual (mostly) with busi-
nesses and social activities restricted only insofar as they were required to
operate within a COVID-safe plan. Inter-state travel was still prohibited and
was only relaxed to some interstate travelers in early November.
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(down 37%), workplaces (down 36%) and transit sta-
tions (down 59%). Conversely, the time spent in residen-
tial locations increased by an average of 15 percent. As
happened overseas (Midoes 2020; Piquero et al. 2020),
changes to mobility started prior to the implementation
of formal measures. However, most of the changes were
first observed in the second half of March, and were sus-
tained through to the end of April. As shown in Fig. 1,
after these changes to mobility peaked in April, and coin-
ciding with the winding back of restrictions, levels of
mobility gradually returned to values much closer to pre-
pandemic levels by the end of June, with the exception of
workplaces and transit stations.

The scale of these changes is such that it is plausible to
expect that they will also have a measurable impact on
crime, including property crime. According to Cohen
and Felson’s (1979) routine activity theory, crime occurs
when there is a motivated offender, a suitable target, and
the absence of a capable guardian. When these converge
on a more regular basis, crime is more common. Crime
pattern theory combines aspects of the routine activ-
ity approach and other environmental criminological
theories. It describes how offenders may come across
opportunities for crime in the course of their everyday
lives (Brantingham and Brantingham 1993). According
to crime pattern theory, crime occurs when the activity
spaces of offenders intersect with the activity spaces of a
target, precipitated by some triggering event.

Research has shown that many property offenders hap-
pen across opportunities in the course of their everyday
activities, rather than necessarily actively seeking out
targets (Bernasco 2018; Fernandez et al. 2006). Similarly,
studies have shown that offenders are more likely to com-
mit crimes in areas where there is a large number of tar-
gets, and these targets are easily accessible (Ruiter 2017;
Townsley et al. 2015). Obviously, major disruptions of
these routine activities should have a significant impact
on when, and where, we might expect crime to occur.

It is possible to outline a number of hypotheses about
the expected impact on property crime. In practice, the
impact is likely to vary by both crime type and by setting.
Limiting the amount of time that people are permitted
to spend outside of the home, and the number of people
outside the home with whom people may have contact,
reduces opportunities for interactions between poten-
tial victims (or targets) and motivated offenders in public
places. This is particularly relevant to those crime types
that might often occur largely as a consequence of these
interactions, particularly theft offences. Consider, for
example, the would-be offender who happens across an
unattended bag in a train station, or unattended vehicles
parked in an open-air car park.
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Then there is the closure of certain premises, most
notably entertainment venues, restaurants and cafes,
both as a direct requirement of government policies, or
as an indirect consequence of the economic impacts of
social distancing (e.g., stores that have closed because
customer numbers are down or because the store can-
not safely meet the social distancing requirements). This
might be expected to significantly impact those offences
that occur in and around these settings; namely, shop
stealing offences. In those stores that continue to operate,
there has been a notable increase in security and retail
staff to manage compliance with social distancing and
ensure shelves are restocked, respectively. These may act
as place managers and deter offenders who target these
open stores.

At the same time, in some locations—primarily resi-
dential settings—there will be a marked increase in
guardianship because people are confined to their
homes. We know that the presence of guardianship has
an important influence of offenders’ decisions to target
certain properties. Normally, this guardianship varies
considerably over the course of the day, which shapes
when crime is most likely to occur (Reynald and Elffers
2015). Residential burglary, and other property crimes in
residential settings, including vehicle theft and theft from
vehicles, may be expected to decline. Conversely, com-
mercial premises are likely to become more susceptible
to crime, given the fall in guardianship that coincides
with the closures of businesses.

There are other crime types for which the impact is
likely to be far more dependent on the unique charac-
teristics of sub-categories of offences. For example, in

the case of property damage, alcohol-related property
damage that occurs within the context of the night time
economy may decrease, while graffiti and vandalism in
public spaces may increase due to reduced surveillance
and increased opportunity (less time spent at work or
in school). Likewise, there has been growing concern
about the impact of COVID-19 on fraud offending, as
profit-motivated offenders look to exploit opportunities
in weakly controlled financial systems, and the fear and
anxiety that might make individuals susceptible to scams
(Australian Cyber Security Centre 2020). Conversely,
offences involving ‘tap and go’ and online fraud using sto-
len credit cards may become more difficult, as offenders
are no longer able to steal these cards to commit a fraud
offence, or then (in the case of ‘tap and go’ fraud) have
limited options in terms of stores to target (for the rea-
sons explained above).

Of course, crime is not evenly distributed across place
or time. Brantingham and Brantingham (1995) also iden-
tified the significance of crime attractors and crime gen-
erators. Crime generators are those places that attract
large numbers of people, which provide opportunities for
targets and offenders to come together in space and time.
Shopping centers and public transport are both examples
of crime generators (Newton 2018). Crime attractors are
places that are attractive to motivated offenders because
they provide opportunities for crime to occur. Examples
include certain licensed premises in the night time econ-
omy, poorly secured car parks and drug markets. Because
of their crime generating and crime attracting proper-
ties, these are common hotspots, including for prop-
erty crime. Many of these location types have all been
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profoundly impacted by containment measures. Because
they are crime hotspots, these changes to routine activi-
ties might be expected to have a disproportionate impact
in terms of their share of any crime reduction effects.

There is also strong evidence, including from Queens-
land, that crime is not evenly distributed across commu-
nities (Allard et al. 2012; Wickes et al. 2017). This too is
likely to be a function of both the opportunity structures
in these communities (e.g., levels of guardianship), and
the underlying social conditions that influence the pro-
pensity of people living in these communities to com-
mit crime. Research into the crime drop has shown that
crime declines over the past two decades have not been
evenly distributed (Hodgkinson and Andresen 2019). It
is reasonable then to expect that the impact of contain-
ment measures will also vary and is consistent with the
research on crime at micro places (Weisburd et al. 2004).

Further, it is true that crime will not simply stop com-
pletely. While there is overwhelming evidence of the
impact of guardianship on property offending, particu-
larly burglary, the presence of informal guardians is not
sufficient to deter all offenders all of the time (Reynald
2017). In addition, not everyone complies with social
distancing measures. There is some overlap between
the profile of those people who are less likely to comply
and those people who are more likely to be involved in
crime. Specifically, in a study of social distancing behav-
ior among young people, Nivette et al. (2020) found that
non-compliance was associated with an increased pro-
pensity for delinquent behavior and association with
delinquent peers. It is plausible that these non-compliant
individuals will be more likely to offend, reducing any
effect from the changes to routine activities of compliant
individuals. There is also the genuine probability of crime
displacement. For example, a decrease in residential bur-
glary because of increased guardianship will likely coin-
cide with an increase in commercial burglary for exactly
the opposite reasons. However, we know from a large
body of displacement literature that this is unlikely to
offset reductions in crime, at least not entirely (Guerette
and Bowers 2009).

Further, it is possible that changes to routine activi-
ties become less influential —particularly as containment
measures are relaxed—but that the pandemic will lead
to an increase in motivated offenders. There is already
evidence of the negative psychological impacts of quar-
antine measures and the other financial consequences
resulting from the economic impacts of COVID-19. Lev-
els of stress and depression are much higher than usually
observed, particularly among individuals with a pre-
existing mood disorder (Australian Bureau of Statistics
2020b; Van Rheenen et al. 2020). Further, one in three
Australian households already report being financially

Page 5 of 20

worse off (Australian Bureau of Statistics 2020b). In fact,
the number of people employed in Australia fell by nearly
600,000 people in April alone (Australian Bureau of Sta-
tistics 2020d). Unemployment, under-employment, and
the strain associated with the significant and mounting
financial pressures may exert an upward effect on prop-
erty crime by increasing the negative emotions (anger,
anxiety, desperation) that are conducive to antisocial
behavioral adaptations (Agnew 1992).

In Agnew’s original description of the link between
strain and crime, it is clear that his focus was predomi-
nantly on the longer-term unfolding of strain-induced
adaptive behaviors. Indeed, a strict reading of Agnew’s
earlier texts might lead one to conclude that any strain
caused by COVID-19 is unlikely to feature as an explana-
tion for short-term changes in crime rates. We generally
agree with this position and believe that the longer-term
impact of COVID-19 will unfold as the pressure and
strain of the pandemic persists and as strains become
more frequent and of long-duration, two characteristics
related to strain that Agnew highlighted as being crime-
exacerbating. That said, we also believe that there is
room for strain in the exploration of short-term changes
in crime. Specifically, the extra and more acute pressure
that COVID-19 has likely added to people’s lives cannot
be discounted, especially its impact on those who, before
the pandemic, were already experiencing strain-related
negative emotions of long-duration and high-frequency.
Perhaps the strains associated with the pandemic might
not have been as salient in triggering the onset of offend-
ing among the vast majority of the population who are
not already engaged in crime (though this is possible for
some individuals who may have lost their job and needed
to turn to crime to obtain economic resources to sur-
vive), but it could most certainly exacerbate and make
more acute the strains experienced by those who were
already engaged in antisocial adaptations.*

What trends have been observed around the world?

Despite the significant disruption associated with con-
tainment measures, analyses of the crime impact of
COVID-19—of which there are a growing number—
have tended to find smaller than expected reductions
in property crimes. Findings from these studies have
also been notable for the variability in terms of per-
cent reductions as well as for which types of property

% As developmental and life-course criminologists have long demonstrated
(Payne & Piquero, 2020), a substantial proportion of all crime is committed
by a small proportion of the population. COVID-19 related strains might not
cause a sudden and short-term increase in criminal participation, but it could
reasonably trigger an increase in the individual-level offending of those who
are already experiencing long-term and high frequency strains.
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crime have been impacted (see e.g., Boman and Gallupe
2020).

Mohler et al. (2020) analyzed daily counts of calls for
service and recorded crime in Los Angeles and Indian-
apolis. They compared the period after stay at home
orders had been issued (March 20 and March 24, respec-
tively)—when full social distancing came into effect—to
the period prior to school closures. In terms of property
crime, there were significant declines in burglary and
robbery calls for service in Los Angeles, and a small
increase in vehicle theft, but no change in Indianapolis.
However, even where differences in call volumes were
observed, they were relatively small in practical terms.
Similar trends were observed in recorded crime, but only
robbery in Los Angeles was significantly reduced. These
findings were reinforced in a second regression that
incorporated Google mobility data.

Campedelli et al. (2020a) analyzed daily recorded
crime counts over a three-year period in Los Angeles
using Bayesian structural time-series models to produce
a synthetic counterfactual—what would have occurred
had there been no containment measures—which they
compared with observed crime counts during a period
of increasingly stringent social distancing measures in
March. Property crimes, including shoplifting and thefts,
decreased, as did crime overall, and these trends were
amplified during the period of more stringent measures.
In a follow-up paper, Campedelli et al. (2020b) assessed
how COVID-19-related containment policies were asso-
ciated with different crime types at the community-level
in Chicago and found that changes in crime trends dif-
fered across both communities and crime types.

Ashby (2020a) forecasted the expected frequency of
crime during the pandemic in 16 large US cities based
on data from 2016 to early 2020 using seasonal auto-
regressive integrated moving average models to produce
the synthetic counterfactual. There was no change in
crime levels between the observed and predicted values
before early March, when social distancing measures
(like closing schools and then stay at home orders) were
introduced. There was some evidence of an impact on
property crime, but this varied between cities and over
time: residential burglary decreased for two consecutive
weeks or more in three cities, non-residential burglary
increased in one city, and theft from vehicles increased
in some cities and decreased in others; however, no two
cities exhibited the same trends in crime. Ashby (2020b)
repeated this analysis with calls for service data in ten
large cities, finding significant reductions in calls to
intruder alarms in four of them.

In analysis of Detroit burglaries in March 2020, Felson
and his colleagues (2020) separated 879 blocks grouped
by the type of land use, ie., residential versus more
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mixed. Then, after parceling the monthly data into three
periods (pre-containment, transition period, and post-
containment) the authors found that burglaries increased
in block groups with mixed land use but did not so in the
residential comparison areas.

Finally, Rosenfeld and Lopez (2020) examined eleven
crime rates for eleven different offence types in 27 US cit-
ies during the COVID-19 period. While there was vari-
ability in data access for all offence types across all cities,
generally speaking the results showed that most crime
types decreased, with residential burglaries, larcenies,
and drug offences failing significantly during the pan-
demic, while homicides and aggravated assaults rose sig-
nificantly in late May and June 2020.

Relatively few studies have been undertaken to explore
the impact of COVID-19 containment measures on
property crime outside of the United States. The first
examined crime in Sweden, where containment meas-
ures have been less stringent than elsewhere. Gerell
et al. (2020) compared the weekly crime numbers in
2020 with the median from three previous years, and
observed declines in residential burglary, commercial
burglary, and pickpocketing. The decline in pickpocket-
ing offences was particularly noteworthy. Hodgkinson
and Andresen (2020) analyzed crime levels in Vancouver,
Canada, observing an initial increase, then decrease, in
commercial burglary, while theft and stealing from motor
vehicles also declined. Motor vehicle theft was stable at a
time when it would normally be increasing. There was no
immediate impact on residential burglary.

Halford et al. (2020) examined changes in recorded
crime in the United Kingdom, using similar ARIMA fore-
casting methods to other studies and comparing actual
crime levels against the synthetic control. They observed
significant declines in major categories of property crime,
including shoplifting, criminal damage, theft from vehi-
cle and burglary (dwelling and non-dwelling), although
daily rates of burglary remained within the confidence
intervals for each day in the forecast. They also com-
puted the mobility elasticity of crime for three property
crime types—shoplifting, residential burglary and theft
from vehicle—which was 2.0, -1.0 and 0.7, respectively.
Meaning, that the decrease in shoplifting was twice the
decrease in time spent in retail areas, burglary decreased
by the same proportion as time spent in homes increased,
and the decline in theft was less than the relative decline
in time spent at work (used as a proxy for travel time).

In China, Borrion et al. (2020) assessed changes in
commercial theft and found a large reduction (64%) dur-
ing an 83-day period, which then returned to their previ-
ous-COVID-19 levels and, in some cases, even increased.

Significant statewide crime declines have also been
observed in Australian studies. Kim and Leung (2020)
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used five different forecasting methods to forecast sev-
eral property crime types between mid-March and
late April, finding differences between forecasted and
observed incident counts in the range of 24 to 34 per-
cent for residential and non-residential burglary, motor
vehicle theft and stealing from motor vehicles. Robbery
was down by 42 percent, while the observed rate of steal
from retail stores was less than half the forecasted levels.
More recently, Rmandic et al. (2020) compared offence
numbers for the period April to June 2020 (prior to the
second wave of COVID-19 infections which impacted
Victoria in the second half of 2020) with the same period
in 2019, reporting declines of 13 percent for steal from a
motor vehicle, 28 percent for stealing from retail stories
and 27 percent for residential non-aggravated burglary.
Although they limited their analysis to overall offence
numbers, they also found considerable variability in the
size and direction of changes in recorded crime at the
Local Government Area (LGA) level.

Current focus

Overall, the strongest evidence in terms of the short-term
impact of COVID-19 appears to be for property crimes
in locations directly impacted by containment meas-
ures—particularly retail settings—and those which are
likely to be the result of the incidental contact between
motivated offenders and suitable targets/victims in pub-
lic places (i.e., theft). There has been mixed evidence
with respect to burglary, despite the significant increase
in guardianship in the home, with some evidence of
declines in residential burglaries but increases in non-
residential burglary. Further, the variation between cities
suggests different effects, which is likely a consequence of
the different containment measures (and timing of those
measures) and different patterns of crime that exists
within those settings; the latter being heavily influenced
by underlying opportunity structures. This is reflected in
results of the small number of studies which have disag-
gregated results by neighbourhood or LGA (Campedelli
et al. 2020b; Rmandic et al. 2020). Our study aims to add
to this knowledge by exploring trends in property crime
amidst the social distancing measures put into place to
deal with the pandemic in Queensland Australia. An
additional feature of our analysis is the exploration of
potential variability of specific crime types at smaller
units of analyses—aside from the state more generally.
Our hypothesis is that property crime rates in Queens-
land will have declined in the context of the social dis-
tancing and containment measures that were introduced.
Further, we expect these declines will have been greatest
for those property crime types (and in those areas) where
routine activities and opportunity structures are most
influential (retail, other theft and burglary).
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Methodology

Data

These data are drawn from the Queensland Govern-
ment’s Open Data Portal (ODP; Queensland Govern-
ment 2020). The ODP reports statewide monthly offence
rates per 100,000 of the Queensland population. It also
reports the offence rates for each of the 77 individual
local government areas (LGAs) in Queensland. For this
study, we use the offence rates for five types of property
crime—property damage, shop theft, burglary, fraud
(including the subcategory of credit-card fraud), and
motor-vehicle theft.®

Analytical approach

For each of the property offence categories, we opera-
tionalize an Auto Regressive Integrated Moving Average
(ARIMA) model on the monthly offence rate between
February 2014 and February 2020.° To do this, we use
fable v0.2.1 (O’Hara-Wild et al. 2020), a time series fore-
casting routine operationalized for use with the statisti-
cal program R. ARIMA models are a specific type of
time series forecasting technique which capitalize on
several key time-series parameters—the series trend and
seasonality, its lagged auto correlations and its lagged
partial auto-correlations (correlations between residual
errors).” These patterns are then used to specify a statisti-
cal model from which forecasts can be computed. Like all
models, the relative accuracy of any forecast depends on
the strength of the relationship between past and future
values.

Using fable, the final ARIMA specification for each
property crime type is derived from an iterative param-
eter search algorithm. This is not driven by any specific
theoretical model of the predictive pattern of AR and MA
parameters, but instead, it is a data-driven model-selec-
tion process that identifies the model of best fit given the
available data. The search algorithm is a variation of that
which was proposed by Hyndman and Khandakar (2008)
for automatic ARIMA modelling. Specifically, the need
for trend and seasonal differencing is first identified using

> Previous analyses of these data focused exclusively on violent crime (see
Payne et al. 2020).

6 Although a longer series of historical data is available for Queensland,
we have limited this analysis to crime rates recorded from February 2014.
Before that time, there was an observable structural break in the trend, one
for which there has not yet been an empirical or theoretical explanation.
Modelling the data from 2014 onwards provide both sufficient informa-
tion for forecasting intent of this paper, but also limits the extent to which
the unknown structural break influences the estimation of AR, I and MA
parameters.

7 ARIMA models differ from linear OLS models in a number of important
ways. The most important is their capacity to model the time series’ moving
average. A moving average captures the correlation between lagged errors
and is not, therefore, an observed variable capable of estimation in OLS.
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a series of KPSS tests (see Kwiatkowski et al. 1992). Fable
automates the KPSS test and performs an OLS regression
with terms for deterministic trend, random walk, and sta-
tionary error. Whether the ARIMA specification requires
trend and seasonal adjustment depends on whether the
relevant parameters meet the necessary alpha threshold
of (p<0.05). Once adjusted, the AR and MA parameters
are chosen through a series of comparative model analy-
ses using four baseline® models which are calculated and
compared. The best of these baseline models (based on
the model which produces the smallest Aikake Informa-
tion Criteria (AIC)) is then used as the starting point for
an iterative model search function that tests single unit
changes to the AR and MA parameters. Any new model
that outperforms the starting model (again, based on it
producing a smaller AIC) is selected and the iterative
search function is repeated until such time as no alter-
native model can be found (see Hyndman and Athanaso-
poulos 2020).

At the conclusion of the automated ARIMA model-
ling procedure, two estimates of model accuracy are cal-
culated—the Mean Absolute Scaled Error (MASE) and
the Mean Absolute Percentage Error (MAPE). Both are
derived by ‘training’ each model on the in-sample data
for 2014-2018 and then comparing the model perfor-
mance against the out-sample data for 2019. The MASE
(see Hyndman and Koehler 2006) is a numerical repre-
sentation of the error produced by the forecast for 2019,
compared to the average error produced by a naive model
for 2014-2018. A MASE estimate less than the value of
one implies that the ARIMA model out-performs a basic
one-step ahead naive model. A value greater than one
implies the model is no better (or possibly worse) than
a naive estimation. MAPE is an estimate of the average
error produced by the forecast in for the out-sample data
in 2019. In this case, month-by-month error is defined as
the percentage difference between the forecast and the
observed offence rates. The average of these error per-
centages represents the MAPE. Crucially, offence series
with little or no offence counts will produce extreme
estimates of MASE greater than the value of one (values
approaching infinity). Similarly, some offence counts are
simply too low or longitudinally volatile to produce rea-
sonable ARIMA forecasts. These models result in large
values for MAPE. In this study, we treat any model with
extreme values of MASE (> 100) and/or MAPE (>50%) as
‘not able to be estimated.

For all estimable models we then use the final specifi-
cation to forecast point estimates and 95% confidence

8 These four models are ARIMA(0,d,0), ARIMA(2,d,2), ARIMA(1,4,0) and
ARIMA(0,d,1).
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intervals for March through to August 2020. We then
compare the observed offence rates for those months to
the forecasted point estimate and consider its position
within the confidence interval. We only conclude that
the offence rate has changed under COVID-19 condi-
tions if the observed value (for March to June 2020) falls
outside the upper or lower bounds of the 95% confidence
interval.

Finally, to explore geographical heterogeneity we repeat
the procedures above on the offence-specific time-series
data for each of the 77 LGAs in Queensland. A total of
624 models were executed and the results are summa-
rized here, with a specific focus on the 12 LGAs where
the population is greater than 100,000 (Table 1). The final
model specifications and output of this analysis can be
found in the supplementary tables associated with this
manuscript.’

Results

Theft and related offences

Three alternative theft offences were examined. These
were shop stealing and retail theft, motor vehicle theft,
and other theft (not elsewhere classified). In all three
cases the statewide rate of offending for April, May, and
June (per 100,000) was significantly lower than fore-
cast. In April, for example, shop stealing was 49 percent
lower than forecast (Fig. 2), while motor vehicle (Fig. 3)
and other (Fig. 4) theft were lower by 38 and 43 percent,
respectively. Notably, both shop stealing and other theft
were significantly lower than forecast in March (when
mobility began to change but the main government
restrictions were yet to be implemented), while motor
vehicle theft remained on-trend until a sharp fall in
April. It is also notable that the largest relative decrease
in each of the three theft offences occurred in different
months. The decline in shop-stealing, for example, was
largest in April, after which the offence rate trended up
again, although still well below forecast. For other theft
offences, the lowest rate was recorded in May (down
52%), while the lowest recorded rate of motor vehicle
theft was in June (down 42%).

Geographically, the results paint a mixed picture
(Table 1). In terms of shop-stealing, 24 models (of 77
LGAs) could be reliably estimated from their histori-
cal series. Of these, the recorded offence rate in April
was lower than forecast in 20 LGAs, 14 of which
were statistically significant. Only 4 LGAs recorded a

° Readers should note that for a number of crime types and in a number of
LGAs, our decision to limit the analysis to estimable models means that in
some cases there are only a small number of LGAs with forecasted outcomes.
In the case of fraud, for example, forecasts could be generated for only eight
LGAs.



Page 9 of 20

(2021) 10:7

Payne et al. Crime Sci

60— Vv~ Tl9— 8¢cl— 8¢~ [L/l— Lbvl— 6L~ U/l— 6— ye— 1’9z 88— 6°1s— Gel— 0s 85EPEE [IPUN0D A1) ueboT
eCc—  88y— ¥8l— (tC— 06Z— tv6Z— 80S— S§lE— G6(— L9l— Cle— 6GC 0/LE— §LE— 96l— [S— S9v69Y 1PUNoD [euoibay Aeg uolaion
9°€S— e~ 98— ¢E¥l— 6'8l— £8t— €8~ 9VI— 08— 86 ST 61vS 8€E— [6E— S0 6°0S 8150¢9 [12UN0D A1D 120D P|OS
Er— 88(— 98— 6GC S0T— 9'ly 8%Z— [Lll— Stb— TLZ— 00T— Ll L'6b— 6'6v— L6b— YCl—  86ESCL 1PUNOD A1) dueqsig

(P) (358232104 WOIJ 2DUUBLIP %) 10ysdeus o] A

)8 €8 (OF:; s ©ct ©@ct @ct ©LL Qe (Ol (©®8L v @6l (e (Bl)ee (08 = (0) (auedYIUBIS U) 3SBRIDIP YUM Sy

o o 0o 0 € (OF (ON (ON (X4 ¢ 0¥ oz W1c (8% (00 oL (©st = (9) Guesyiubis u) aseaioul Yyum Sy

8 €l 14 € - (€) S|]9pow 9|qewnsy
(SYD] /£ JO) Alewiwins apim-3e1s
aunr Rew qudy yosey oaunr  Aeyy judy yosepy  aunr Keyw qudy yoseyy  aunr Aeyy  qudy  youey
paweun pue pawuy pnesy ||y PYy10 [enuapisay Uonendod
juapisay
£13qqoy pnei4 fiejbing pajewiysy

v'Zl— 817 ThT- vt— 9ly— 60b— [LE- [1— €S- §lS— [LTh— SO0L- E£Tb— 6Vvv— 06v— EE€L— 0000¢1§ pPIM-21D1S

l'ec— 9l 89 1413 I'e S/l— 9€§— §§T 18— O0vy— +8E— Er— 6'99— vOb— Gle— 6€l— 14901 1PUNOD [euoibay 1se0) Jaseld

9=  §8— 9l 9¢e L'vb— L'bb— G8(— 0'S vsv— ver— [L9y— ICl— S9¢— 80/~ 90— [8(— €9/911 1PUNOD [euoibay Aexden

96— €8¢— 18l— L6 LLiv— VIE— plS— §'9- 0/Lb— T8— [LV¥E— 90I— 60¢— €Gl— 79— 79— G188S1L 1>UNoD AUD pue|pay

¥8— ¥Sl— 98C— GS¥l— Cle— 8y~ 86b— 69T E£E— 965~ SEh— €€l €65— 85— 19— GEl— 298991 1DUNOD [euoifbay sulied

G0 G6l— 90 €l ve—  S6— vse— 60T [l¢— 9¢e— §Se—  8¢l— 89(— 8tb— LOv— S6— 80069 L 1PUNOD [euoibay equIoomoo]

Syc— 67— 8el— L'lE— JYN 879— 0Vv9— 89S— t/l— 6'lL— E6b— 60[— Slv— 0561 1PUNOD AND JIASUMOL

[8l— 8Th— GeCc— 6¢€l— 06£— 06(— L9— €91— 98— [L€9— 98— GSGI— ¥8(— €09— TLS— 8ll— £0€CCC 1PUNOD AND Yoimsd|

8Ll— [T~ [LVvE— L6~ S/l— 10l— 6ll— /€& 00v— TTh— £8E— 6v— 6°Sh— 6'Sv— L99— [0l— 8C¥8LE IPUN0D) [PUOIB3Y 15RO BUIYSUNS

L'vz— S6— /LSl— v'ST 0TE— L'9E— 8/LT— (¢ 0/LS— 079— 8€— b9l— 6€€— G~ L'9— 86 85EtEE [1PUNod A1 uebon
L'ST— L'4T— [0¢— GS¢el— §8¢— GS0C— [/Z— I'e 09— SVvS— LOov— [/[Sl— 09— 10— €€9— C0C— SOr6E9Y 1PUNo) |euoibay Aeg uolaI0p

€/— E0E— €6l— ¥0— T8&— (8l— €e— L'ze 0Sy— E£€r— 99— Vil— [L96€— 00£— 875 L= 815029 [15UNoD AUD 1580 PlOD

€Sl— 9Y/l— o0'lZ— Sy— 9vE— 8LE— L'9T— Sl L'vy— v8y— 0€h— 0v— TLlE— 6£8— [L9%— S'LI— 86¢e5¢l 1PUNOD AND dueqgsig
(P) (35822104 WO 2DUUBYIP %) 10ysdeus o] Ay
©)

(eee OUse ©Use (Mle ®LL Q6L (el 06 (008 Woot (c)Le e (e whce wHoOC (9ot —  (1uedylubis u) 95e3159p YUM Sy

@8 @9 (@9 ©@oc (s ©@c (O mel (ON @c ©L Wst 01 ¢ ©Or v —  (uedoyiubis u) aseanul yum m@vg
84 [44 8¢ 24 = (e) S|opOW 3|qewnsy
(SYD7 £/ J0) Alewwins apim-a1e1s
aunr  Aepy judy yosepy  sunr ey Judy  yaaepy aunf Key judy  yosew aunr Aey judy  yosew

abewep Ayiadoud ||y

1J3Y1 3]D1Y3A 1010\

Buijeass 19Y10

Buijeass doys

abewep Auadoid

S92U3YJ0 parejas pue Yay L

uone|ndod
juapisal
palewnsy

sawod3no buljlepow YNIYY jo A1tewwns | 3jqel



Page 10 of 20

(2021) 10:7

Payne et al. Crime Sci

21ewsa julod paidipaid 3y) Woy 95ea139p 40 dseaidul a6ejuadiad e se paInsesw S| 23el PIISeII0) Y} PUe 33es PIAISSCO Y} US3MI] 9DUBIYIP AeII YL |

juedyiubis Ajjednsiels
SeM 9SB3IDIP DY} ISYM S[SPOW JO ISGUINU BY} SS)BIIPUI S9saYjuIed Ul SN[eA BY] "YIUOW YD Ul 3}l P3)SeII0) 3} UBY) JOMO| SEM D}e] SWILID PAAISSCO 3} 2IBYM S[9POW [9A3]-YD] 9|qRWIISS JO Jaquinu ay] .

juedyiubis jjednsnels
SeM 95B3IDUl 3Y} DIBYM S|SPOW JO JIGUINU B3 S33edIPUI S35YFURIRd Ul BNJA BY] "YIUOW UD.D Ul )8l PR}SEIDI0) Y} Uey} J3YBIY sem 33es SWLID PIAIISCO 3U3 I3YM S|SPOW [9A3]-YDT 3|GRUINSS JO J3quINU 3Y] 4

uoISN|dUl 10§ SJUBWAIINDSI UOIBWIISS 3SNGOI BY) PIYSHES UDIYM (SYDT £/ JO) SIDPOW YINIYY [9AS]-YDT JO Jaquinu 3y ,
plog
|enod eje@ uadQ JUSWUIIAOD PURISUIINY :DDINOS

S0°0 > d 1e uedyiubis Ajje

S131S 919M 1By} S95ea4d9p 10 S95eaIdUl 9)edIpul sanjeA

§CceE- 0'lv— vly— cc ole— Cll— So0e—  voel— 60b— [L'leE— 99l- L€ ThS— 98— v'0S— Sll—  0000€LS opIM-31DIS
JYN FYN  60v— CLe— €0— 801 (L— Cle— 0¢€— 870l L9901 IPUNOD [euoibay 15e0)) Jaseld
JYN JYN 6= €0L—  COol— e 80— Ces—  Oel— (444 €9/911 1PUNOD [euoibay Aexden
JIN  £0€— 0O'l9— €= 0 8th— 8er— 9€c &L [~ 19— ve— £'6S G1885l [1PUNoD A1) puejpay
ccl— 1reL— - 06e  19¢— ¥8l— ¥Sl— 00¢— ¥P9— 8LE— ov— 9l [9%— 89— 88— 9/LE— 98991 1PUNOD [euoibay suiled
JIN  §°€9L (65— g8e  9/lv— Sv- [6l— [6l— L'l- 0°9€— §°S§— €95— 09 800691 unod [euo163Y EqUIOOMOOL
JYN ae¢ vvr—  099— 186 C'l9— [LTS— €hr— 9lc JUN e0s6!l 11PUNOD AND |jIASUMOL
18¢— 1'69— 9¢S— o6vl— €= Vvvi— ¥o— U'/¢c— 8§S— (e~ 6'Sh— 18 /Le— U'Se— Thy— v6— L0gcee 11PUNoD AN Yyamsd|
JIN  Sepr— 8- €0¢— ve— 0e /6l— L've l'ey 19¢—  €ev—  L4iy— A 8Y8Ce 1PUNO) [eUOIBaY 180D BUIYSUNS

aunr Aewy qudy yuew aunp  Aeyy  udy  yoew  aunr Aeyy  udy yosew  sunr Aey  qudy  yousepw

paweun pue pawy pney ||y PY10 |ennuapisay uone|ndod
juspisay
K1aqqoy pnely fiejbing polewnysy

(panunuod) | s|qey



Payne et al. Crime Sci (2021) 10:7 Page 11 of 20
— Observed e Forecast . Forecast CI (95%)
70
60
50
=S
g 40
(=]
=
g 30
8
3
20
10
0
T C I S S I B B
Fig. 2 Queensland SHOP STEALING rates and forecasts. Source: Queensland offence rates, Open Data Portal
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Fig. 3 Queensland MOTOR VEHICLE THEFT rates and forecasts. Source: Queensland offence rates, Open Data Portal

shop-stealing offence rate that was above the forecast
for April, but in none of these four instances did the
estimate exceed the confidence interval. For motor-
vehicle theft, models were produced for 22 LGAs and
by April, 19 had recorded an offence rate lower than

forecast (11 of these declines were statistically signifi-
cant). In terms of other-theft offences. 38 LGAs were
modelled and 37 recorded a lower-than-forecast result
in April. Of these, the decline was statistically signifi-
cant in 32 LGAs.
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Focusing specifically on the 12 LGAs with a popula-
tion greater than 100,000 we note a number of inter-
esting results. The first is the overwhelming consistency
in trend, with all 12 LGAs trending downwards for
all three theft offence types by April. Not all of these
declines were statistically significant, but the trend was
universal. Within this general story of homogeneity are
a series of notable differences. For example, while the
statewide data showed the largest decline in shop-theft
occurring in April, this was not the universal experi-
ence of all LGAs. The lowest rate in Redlands City
Council and Fraser Coast Regional Council was, in fact,
seen in June (down 31 and 67% respectively), while the
declines in April and May were comparatively modest.
In Redlands, none of the declines in shop stealing were
statistically significant while in Fraser Coast, only the
June figure exceeded the 95 percent confidence interval.
For other theft offences, Toowoomba Regional Coun-
cil appears as an outlier having only relatively modest
declines that were not statistically significant. Motor
vehicle theft in the Gold Coast City Council region (a
southern residential and tourist location) is also a nota-
ble outlier for having a statistically significant increase
(+32%) in motor vehicle theft in March, and only a
modest (non-significant) decrease in April (—6%).

Burglary

Both residential and non-residential burglary were exam-
ined and, across the state of Queensland, both were sig-
nificantly lower than forecast in April, May, and June.
Residential burglary was 50 percent lower than forecast
(Fig. 5) while non-residential burglary (Fig. 6) was 17 per-
cent lower. Unlike retail and other theft related offences,
burglary rates did not begin to decline in March as mobil-
ity began to shift but before formal restrictions were put
into place. Statewide, residential burglary was down in
March, but not significantly, while non-residential bur-
glary was actually up by 23 percent (a statistically signifi-
cant increase). We note that non-residential burglary was
the only property offence type to experience a significant
increase in March.

Across the state, residential burglary trends were able
to be modelled for 23 LGAs. Of these, 22 LGAs recorded
a lower-than-forecast decline in April and the downward
shift was statistically significant in 19 LGAs. After April,
rates of residential burglary remained below trend in all
LGAs (at least where models could be estimated), but a
fewer number were statistically significant (n=9). In
June, the downward trend had reversed in at least four
LGAs and for one LGA the residential burglary rate in
June was, in fact, statistically higher than forecast. The
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reverse in trend appears to have occurred in the less pop-
ulated regional LGAs to the west and north of the capital
city region.

For non-residential burglary, 25 models could be esti-
mated. Consistent with the trends mentioned above,

the data for March show that non-residential burglary
rates were higher than forecast in a majority of LGAs
(n=21, statistically significant in 7). By April, the trend
had reversed in most LGAs (n=18), and was statisti-
cally lower for eight. In all, the trends in non-residential
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Fig. 7 Queensland FRAUD rates and forecasts. Source: Queensland offence rates, Open Data Portal

burglary from March to June were quite variable across
the state (Table 1). Despite this, there are a number of
notable patterns across the most populous LGAs. First,
non-residential burglary rates in March were significantly
higher in the Gold Coast, Logan City, Sunshine Coast and
Redland City Council. All four are outer-city suburban
areas with large tourist or industrial economies. In none
of these four locations did the rate of non-residential bur-
glary then decline in April, May, or June to a point where
the rate was statistically lower than forecast. Second, only
three LGAs experienced large, consistent and statistically
significant declines from April through to June. These
were Brisbane, Ipswich and Townsville LGAs. Brisbane is
the inner-city metropolitan region with many retail busi-
nesses and restaurants, while Ipswich (to the west) and
Townsville (to the north) are regional cities.

Fraud

In April, fraud offences in Queensland were 31% lower
than forecast. This was the lowest rate recorded since late
2015, although it did not fall below the lower bound of
the 95% confidence interval (Fig. 7). Month-to-month
rates of fraud offending are generally low and the time
series, both at the LGA and statewide level, were quite
volatile. Consequently, only 13 LGA models were able to
be estimated with sufficient accuracy and of these mod-
els the confidence intervals were relatively wide and the
lower-bound often fell below zero. Consequently, it was
difficult to reliably assess changes in fraud offending, with

one exception—fraud in Cairns (a northern coastal city
and tourist location) experienced a 164 percent increase
in fraud during June.

Robbery

Robbery is an acquisitive violent offence, often commit-
ted for financial gain and not typically committed against
familial relations or close acquaintances for emotive rea-
sons. Most robberies in Australia occur in open-street
or community locations (51%) or other retail, industrial
or business locations (32%) (Australian Bureau of Statis-
tics 2020e) and thus share similar spatial characteristics
to other non-violent forms of property crime. Statewide,
robbery rates were unchanged (relative to forecast) in
March, then down 41 percent in April and May and down
33% in June (Fig. 8).

Not unlike fraud, robbery offending is relatively
uncommon and difficult to forecast at the discrete LGA
level. Only eight models were assessed as sufficiently reli-
able for our analysis. In no case was the rate of robbery
in March higher or lower than forecast, while in April, all
eight LGAs recorded a decline (six were statistically sig-
nificant). The same was true for May and June where all
eight LGAs were trending lower than forecast.

Property damage

Property damage occurs at a rate of approximately 60
offences per 100,000 of the Queensland population. In
March, the statewide rate tracked consistent with the
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forecast. By April, property damage was statistically lower
than forecast (down 24%) and remained so through May
and June (Fig. 9). Across the state, reliable models could
be estimated for 41 LGAs. Of these, 35 recorded a lower-
than-forecast rate of property damage in April—ten were

statistically significant. Generally, the property dam-
age trends mirror those seen for other property offence
types, which is not surprising given that property damage
is often an offence that is co-recorded with other forms
of theft (such as residential and non-residential burglary).
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That said, the LGA-specific results show a small number
of locations which seem to have had a differential expe-
rience during the COVID-19 restrictions. For example,
Logan City and Fraser Coast LGAs both experienced
a statistically significant increase in property damage
during March as social distancing began to take effect.
Notably, in the same month both locations also had a sig-
nificant increase in non-residential (Logan) or residential
burglary (Fraser Coast) and Logan also happens to be one
of the few locations which saw a minor increase in shop
stealing.

Further, at a statewide level property damage appears
to have been most impacted in April (down 24%), stay-
ing relatively consistent in May and the returning closer
to trend in June. This temporal profile was not consist-
ent across Queensland with property damage in the Gold
Coast, Ipswich and Townsville, for example, being lowest
(relative to forecast) in May. In Redland city, the lowest
relative rate was seen in June, although this was still not
statistically significant.

Discussion
This study offers an analysis of the impact of COVID-
19 containment measures on recorded property crime
rates in Queensland and examined whether the observed
impacts varied across the state’s 77 LGAs. We use an
iterative univariate ARIMA framework to model the six-
year trend in the statewide rates of six property crime
types (shop stealing, motor vehicle theft, other theft, bur-
glary, fraud, robbery and property damage) in Queens-
land, Australia. We capitalize on the period-by-period
and seasonal patterns in each series to generate dynamic
forecasts (and their 95% confidence intervals) and we
compare these forecasts to the observed rates for March
through to June 2020. March was the month in which all
key social distancing regulations were first brought into
force, but not until late in the month. Social distancing
was recommended but, for most of March, not man-
dated. In April, full social distancing restrictions were
in place and not relaxed until May 1. At an aggregate
statewide level, our results show statistically significant
reductions in all property offences types from April and
which continued through until June. The one exception
was for fraud offending, which declined to a recent-his-
torical low, but not enough to exceed the 95% confidence
interval. For the month earlier, when social distancing
was recommended, but not mandatory, we found statisti-
cally significant declines in shop-stealing, other-theft and
residential burglary, and an increase in non-residential
burglary.

When viewed through the lens of routine activities and
crime pattern theories, these findings are consistent with
theoretical expectations. While there was a demonstrable
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change in mobility towards the end of March, the larg-
est impact on mobility was not observed—and then
sustained—until the month of April. Changes in prop-
erty crime have tended to follow the expected pattern,
given the changes to mobility, and are largely consistent
with studies conducted overseas and in Australia (Ashby
2020a; Boman and Gallupe 2020; Borrion et al. 2020;
Campedelli et al. 2020a, b; Felson et al. 2020; Gerell et al.
2020; Halford et al. 2020; Kim and Leung 2020; Mohler
et al. 2020; Rmandic et al. 2020; Rosenfeld and Lopez
2020). In fact, it would appear that the significant reduc-
tions in crime observed in Queensland exceeded those
observed in the United States, and are higher than those
observed in the only other Australian studies to date (Kim
and Leung 2020; Rmandic et al. 2020). While in the more
recent months of May and June there were some small
increases in certain property crime types—shop steal-
ing, other theft, residential burglary and robbery—, crime
levels remained well below their forecasted levels. This is
despite the staged re-opening of social and business activ-
ity which commenced as early as 2 May 2020.

One of the three property crime types signaling an
early change was shop stealing and these offences are
more likely to occur in high use business districts which
normally have significant pedestrian traffic. Conse-
quently, shop theft appears to have declined earlier
than most other offence types, most likely due to the
statewide social distancing rules which mandated the
closure of some retail precincts, limited trading hours
of major stores, and which saw an increase in the pres-
ence of physical security personnel to monitor social
distancing and intervene to prevent panic buying. Each
of these actions, made in the interests of public health
and safety, are nevertheless likely to have a significant
impact on retail-related crime. Specifically, we believe
that the opportunities for shop stealing were limited (by
restrictions on retail opening hours), target hardened
(by the increased presence of surveillance and security),
or removed altogether (by retail store closure), meaning
that fewer motivated offenders could take advantage of
(or encounter) opportunities to steal. This is supported,
in part, by Google’s mobility trend data, where there was
a large but gradual decrease in the use of retail and rec-
reation locations, and an increase in time spent at home,
towards the end of March. It is possible that the impact
of these containment measures, particularly in terms of
influencing routine activities, will have first had their
greatest impact on those crime opportunities directly
connected to retail locations that were closed, guarded by
security, or limited by restrictions in trading hours.

For the category of ‘other theft’ we offer a similar expla-
nation in that the convergence of motivated offend-
ers with vulnerable victims was likely to have been
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significantly impacted by the re-configuring of routine
activities connected to key retail and economic activities.
This category of other theft captures non-assaultive steal-
ing offences in which the primary victim was not a retail
premise. This would include the theft of other personal
items and belongings, such as mobile phones, handbags
and wallets, often in business, retail or entertainment
districts, or on public transport. In fact, one Australian
study showed as much as 60 percent of these stealing
offences occurred on public transport, at workplaces or
at licensed premises, all of which have been significantly
impacted (Burgess and Grech 2011). A further 25 percent
of offences occurred in other public spaces. For the same
reasons as above, the opportunities for this type of crime
are likely to have been significantly reduced as large seg-
ments of the population opted to stay at home and limit
the frequency and length of their visits to public places.
However motivated some offenders might have been,
it is undoubtable that strong social distancing regula-
tions limited the number of vulnerable victims and thus
reduced the number of possible criminal opportunities.

The early downward shift in residential burglary for
March coincided with a statistically significant increase
in non-residential burglary. We suggest that residential
burglary declined early, in part because the recommen-
dation of social distancing encouraged many more peo-
ple in Queensland to stay and work from home, even
before the formal restrictions were put into effect. With
more people staying and working from home, residential
buildings are likely to have benefited from a significant
increase in passive surveillance and guardianship. Given
this, the complementary rise in non-residential burglary
for March might be explained by the same factors. Busi-
nesses were closing (or reducing their trading hours) and
pedestrian traffic in business or industrial districts was
likely to have been much lower than usual making non-
residential locations a suitable and potentially attractive
alternative to residential thefts. In particular, non-res-
idential burglaries likely also include business such as
restaurants and general office spaces, places which have
products that are easy to steal and sell on the secondary
markets.'’ By April, both types of burglary were signifi-
cant below trend. The decline in non-residential burglary
is likely to have occurred once businesses and industrial
districts were fully closed. Similar patterns in non-resi-
dential burglary have been observed elsewhere (Ashby
2020a; Hodgkinson and Andresen 2020), with impacts on
burglary shown to depend on the composition of residen-
tial and non-residential land use (Felson et al. 2020).

1 In New York City, for example, there were widespread reports of an
increase in thefts from shops, restaurants and other businesses, especially at
the outset of city-wide lockdowns (Pagones 2020).
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The routine activity and opportunity structures which
make possible more serious forms of property crime,
namely robbery and motor vehicle theft, were not as eas-
ily or quickly influenced by social distancing, with reduc-
tions in these two crime types not observed until April.
As was expected, however, the increase in time spent by
people at home has increased the level of informal guard-
ianship, both by residents and their neighbors, which
likely deterred would-be offenders from stealing vehicles
parked in driveways, garages and residential car parks in
the same way as it reduced opportunities for burglary.
Similarly, the restrictions on movement, and resultant
decrease in time spent at workplaces, in retail precincts
and using public transport prevented vehicles from being
parked in places or contexts that make them vulnerable
to theft. Of course, the increase in capable guardians, and
reduction in suitable targets, likely also coincides with
the absence of motivated (potential) offenders, who will
have been restricted in their movement by containment
measures.

A key objective of this study was to explore the het-
erogeneity of Queensland’s crime-rate experience when
mapped across its 77 LGAs. The fundamental question
of interest here is whether the COVID-related crime
decline was universal, and where it was not, whether
any differences might be equally understood using the
same theoretical perspectives. To be sure, Queensland’s
77 LGAs are quite diverse in terms of their population
and economic foundations. We might expect, therefore,
the impact of COVID-19 in the bustling metropoli-
tan South East (where the Capital, Brisbane, is located)
to be different from the western or northern townships
which surround the city (Toowoomba, Logan, Redlands,
for example), or the agricultural and tourism hubs in
the north or far north coast (Sunshine Coast, Mackay,
Cairns and Townsville). For theft and related offences
the story was mostly of a generalizable and universal
impact where there was minor variability around a com-
mon trajectory of significant and protracted declines in
the rate of offending/detection (at least until June). The
variation that did exist appeared consistent with the view
that retail and other theft was likely to decline earlier and
more rapidly in city LGAs where there are large central
business and retail precincts.

For motor vehicle theft, there was no statewide change
in March, but underlying this aggregate result were 13
LGAs which recorded an increase, four of which were
statistically significant. We note that of the 12 most popu-
lated LGAs two recorded a statistically significant increase
in March—the Gold Coast and Sunshine Coast Coun-
cils—both tourism locations on the northern and south-
ern fringe of the capital city metropolitan region. We
note a similar pattern for non-residential burglary which
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increased significantly in 21 LGAs during March only to
reverse into decline from April to June. In the most popu-
lous LGAs, these significant increases in non-residential
burglary occurred in four locations—the Gold Coast,
Sunshine Coast, Logan City and Redland City. Again, two
of these locations are suburban/tourism locations, while
the others are inner-regional city centers with major man-
ufacturing and industrial business districts. We believe
that these increases in March, both for motor vehicle theft
and non-residential burglary, were the consequence of
some displacement from other crime opportunities.

Further research is needed to understand the reasons
for the variation we have uncovered in Queensland (both
across LGAs and between crime types in the same LGA).
However, given that all regions were equally impacted by
the same set of containment measures at the same time
(because they were statewide) we believe it is likely that
the variability has been strongly influenced by the under-
lying opportunity structures that exist within each LGA.
An equally plausible explanation is that containment
measures have the capacity to affect different communi-
ties in different ways, perhaps as a result of their different
population and socio-economic structures. This, in part,
might help to explain why some LGAs experienced less of
an overall decline in some crime types, recognizing that
social distancing may have prevented some crime, but
not as much as might have been the case in more affluent
and economically resilient areas.

There are some limitations with our analysis that are
important to acknowledge. First, we were reliant on
recorded crime data, because they are available much
more quickly than other forms of data on crime (e.g.,
victimization data), and because they permit more fine-
grained analysis of changes of overtime and in different
locations. While reporting rates are higher for property
than violent crime, not all property crime is reported to
police. And we do not know how reporting behavior has
been influenced by COVID-19. Also, we were limited to
monthly data. Other studies have had access to weekly
or even daily data; however, these data were not read-
ily available (at least publicly) for the full range of crime
types examined in this study. This may mask some of the
changes that might have occurred in recorded crime fol-
lowing the introduction of containment measures. As
well, while we focused on short-term changes in response
to government policy changes, we encourage longer-
term analyses. Finally, we focus our work on Queensland,
in large part because the data are available for analyses.
Other cities (states) in Australia experienced shut-downs,
re-openings, and further lockdowns (see Melbourne,
Australia in July 2020). Analyses of crime trends in these
locations—especially as it is the winter time in the July—
August timeframe—would be of interest.
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Given the significant disruption to people’s day to
day activities, we have drawn heavily on routine activity
theory and crime pattern theory to explain these early
changes to property crime. We recognize, however, that
as containment measures are relaxed, other factors may
begin to operate and influence crime rates in different
ways. For example, higher rates of unemployment or
under-employment have already been observed and are
likely to be present in the longer-term, especially among
youth and young adult populations, which will likely
exert considerable strain on communities. How this will
impact crime remains to be seen, although past experi-
ence suggests it may result in longer-term changes to the
overall pool of motivated offenders, or offender motiva-
tions (Phillips and Land 2012). In any case, how property
crime rates respond in the longer term to this once-in-
a-generation global event will provide invaluable fore-
ground for theoretical analysis into patterns of offending.

Conclusion

As the novel coronavirus (SARS-cov-2) emerged in
the early months of 2020, different countries across the
globe responded in a multitude of ways. In Australia, the
public health response was comparatively swift and strict,
driven by a strong commitment to containment and out-
break mitigation. For this reason, Australia is an important
comparative site for the study of COVID-19 and its impact
on crime. The north-eastern state of Queensland—where
the current study data is drawn-was the first to announce
COVID-19 as a public health emergency and one of the
last to relax interstate travel restrictions. In this study, we
conclude that the stay-at-home orders and social distanc-
ing requirements resulted in a significant reduction in all
property crimes, with the exception of fraud. We also con-
clude that the property crime types most affected (retail
theft, other theft, and burglary) declined rapidly and by the
greatest margins as reduced social mobility limited crimi-
nal opportunities to offend. Consistent with this theme, the
short-term state-wide increase in non-residential burglary
is evidence of the displacement of offending to alternative
targets that were more accessible and vulnerable. Although
the experience in most LGAs was broadly consistent with
the state-wide profile, there were are number of key excep-
tions. Overall, we conclude that regional differences most
likely resulted from differences in local demographic, eco-
nomic and criminal opportunity structures.

Acknowledgements
We wish to acknowledge the Queensland Government for their commitment
to open and public access to crime and justice data.

Authors’ contributions
All three authors have contributed to the development of this manuscript.



Payne et al. Crime Sci (2021) 10:7

Funding
This study has received no grant, institutional or private sector funding.

Availability of data and materials
The data use in the study are publicly available from the Queensland Govern-
ment Open Data Portal.

Competing interests
The authors have no competing interests.

Author details

! University of Wollongong, Keiraville, Australia. 2 Australian Institute of Crimi-
nology, Canberra, Australia. > University of Miami, Coral Gables, USA. * Monash
University, Melbourne, Australia.

Received: 19 August 2020 Accepted: 17 December 2020
Published online: 08 March 2021

References

Agnew, R. (1992). Foundation for a general strain theory of crime
and delinquency. Criminology, 30(1), 47-88. https://doi.
org/10.1111/j.1745-9125.1992.tb01093 x.

Allard, T, Chrzanowski, A, & Stewart, A. (2012). Targeting crime prevention to
reduce offending: identifying communities that generate chronic and
costly offenders. Trends and Issues in Crime and Criminal Justice, 445, 1-8.

Andresen, M. A, & Hodgkinson, T. (2020). Somehow | always end up alone:
COVID-19, social isolation and crime in Queensland. Australia. Crime Sci-
ence, 9, 25. https://doi.org/10.1186/540163-020-00135-4.

Ashby, M. P. J. (2020a). Initial evidence on the relationship between the coro-
navirus pandemic and crime in the United States. Crime Science, 9(1), 6.
https://doi.org/10.1186/540163-020-00117-6.

Ashby, M. P. J. (2020b). Changes in police calls for service during the early
months of the 2020 coronavirus pandemic. Policing. https://doi.
org/10.1093/police/paaa037.

Australian Bureau of Statistics. (2020a). Household Impacts of COVID-19 Survey,
1-6 Apr 2020 (Cat. no. 4940.0). Australian Bureau of Statistics. https://www.
abs.gov.au/AUSSTATS/abs@.nsf/allprimarymainfeatures/4DF23BAE08
F75714CA25855B0003B1D9?0pendocument

Australian Bureau of Statistics. (2020b). Household Impacts of COVID-19 Survey,
14-17 Apr 2020 (Cat. no. 4940.0). Australian Bureau of Statistics. https://
www.abs.gov.au/ausstats/abs%40.nsf/mediareleasesbyCatalogue/DB259
787916733E4CA25855B0003B21C?OpenDocument

Australian Bureau of Statistics. (2020c). Household Impacts of COVID-19 Survey,
29 Apr—4 May 2020 (Cat. no. 4940.0). Australian Bureau of Statistics. https
-//www.abs.gov.au/AUSSTATS/abs@.nsf/Previousproducts/4940.0Main
9%20Features329%20Apr%20-%204%20May%2020207opendocume
nt&tabname=Summary&prodno=4940.0&issue=29%20Apr%20-%20
4%20May%202020&num=_&view=

Australian Bureau of Statistics. (2020d). Labour Force, Australia, Apr 2020
(6202.0). Australian Bureau of Statistics. https://www.abs.gov.au/ausstats/
abs@.nsf/mf/6202.0

Australian Bureau of Statistics. (2020e). Recorded Crime - Victims, Australia, 2019
(4510.0). Australian Bureau of Statistics. https://www.abs.gov.au/ausstats/
abs@.nsf/mf/4510.0

Australian Cyber Security Centre. (2020). Threat update: COVID-19 malicious
cyber activity. Australian Cyber Security Centre. https://www.cybergov.au/
threats/threat-update-covid-19-malicious-cyber-activity-20-apr-2020

Bernasco, W. (2018). Mobility of location choice of offenders. In G. J. N.
Bruinsma (Ed.), The Oxford Handbook of Environmental Criminology (pp.
732-756). Oxford: Oxford University Press.

Boman, J. H, & Gallupe, O. (2020). Has COVID-19 changed crime? crime rates
in the united states during the pandemic. American Journal of Criminal
Justice, 45(4), 537-545. https://doi.org/10.1007/512103-020-09551-3.

Borrion, H., Kurland, J,, Tilley, N, & Chen, P. (2020). Measuring the resilience of
criminogenic ecosystems to global disruption: a case-study of COVID-19
in China. PLoS ONE, 15(10), e0240077. https://doi.org/10.1371/journ
al.pone.0240077.

Page 19 of 20

Brantingham, P, & Brantingham, P. (1993). Environment, routing and situation:
toward a pattern theory of crime. In R.V. G. Clarke & M. Felson (Eds.),
Routine activity and rational choice. Transaction Publishers: Piscataway.

Brantingham, P, & Brantingham, P. (1995). Criminality of place: Crime gen-
erators and crime attractors. European Journal on Criminal Policy and
Research, 3(3), 5-26.

Burgess, M., & Grech, K. (2011). Crime on the NSW rail system. Crime and Justice
Statistics Bureau Brief, 64, 13.

Campedelli, G. M,, Aziani, A, & Favarin, S. (2020a). Exploring the immediate
effects of COVID-19 containment policies on crime: an empirical analysis
of the short-term aftermath in Los Angeles. American Journal of Criminal
Justice. https://doi.org/10.1007/512103-020-09578-6.

Campedelli, G. M, Favarin, S., Aziani, A, & Piquero, A. R. (2020b). Disentangling
community-level changes in crime trends during the COVID-19 pan-
demic in Chicago. Crime Science, 9(1), 21. https://doi.org/10.1186/54016
3-020-00131-8.

Chang, S. L, Harding, N., Zachreson, C,, Cliff, O. M., & Prokopenko, M. (2020).
Modelling transmission and control of the COVID-19 pandemic in Aus-
tralia. Nature Communications, 11(1), 5710. https://doi.org/10.1038/54146
7-020-19393-6.

Cohen, L. E, & Felson, M. (1979). Social change and crime rate trends: a routine
activity approach. American Sociological Review, 44(4), 588-608. https://
doi.org/10.2307/2094589.

Felson, M., Jiang, S., & Xu, Y. (2020). Routine activity effects of the Covid-19 pan-
demic on burglary in Detroit, March 2020. Crime Science, 9(1), 10. https://
doi.org/10.1186/540163-020-00120-x.

Fernandez, J, Clare, J, & Morgan, F. (2006). Suburban Travel Patterns in Burglary.
Crime Research Centre, University of Western Australia. http://www.law.
uwa.edu.au/__data/assets/pdf_file/0009/623466/Suburban_Travel_Patte
rns_in_Burglary_Fernandez_et_al_2006.pdf

Gerell, M, Kardell, J,, &Kindgren, J. (2020). Minor covid-19 association with
crime in Sweden, a five week follow up. Crime Science. https://doi.
org/10.31235/0sf.io/w7gka.

Guerette, R. T, & Bowers, K. J. (2009). Assessing the extent of crime displace-
ment and diffusion of benefits: a review of situational crime prevention
evaluations*. Criminology, 47(4), 1331-1368. https://doi.org/10.111
1/j.1745-9125.2009.00177 X.

Halford, E., Dixon, A, Farrell, G, Malleson, N., &Tilley, N. (2020). Coronavirus and
crime: social distancing, lockdown and the mobility elasticity of crime.
Crime Science. https://doi.org/10.31235/0sf.io/4qzca.

Hodgkinson, T, & Andresen, M. A. (2019). Changing spatial patterns of resi-
dential burglary and the crime drop: the need for spatial data signatures.
Journal of Criminal Justice, 61, 90-100. https://doi.org/10.1016/jjcrim
jus.2019.04.003.

Hodgkinson, T, & Andresen, M. A. (2020). Show me a man or a woman alone
and I'll show you a saint: changes in the frequency of criminal incidents
during the COVID-19 pandemic. Journal of Criminal Justice, 69, 101706.
https://doi.org/10.1016/j.jcrimjus.2020.101706.

Hyndman, R. J., & Athanasopoulos, G. (2020). Forecasting: principles and prac-
tice. OTexts. https://otexts.com/fpp3.

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

Hyndman, R. J., & Koehler, A. B. (2006). Another look at measures of forecast
accuracy. International Journal of Forecasting, 22(4), 679-688.

Kim, M.-T,, & Leung, F. (2020). COVID-19 pandemic and crime trends in NSW.
Crime and Justice Statistics Bureau Brief, 147, 1-15.

Kwiatkowski, D., Phillips, P. C. B, Schmidt, P, & Shin, Y. (1992). Testing the null
hypothesis of stationarity against the alternative of a unit root. Journal
of Econometrics, 54(1-3), 159-178. https://doi.org/10.1016/0304-
4076(92)90104-Y.

Midoes, C. (2020). Social distancing: Did individuals act before governments.
https://www.bruegel.org/2020/04/social-distancing-did-individuals-act-
before-governments/

Miller, J. M., & Blumstein, A. (2020). Crime, Justice & the COVID-19 Pandemic:
toward a National Research Agenda. American Journal of Criminal Justice,
45(4), 515-524. https://doi.org/10.1007/512103-020-09555-z.

Mohler, G., Bertozzi, A. L, Carter, J, Short, M. B, Sledge, D, Tita, G. E, et al.
(2020). Impact of social distancing during COVID-19 pandemic on crime
in Los Angeles and Indianapolis. Journal of Criminal Justice. https://doi.
org/10.1016/jjcrimjus.2020.101692.


https://doi.org/10.1111/j.1745-9125.1992.tb01093.x
https://doi.org/10.1111/j.1745-9125.1992.tb01093.x
https://doi.org/10.1186/s40163-020-00135-4
https://doi.org/10.1186/s40163-020-00117-6
https://doi.org/10.1093/police/paaa037
https://doi.org/10.1093/police/paaa037
https://www.abs.gov.au/AUSSTATS/abs@.nsf/allprimarymainfeatures/4DF23BAE08F75714CA25855B0003B1D9?opendocument
https://www.abs.gov.au/AUSSTATS/abs@.nsf/allprimarymainfeatures/4DF23BAE08F75714CA25855B0003B1D9?opendocument
https://www.abs.gov.au/AUSSTATS/abs@.nsf/allprimarymainfeatures/4DF23BAE08F75714CA25855B0003B1D9?opendocument
https://www.abs.gov.au/ausstats/abs%40.nsf/mediareleasesbyCatalogue/DB259787916733E4CA25855B0003B21C?OpenDocument
https://www.abs.gov.au/ausstats/abs%40.nsf/mediareleasesbyCatalogue/DB259787916733E4CA25855B0003B21C?OpenDocument
https://www.abs.gov.au/ausstats/abs%40.nsf/mediareleasesbyCatalogue/DB259787916733E4CA25855B0003B21C?OpenDocument
https://www.abs.gov.au/AUSSTATS/abs@.nsf/Previousproducts/4940.0Main%20Features329%20Apr%20-%204%20May%202020?opendocument&tabname=Summary&prodno=4940.0&issue=29%20Apr%20-%204%20May%202020&num=&view=
https://www.abs.gov.au/AUSSTATS/abs@.nsf/Previousproducts/4940.0Main%20Features329%20Apr%20-%204%20May%202020?opendocument&tabname=Summary&prodno=4940.0&issue=29%20Apr%20-%204%20May%202020&num=&view=
https://www.abs.gov.au/AUSSTATS/abs@.nsf/Previousproducts/4940.0Main%20Features329%20Apr%20-%204%20May%202020?opendocument&tabname=Summary&prodno=4940.0&issue=29%20Apr%20-%204%20May%202020&num=&view=
https://www.abs.gov.au/AUSSTATS/abs@.nsf/Previousproducts/4940.0Main%20Features329%20Apr%20-%204%20May%202020?opendocument&tabname=Summary&prodno=4940.0&issue=29%20Apr%20-%204%20May%202020&num=&view=
https://www.abs.gov.au/AUSSTATS/abs@.nsf/Previousproducts/4940.0Main%20Features329%20Apr%20-%204%20May%202020?opendocument&tabname=Summary&prodno=4940.0&issue=29%20Apr%20-%204%20May%202020&num=&view=
https://www.abs.gov.au/ausstats/abs@.nsf/mf/6202.0
https://www.abs.gov.au/ausstats/abs@.nsf/mf/6202.0
https://www.abs.gov.au/ausstats/abs@.nsf/mf/4510.0
https://www.abs.gov.au/ausstats/abs@.nsf/mf/4510.0
https://www.cyber.gov.au/threats/threat-update-covid-19-malicious-cyber-activity-20-apr-2020
https://www.cyber.gov.au/threats/threat-update-covid-19-malicious-cyber-activity-20-apr-2020
https://doi.org/10.1007/s12103-020-09551-3
https://doi.org/10.1371/journal.pone.0240077
https://doi.org/10.1371/journal.pone.0240077
https://doi.org/10.1007/s12103-020-09578-6
https://doi.org/10.1186/s40163-020-00131-8
https://doi.org/10.1186/s40163-020-00131-8
https://doi.org/10.1038/s41467-020-19393-6
https://doi.org/10.1038/s41467-020-19393-6
https://doi.org/10.2307/2094589
https://doi.org/10.2307/2094589
https://doi.org/10.1186/s40163-020-00120-x
https://doi.org/10.1186/s40163-020-00120-x
http://www.law.uwa.edu.au/__data/assets/pdf_file/0009/623466/Suburban_Travel_Patterns_in_Burglary_Fernandez_et_al_2006.pdf
http://www.law.uwa.edu.au/__data/assets/pdf_file/0009/623466/Suburban_Travel_Patterns_in_Burglary_Fernandez_et_al_2006.pdf
http://www.law.uwa.edu.au/__data/assets/pdf_file/0009/623466/Suburban_Travel_Patterns_in_Burglary_Fernandez_et_al_2006.pdf
https://doi.org/10.31235/osf.io/w7gka
https://doi.org/10.31235/osf.io/w7gka
https://doi.org/10.1111/j.1745-9125.2009.00177.x
https://doi.org/10.1111/j.1745-9125.2009.00177.x
https://doi.org/10.31235/osf.io/4qzca
https://doi.org/10.1016/j.jcrimjus.2019.04.003
https://doi.org/10.1016/j.jcrimjus.2019.04.003
https://doi.org/10.1016/j.jcrimjus.2020.101706
https://otexts.com/fpp3
https://doi.org/10.18637/jss.v027.i03
https://doi.org/10.18637/jss.v027.i03
https://doi.org/10.1016/0304-4076(92)90104-Y
https://doi.org/10.1016/0304-4076(92)90104-Y
https://www.bruegel.org/2020/04/social-distancing-did-individuals-act-before-governments/
https://www.bruegel.org/2020/04/social-distancing-did-individuals-act-before-governments/
https://doi.org/10.1007/s12103-020-09555-z
https://doi.org/10.1016/j.jcrimjus.2020.101692
https://doi.org/10.1016/j.jcrimjus.2020.101692

Payne et al. Crime Sci (2021) 10:7

Newton, A. (2018). Macro-level generators of crime, including parks, stadiums,
and transit stations. In G. J. N. Bruinsma & S. D. Johnson (Eds.), The Oxford
handbook of environmental criminology (pp. 497-517). Oxford: Oxford Uni-
versity Press. https://doi.org/10.1093/oxfordhb/9780190279707.013.16.

Nivette, A, Ribeaud, D., Murray, A. L., Steinhoff, A, Bechtiger, L., Hepp, U,
Shanahan, L, & Eisner, M. (2020). Non-compliance with COVID-19-related
public health measures among young adults in Switzerland: Insights
from a longitudinal cohort study. Social Science & Medicine, 268, 1-9. https
://doi.org/10.1016/j.socscimed.2020.113370.

O'Hara-Wild, M., Hyndman, R. J,, & Wang, E. (2020). Fable: forecasting models
for tidy time series. http://fable.tidyverts.org/

Pagones, S. (2020). Commercial burglaries double during NYC coronavirus
shutdown. Fox Business. https://www.foxbusiness.com/lifestyle/comme
rcial-burglaries-coronavirus-shutdown-new-york-city

Payne, J. L, Morgan, A, & Piquero, A. R. (2020). COVID-19 and social distanc-
ing measures in Queensland, Australia, are associated with short-term
decreases in recorded violent crime. Journal of Experimental Criminology.
https://doi.org/10.1007/511292-020-09441-y.

Payne, J. L, & Piquero, A. R. (2020). Developmental criminology and the
crime decline: a comparative analysis of the criminal careers of two New
South Wales Birth cohorts. Cambridge University Press. https://doi.
org/10.1017/9781108882149.

Phillips, J., & Land, K. C. (2012). The link between unemployment and crime
rate fluctuations: an analysis at the county, state, and national levels.
Social Science Research, 41(3), 681-694. https://doi.org/10.1016/j.ssres
earch.2012.01.001.

Piquero, A. R, Riddell, J. R, Bishopp, S. A, Narvey, C, Reid, J. A, & Piquero, N. L.
(2020). Staying home, staying safe? a short-term analysis of COVID-19 on
Dallas domestic violence. American Journal of Criminal Justice. https://doi.
org/10.1007/512103-020-09531-7.

Queensland Department of Health (2020). Queensland COVID-19 statistics.
https://www.qgld.gov.au/health/conditions/health-alerts/coronaviru
s-covid-19/current-status/statistics#fcasesummary. Accessed 25 Nov 2020

Reynald, D. M. (2017). Informal guardianship and offender decision making.

In W. Bernasco, H. Elffers, & J.-L. van Gelder (Eds.), The Oxford handbook of
offender decision making (pp. 359-373). Oxford: Oxford University Press.

Page 20 of 20

Reynald, D. M., & Elffers, H. (2015). The routine activity of guardianship:
comparing self-reports of guardianship intensity patterns with proxy
measures. Crime Prevention and Community Safety, 17(4), 211-232. https.//
doi.org/10.1057/cpcs.2015.9.

Rmandic, S., Walker, S., Bright, S., & Millsteed, M. (2020). Police-recorded crime
trends in Victoria during the COVID-19 pandemic. Brief, 10, 22.

Rosenfeld, R, & Lopez, E. (2020). Pandemic, Social Unrest, and Crime in U.S. Cities.
Council on Criminal Justice.

Ruiter, S. (2017). Crime location choice: State of the art and avenues for further
research. In W. Bernasco, J.-L. van Gelder, & H. Elffers (Eds.), The Oxford
handbook of offender decision making. England: Oxford University Press.

Townsley, M., Birks, D., Bernasco, W, Ruiter, S, Johnson, S. D., White, G, &

Baum, S. (2015). Burglar target selection: a cross-national comparison.
Journal of Research in Crime and Delinquency, 52(1), 3-31. https://doi.
org/10.1177/0022427814541447.

Van Rheenen, T. E., Meyer, D, Neill, E, Phillipou, A, Tan, E. J, Toh, W. L, & Rossell,
S. L. (2020). Mental health status of individuals with a mood-disorder dur-
ing the COVID-19 pandemic in Australia: initial results from the COLLATE
project. Journal of Affective Disorders, 275, 69-77. https://doi.org/10.1016/j.
jad.2020.06.037.

Weisburd, D,, Bushway, S., Lum, C, & Yang, S.-M. (2004). Trajectories of crime
at places: a longitudinal study of street segments in the city of Seattle.
Criminology, 42(2), 283-322. https://doi.org/10.1111/].1745-9125.2004.
tb00521 x.

Wickes, R, Zahnow, R, Schaefer, L., & Sparkes-Carroll, M. (2017). Neighborhood
guardianship and property crime victimization. Crime and Delinquency,
63(5), 519-544. https://doi.org/10.1177/0011128716655817.

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://doi.org/10.1093/oxfordhb/9780190279707.013.16
https://doi.org/10.1016/j.socscimed.2020.113370
https://doi.org/10.1016/j.socscimed.2020.113370
http://fable.tidyverts.org/
https://www.foxbusiness.com/lifestyle/commercial-burglaries-coronavirus-shutdown-new-york-city
https://www.foxbusiness.com/lifestyle/commercial-burglaries-coronavirus-shutdown-new-york-city
https://doi.org/10.1007/s11292-020-09441-y
https://doi.org/10.1017/9781108882149
https://doi.org/10.1017/9781108882149
https://doi.org/10.1016/j.ssresearch.2012.01.001
https://doi.org/10.1016/j.ssresearch.2012.01.001
https://doi.org/10.1007/s12103-020-09531-7
https://doi.org/10.1007/s12103-020-09531-7
https://www.qld.gov.au/health/conditions/health-alerts/coronavirus-covid-19/current-status/statistics#casesummary
https://www.qld.gov.au/health/conditions/health-alerts/coronavirus-covid-19/current-status/statistics#casesummary
https://doi.org/10.1057/cpcs.2015.9
https://doi.org/10.1057/cpcs.2015.9
https://doi.org/10.1177/0022427814541447
https://doi.org/10.1177/0022427814541447
https://doi.org/10.1016/j.jad.2020.06.037
https://doi.org/10.1016/j.jad.2020.06.037
https://doi.org/10.1111/j.1745-9125.2004.tb00521.x
https://doi.org/10.1111/j.1745-9125.2004.tb00521.x
https://doi.org/10.1177/0011128716655817

	Exploring regional variability in the short-term impact of COVID-19 on property crime in Queensland, Australia
	Abstract 
	Introduction
	What restrictions have been introduced in Australia?
	Why is property crime likely to be impacted by COVID-19?
	What trends have been observed around the world?
	Current focus

	Methodology
	Data
	Analytical approach

	Results
	Theft and related offences
	Burglary
	Fraud
	Robbery
	Property damage

	Discussion
	Conclusion
	Acknowledgements
	References




