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Abstract
This work investigates whether and how COVID-19 containment policies had an
immediate impact on crime trends in Los Angeles. The analysis is conducted using
Bayesian structural time-series and focuses on nine crime categories and on the overall
crime count, daily monitored from January 1st 2017 to March 28th 2020. We concentrate on two post-intervention time windows—from March 4th to March 16th and from
March 4th to March 28th 2020—to dynamically assess the short-term effects of mild
and strict policies. In Los Angeles, overall crime has significantly decreased, as well as
robbery, shoplifting, theft, and battery. No significant effect has been detected for
vehicle theft, burglary, assault with a deadly weapon, intimate partner assault, and
homicide. Results suggest that, in the first weeks after the interventions are put in place,
social distancing impacts more directly on instrumental and less serious crimes. Policy
implications are also discussed.
Keywords Coronavirus . Bayesian Modelling . Causal impact . Routine activity theory .

Crime pattern theory . General strain theory

Introduction
In the first months of 2020, California was one of the first States to be affected by the
spread of a new virus belonging to the coronavirus family, named Sars-CoV-2. On
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March 4th, six cases of COVID-19 were confirmed in Los Angeles County rising the
total number of cases for the county up to seven. Following this, the Los Angeles
County Board of Supervisors and the Department of Public Health declared a health
emergency. From that moment on, the Los Angeles population had been invited to
adopt simple social distancing strategies that limit their exposure to others—e.g.,
remaining home when sick—and to prepare for the possibility of more significant
social distancing requirements. The institutional intervention started to become stronger
on March 16th, with the prohibition of all events comprising fifty or more attendees.
On March 19th, the California Department of Public Health further reinforced the
containment strategy by ordering all individuals living in the State to stay at home
(County of Los Angeles, 2020).
Distancing measures simultaneously affect the daily routines and the social interactions of millions of people. Daily commuters are forced to spend their days at home;
household members share the same living spaces throughout the entire day; people can
connect to their peers only telematically. Yet, the impact of the lock-down policies, and
of the virus itself, outreach the alteration of people’s everyday routines and social
relations. In the medium term, the losses due to the slowdown of the economic system
may transform into higher unemployment and destitution for many. The scale of social
distancing and lock-down policies adopted to mitigate the deadly consequences of the
COVID-19 constitutes an unprecedented instrument to investigate contemporary societies and the short-term changes in crime trends.
Despite the rapidly growing attention of scientists to the consequences of the
COVID-19 public health emergency on crime, examinations of the impact on different
types of crimes of milder and stricter policies remain underdeveloped. Moreover, our
understanding of how well certain theoretical frameworks provide support in
explaining immediate changes in the occurrence of different crimes in response to the
pandemic is limited. This work attempts to address these gaps by investigating the
extent to which measures taken to contain COVID-19 impact on nine crime categories,
and on the overall crime count, in the city of Los Angeles in the immediate aftermath of
their promulgation. Specifically, we concentrate on a set of primarily instrumental
crimes, namely burglary, theft, shoplifting, robbery, and vehicle theft and on more
‘expressive’ offenses, namely battery (simple assault), intimate partner assault, assault
with a deadly weapon, and homicide.1
The significance of this work consists in the importance of investigating whether and
how these major societal modifications to the lives of millions of people influence the
occurrence of different crimes and to reason on which criminological theories are better
We rely on the categorization provided by Cohn and Rotton (2003), who state that that “Expressive crime
involves [...] violence that is not directed at the acquisition of anything tangible or designed to accomplish
anything specific other than the violent outcome itself. Assaults, disorders, and domestic violence are
examples of expressive crime. Instrumental crime [...] involves behavior that has a specific tangible goal,
such as the acquisition of property. Predatory crimes, such as theft, burglary, and robbery, are examples of
instrumental crime” (Cohn & Rotton, 2003, p. 252). Some authors have argued that also assault and domestic
violence–and within it, intimate partner assault–are goal-oriented because, through the commission of these
crimes, offenders seek to gain control over another person or assert their identity (Tedeschi & Felson, 1994).
We agree that all crimes can have a certain extent of rationality. Still, as argued by Cohn and Rotton (2003),
some crimes are more instrumental than others. As an example, “[a]lthough robbery is more commonly
classified as a violent crime, the violence involved is usually subservient and instrumental to the goal of taking
another person’s property” (Cohn & Rotton, 2003, p. 359).
1
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suited to explain crime trends during this peculiar short period. Specifically, it is
relevant to understand what types of crime, if any, are most influenced by the forced
modification of everyday habits and behaviors and why. We do so by exploiting the
discontinuity introduced by the adoption of the social distancing requirements in Los
Angeles County—more than 10 million residents—in response to the local and public
health emergency caused by the spread of the COVID-19. In particular, we use a
Bayesian statistical framework to derive counterfactual scenarios and estimate the
causal impact of such policies, showing its potential for criminological research.
Implications of the results obtained are numerous because of the extent of the
changes introduced by these policies and the novelty of the proposed research approach. The analysis is intended to verify what happened immediately after the
introduction of the containment policies in order to better understand the latest evolution of urban crimes thus providing police with indications regarding new threats and
patterns in criminal activity in the immediate aftermath of the pandemic. Similar
reasoning could be applied to other global shocks that have great impact on daily
routines of people (e.g., hurricanes) and change the opportunity structure for offenders.
Minimizing uncertainty in the face of emerging or persistent crime patterns will support
effective an response to these challenges.
The paper develops around the following structure. The “Research
Background” section highlights the gap of knowledge addressed by this study and
frames it within the criminological theoretical debate. The “Analytical Framework”
section justifies the use of the COVID-19 emergency to answer our research question
and outlines the methodology adopted and the data used for the analyses. Relying on
two post-intervention time windows (the first one considering daily data points from
March 4th to March 16th, the second one including all data points from March 4th to
March 28th), the study dynamically compares the effects of milder containment
policies prompted during the first two weeks of March with stricter measures put in
place in the second half of the month. This design provides an informative framework
in which to assess the evolution of the effects as a result of policy tightening in the
immediate aftermath. The “Results” presents the statistical outcomes for the selected
crime categories and the overall number of crimes in the city of Los Angeles. Finally,
the “Discussion and Conclusions” and “Policy Propositions” sections review the most
important results of the analyses, focusing on their theoretical interpretations and the
most important policy implications entailed by the study.

Research Background
Related Work
Late modern history has been marked by the outbreak of several pandemics. In 1918,
the so-called “Spanish Flu” infected about 27% of the world’s population for an almost
three-year period, with death estimates ranging from 17 to 50 million globally
(Taubenberger & Morens, 2006). In 1957, the “Asian Flu” led to a total of 1.1 million
deaths worldwide. In 1968, the A/H3N2 influenza shocked the world, causing about 1
million deaths in total. In 2002, the SARS emerged in China. During the period of
infection, between November 2002 and July 2003, there were 8098 reported cases of
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COVID-19 and 774 deaths. In 2009 the “Swine Flu” emerged from the United States
and spread quickly around the world with an estimate of about 61 million cases in the
United States alone. These public health emergencies modified and influenced many
components of human society. Researchers investigated these changes from different
standpoints. The interest of criminologists in pandemics is, instead, more recent as it
mainly emerged in reaction to the spread of COVID-19.
Apart from a few studies focusing on the relation between SARS and suicides in
Hong Kong (Chan, Chiu, Lam, Leung, & Conwell, 2006; Cheung, Chau, & Yip,
2008), research on crime and deviance is emerging only now in response to the
COVID-19 pandemic. Ashby (2020) used seasonal auto-regressive integrated moving
average models to analyze trends in serious assaults (in public places and residences),
burglaries (residential and non-residential), vehicle thefts in 16 large American cities.
The analyses indicated no statistically significant changes in serious assaults. In some
cities, Ashby (2020) observed significant reductions in residential burglaries, but only
minor changes in non-residential burglaries. Theft of motor vehicles also decreased in
certain cities, while results are mixed when considering thefts from motor vehicles.
Mohler et al. (2020) analyzed the counts of calls for service in Indianapolis and Los
Angeles. The authors performed regressions in which they included an indicator for
treatment–i.e., the period after the introduction of shelter in place orders–testing for
differences in means of calls for six crimes in the period January 2 to March 16, 2020,
which acted as the baseline scenario. The results indicate a significant decrease in
burglaries, robberies, and vandalism in Los Angeles and a significant increase in calls
for service for domestic violence in both cities. Domestic violence is the focus also of
the studies by Piquero et al. (2020) and by Leslie and Wilson (2020). Piquero et al.
(2020) identified a statistically significant increase in domestic violence in the first two
weeks after the lockdown; yet, they also observed a subsequent decrease. Focusing on a
sample of 15 metropolitan areas, Leslie and Wilson (2020) found that social distancing
measures were associated with a 10% increase in domestic violence service calls and
observed that the increase might be actually higher due to underreporting.
Despite the importance of the topic, and the growing number of available studies,
scientists have not yet answered many questions related to the possible effects of
quarantine, social distancing, and self-isolation on crime and deviant behaviors. In
particular, on the one hand, the short-term effect on crime of social-distancing policies
characterized by different intensities on different types of crimes, from more instrumental ones–e.g., burglary–to more expressive and serious ones–e.g., homicide–is still
to be determined. Few studies presented some results for Los Angeles (i.e., Ashby,
2020; Mohler et al., 2020), but they considered partially different crimes, partially
different time frames, used different data (i.e., calls for service), and exploited different
statistical methods (i.e., SARIMA model, regressions) compared to the analysis we are
presenting here (i.e., nine categories of recorded crimes analyzed using Bayesian
structural time-series models). The triangulation and comparison of different results
are fundamental, given the novelty of the topic. At the same time, this analysis is the
occasion to (indirectly) investigate the explanatory power of theories of crime as
routine activity (Cohen & Felson, 1979), crime pattern theories (P. J. Brantingham &
Brantingham, 1984), and general strain theory (Agnew, 1992) in the aftermath of such
a major change in social interactions like the one due to the introduction of COVID-19
containment measures.
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Theoretical Framework and Hypotheses
Routine activity (Cohen & Felson, 1979) and crime pattern theories (P. J. Brantingham
& Brantingham, 1984) stress how the characteristics and interactions of individuallevel activities command the spatial and temporal distribution of offending and victimization. By assuming these notions, members of a community can be modeled as
potential offenders, potential victims, and potential guardians who move and interact
in a socio-geographical space. Starting from these premises, routine activity theory
postulates that offenders and victims–or targets–usually meet during everyday noncriminal activities (P. J. Brantingham & Brantingham, 1984). Behavioral decisions then
determine how the various agents react to each other’s presence and actions. Crime
occurs in the context of the everyday routines as the three factors mentioned above
converge in space and time: a motivated offender, a victim or potential target, and the
absence of a capable guardian (P. J. Brantingham & Brantingham, 1984).
Today, many criminological studies, especially those on ‘volume’ and urban crimes,
rely on ideas emerging from theories that focus on situations and opportunities as
triggers of crime (P. J. Brantingham & Brantingham, 1984; P. L. Brantingham &
Brantingham, 1995; Clarke, 1995, 2009; Cohen & Felson, 1979; Wortley, Mazerolle,
& Rombouts, 2008). Because of the strong attention that these theories give to ordinary
interaction in geographical and social space, we also rely on them to formulate our
hypotheses on the short-term impact of the COVID-19-related social distancing measures. On the other hand, general strain theory postulates that stress generator factors
like limited freedom of movement, strict physical and social isolation, in addition to
economic uncertainty and concerns, may push youths, and people in general, to be
more prone to commit crimes. These factors may introduce new negative stimuli while
simultaneously removing positive ones thus generating negative feelings such as
disappointment, depression, fear, and anger (Agnew, 1992).
Overall, public measures intended to contain the spread of the virus cause people to
spend more time at home and lose the density of social interactions. Accordingly, crime
opportunities and places where crimes occur are likely to change from past observations and experiences. These changes can be particularly significant in the immediate
aftermath of the health emergency. Under mild policies–i.e., from March 4th to March
16th–we expect a contraction in most urban crimes as the density of targets reduces in
many areas of the city (Angel, 1968). We hypothesize crime reduction will be strong in
crime generators areas, by which we mean “particular areas to which large numbers of
people are attracted for reasons unrelated to any particular level of criminal motivation
they might have or to any particular crime they might end up committing” (P. L.
Brantingham & Brantingham, 1995, p. 7). In Los Angeles, typical examples include the
Hollywood entertainment district, the financial district with its high concentration of
offices, and the famous Staple Center. Also flows of people to some crime attractor
areas will be reduced because people have to avoid concentrating in bars, nightclubs, or
shopping malls, but also in high-intensity drug trafficking and prostitution areas.
To various extents, we foresee a reduction in the number of batteries, assaults with
deadly weapons, homicides, robberies, burglaries, shoplifting, thefts, and stolen vehicles as a consequence of a reduced interaction of people in the urban environment.
Based on routine activity and crime pattern theories, we hypothesize that shoplifting
diminishes the most. The reduction in the number of open shops and the limitations on
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the number of entrances–only a certain amount of people are allowed to be simultaneously in the shops depending on the premises’ square meters–reduce the opportunities for crime by simultaneously increasing the guardianship and reducing the exposure
of targets to potential offenders.
Routine activity (Cohen & Felson, 1979) and crime pattern theories (P. J.
Brantingham & Brantingham, 1984) suggest that stricter social distancing policies–
i.e., the period from March 16th to March 28th–should have a stronger impact on the
crimes considered than mild policies. This is due to the further reduction in movement
and social interaction induced by the reinforcement of social distancing measures. At
the same time, the prolonged stay-at-home order may trigger increases in types of
crimes in the medium- and eventually long-term as effects of the increased stress to
which people are exposed. While according to the general strain theory all types of
crime may be influenced by this dynamic (Agnew, 2001), in line with the findings of
Schoepfer and Piquero (2006), expressive crimes are more likely to be directly
influenced by the increased strain that people experience.
Finally, differently from the other crimes considered, intimate partner assaults are
likely to increase. Patriarchy and gender inequality are often considered to be the root
causes of intimate partner violence; yet, situational determinants are also recognized as
influencing this form of crime (Wilkinson & Hamerschlag, 2005). As a consequence of
the spread of COVID-19, couples–including dysfunctional ones–spend more time
together in their homes with a reduced presence of possible informal guardians like
relatives and acquaintances, two factors that may lead to an increase in violence
outbreaks (Hayes, 2018). At the same time, the strain caused by the pandemic makes
people more likely to respond with anger to confrontations and to be less concerned
about hurting others thus possibly boosting violent crimes (Agnew, 2001; Broidy,
2001), both in the period under mild policies and even more in that under stricter ones.

Analytical Framework
Methodology
Evaluating the causal link and impact of certain policies is a crucial aspect of research
and practice. Criminologists working on different topics have long attempted to assess
the extent to which public interventions aimed at reducing crime are actually effective
in fulfilling their mission. The standard for assessing the causal impact of a certain
intervention is represented by Randomized Controlled Trials (RCT) (Rubin, 1974).
However, this research design is often unfeasible due to issues related to financial costs,
ethics, or practical obstacles–e.g., complex regulatory requirements.
While Pearl (2009) demonstrates that post-facto observational studies cannot provide evidence of causal inference due to the potential presence of confounding factors,
several quasi-experimental alternatives have been proposed to overcome the difficulty
of running RCT in certain scientific fields. Among these methods are interrupted time
series. Interrupted time series techniques have gained popularity in sociology and
criminology, and they have been applied to several different research problems
(Biglan, Ary, & Wagenaar, 2000; Humphreys, Eisner, & Wiebe, 2013; Humphreys,
Gasparrini, & Wiebe, 2017; Pridemore, Chamlin, & Andreev, 2013; Pridemore,
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Chamlin, Kaylen, & Andreev, 2014). This method makes it possible to assess the effect
of a certain policy by analyzing the change in the level and slope of the time series after
an intervention has been applied, compared to the structure of the temporal dynamic
before the intervention. More recently, scientists have developed a framework for
evaluating the causal influence of a certain intervention relying on Bayesian statistics.
Following this later evolution, this work investigates the effect of social distancing
and related measures in the attempt to contain COVID-19 on criminal trends in Los
Angeles using Bayesian structural time-series (BSTS) models (Brodersen, Gallusser,
Koehler, Remy, & Scott, 2015). Specifically, we apply a method relying on diffusion
regression state-space which predicts a counterfactual trend in a synthetic control that
would have occurred in a virtual counterfactual scenario with no intervention–thus, in a
scenario where no containment policies are promulgated. This approach allows us to
quantify the short-term impact and statistical significance of the containment policies
on our variable of interest, namely the number of crimes over time. BSTS are statespace models specifically defined by two equations. The first, i.e. the observation
equation, being:
yt ¼ Z Tt αt þ εt

ð1Þ

where yt is a scalar observation, Zt is the d-dimensional output vector and εt ∼ N(0,σt2)
being a scalar observation error with noise variance σt. The observation equation
connects the observed data yt to a latent d-dimensional state vector αt. The second,
equation, instead is the state equation, which reads:
αtþ1 ¼ T t αt þ Rt ηt

ð2Þ

where Tt is a d × d transition matrix, R is a d × q control matrix, ηt is a q-dimensional
systems error with a q × q state diffusion matrix Qt such that ηt ∼ Nt(0, Qt). This second
equation specifically governs the dynamic change of the state vector αt through time.
The inferential dimension in the model comprises three components. First, draws of the
model parameters θ and the state vector α (given y1 : n,i.e. the observed data in the
training period) are simulated. Second, the model uses posterior simulations to simulate
ynþ1:m as the
from p e
ynþ1:m jy1:n Þ, which is the posterior predictive distribution, with e
counterfactual time series and y1:n as the observed time series before the intervention.
Third, using posterior predictive samples, the model computes the posterior distribution
of the point-wise impact yt −eyt for each time unit t. The Bayesian framework in which the
model is embedded allows flexibility and inferential power, enabling the method to
effectively estimate the cumulative difference between the actual data and a counterfactual scenario. The proposed modeling architecture, through the comparison between
a univariate and a multivariate model (which includes two covariates, i.e., daily temperature and presence of holidays) and the exploitation of a long timeframe, controls the
risk of excluding relevant patterns that may not be specifically related to the pandemic
and avoid the risk of ignoring long-term dynamics, a pitfall that would lead to biased
estimates. Moreover, the weekly component embedded in the estimation technique
preserves the inherent seasonal component often exhibited by criminal activity.
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Concerning the implementation part, we have relied on the CausalImpact package
available in R. Each model has been fit by only considering a single target time-series
mapping the trend of crime categories in the time window under consideration at a time.
The package does not allow to simultaneously model multiple target variables and, having
included a crime series as the target one and all the others as covariates would have
contradicted the requirement to only consider covariates that are not influenced by the
interventions. Each model included a seasonal component: characterizing weekly seasonality (number of seasons set equal to 7 with season duration equal to 1, i.e., one day). This
allowed accounting for the well-known seasonal oscillations of crime over the days of a
week (with temperature as a covariate being able to control higher-level seasonal components)., We performed our analyses by including weekly seasonal terms to account for
weekly variations in crime trends. By doing so, it was possible to consider also possible
seasonal variations that do not directly depend on temperature-related mechanisms but
instead relate to routine activities of people and places during social occurrences (e.g.
school closure) (Andresen & Malleson, 2013). Furthermore, to obtain accurate estimates
for each model a total of 1000 Markov Chain Monte Carlo (MCMC) samples are drawn.
Finally, the prior of each model, expressed in terms of standard deviation of the Gaussian
random walk at the local level, has been kept equal to 0.1 as suggested by the authors of
the package in absence of ground truth. The value represents a good compromise between
a high standard deviation that would assume that the variations in the signal are all
explained by the intervention and a very small standard deviation that imposes that such
variations are instead solely due to high noise in the data.2
Time Frame
Exploiting this analytical strategy, we separately analyze the period up to March 16th to
test the effect of milder containment policies (the first post-intervention time window
goes from March 4th to March 16th) and up to March 28th to test the effect of the
introduction of stricter containment policies (the second post-intervention time window
goes from March 4th to March 28th).3 These two post-intervention time-windows
enable us to obtain a more comprehensive and inherently dynamic description of
reality. In fact, given the progressive tightening of imposed restrictions, avoiding a
comparative analysis of the evolution of the effects over different weeks would
somewhat oversimplify and overly aggregate our statistical estimates. Conversely, the
possibility to observe the evolution of the effects helps in assessing the strength of a
trend, anticipating the likely developments and better explaining its behavior by
framing it in our theories of reference. Figure 1 presents the data on people’s mobility
(driving, transit and walking) in the city of Los Angeles from January 1st 2020 to April
2

The R code used to perform the analyses here presented is publicly available in a dedicated repository at
https://github.com/gcampede/Covid-19_and_crime_LA
3
The two post-intervention time windows considered are not mutually exclusive. The first one includes the
days between the 4th of March to the 16th of March and the second one considers the days between the 4th of
March to the 28th of March. The second time window includes the first one. Our interest is to map the
evolution of the policies and their influence on crime trends given that policy effects in this context are
cumulative rather than mutually exclusive. The focus of our analysis is not to compare two different time
period of post-intervention in order to understand, for example, if mild policies are better than harsh policies,
but to assess the effect of those policies on crime over time.
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Fig. 1 Mobility trends in the city of Los Angeles, January 1st 2020 – April 15th 2020. Source: Mobility
Trends Reports, Apple (2020)

15th 2020 and shows how in the first post-intervention time window the mobility has
already started to reduce compared to the previous months. This trend definitively
continued after March 16th when stricter policies were implemented.4 Our interest is to
understand changes in the crime patterns in the immediate aftermath of the health
emergency to assess and analyze short-term dynamics. Indeed, in the medium- and
long-run other factors might play a more central role in explaining the changes in crime
trends (e.g., unemployment, social riots).
Data
To conduct our analysis, we first drew upon the Los Angeles Open Data portal (https://
data.lacity.org). Unlike prior studies that analyzed the counts of calls for service in Los
Angeles (e.g., Mohler et al., 2020), we used data on crime reported in the city.
Exploiting the website API, we accessed two different datasets on crimes reported by
the Los Angeles Police Department (LAPD). The first one comprised all crime
incidents reported from 2017 to 2019. The second one referred to all the crimes
reported from January 1st to March 30th 2020. The two datasets contain detailed daily
observations regarding each reported crime with information on the type of offense–
organized in 140 crime categories–the age, gender, and descendants of the victim (if
any), the type of weapon (if any), and the location of the occurrence.
For the purpose of the present work, we only relied on the reported date of crime
occurrence and on the offense categories as meaningful sources of information to
4

The mobility trends in Los Angeles are also confirmed by other studies that used other data to analyze trends
in commuting and general mobility (e.g., data provided by Cuebiq) (Klein et al., 2020; Ruiz-Euler, Privitera,
Giuffrida, Lake, & Zara, 2020).
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Table 1 Starting Point and Number of Observations per Dataset
Dataset

First Day Considered

N. of Observations

2017–2019

2017-01-01

685,615

2020-onwards

2020-01-01

47,252 (updated at 2020-03-30, includes data up to 2020-03-28)

Merged

2017-01-01

732,867 (updated at 2020-03-30 includes data up to 2020-03-28)

analyze city-wide criminal trends. A brief description of the three datasets (1. the one
comprising crimes from 2017 to 2019; 2. the one with offenses up to March 2020; 3.
the merged one used in the models) is provided in Table 1. We extracted the crime
categories of interest and we then grouped observations by daily counts, obtaining
separated time series for each crime category. While our models focus on the postintervention period from March 4th to March 28th, we lastly accessed data on April
7th, thus ensuring that more crime reports that were not possibly included in the dataset
in their first week after occurrence were actually imputed by the LAPD soon thereafter.
Figure 2 displays the number of observations per crime category in the period from
January 1st 2017 to March 28th 2020. Thefts are the most frequent crimes, followed by
batteries and stolen vehicles. Homicide is by far the least prevalent offense in the
sample but, trivially, the most serious one.
Furthermore, to obtain controls we used two additional datasets. The first one is an
open-access dataset provided by the governmental site of the National Centers for
Environmental Information (https://www.ncdc.noaa.gov) with data on minimum,
average and maximum temperature daily registered at the Los Angeles Airport in the
timeframe of interest. The second was a publicly available dataset on American
holidays. The literature has long found relationships between temperature and
variation in crime trends (Cohn, 1990; Field, 1992) and between festivities and
holidays and criminal temporal clustering (Cohn & Rotton, 2003; Towers, Chen,
Malik, & Ebert, 2018). It is worth specifying that we do not seek to establish any

Fig. 2 Number of Observations per Crime Category
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connection between the theories that we exploit to frame the present research problem
and the selected covariates. These covariates have to be interpreted as diagnostic
measures aimed at testing the reliability of the statistical estimates obtained in the
univariate models. Temperature and holidays play a role in smoothing and controlling
the potential presence of noise in the signals of criminal trends (especially given the
relevant duration of the time frame under consideration). We hence construct alternative models with covariates to ensure that the estimates obtained with no controls are
not biased due to the exclusion of relevant confounders.
As required by the method, these two covariates have not been affected by the
policies under scrutiny. This is trivial in the case of average temperature, while holidays
may be affected in the future if restrictions are prolonged for months. Yet, in the period
under analysis, dates of holidays were not changed because of the pandemic. The
method adopted generally recommends using more than two controls to evaluate the
effect of an intervention on the response time series. However, we can assume that no
other daily predictor of crime has been strongly influenced by the containment policies
during the period analyzed.
Differently from other studies on the topic, the use of time series spanning 39 months
was made to reduce the potential biases arising from the exclusion of hidden trend
dynamics, preserving the seasonality and long-term dependencies of crime.5 Table 2
reports the main descriptive statistics for the time series that are part of the analysis.

Results
This section presents the results on the causal impact of the policy interventions starting
on March 4th per each offense type and for the overall number of crimes. For each
crime, the same analytical structure is provided. We ran two different models. The first
one was a univariate model that only considers the time series of interest without
controls. The second model integrates two covariates to control for spurious effects and
unobservable dynamics. At the same time, the two models were performed on two
time-windows; the first capturing the impact of mild policies (from March 4th to
March 16th), the second including also the first weeks in which stricter policies entered
into force (from March 4th to March 28th). Figure 3 shows the time series of the crimes
considered; while, to facilitate the reading of the results and summarize the statistical
outcomes of the models, Table 3 presents all the statistical results (full statistical
outcomes are available in the Supplementary Materials).
Assault with Deadly Weapons
Concerning assaults with deadly weapons,6 both the univariate and the multivariate
models, for both time windows, i.e. up to March 16th and up to March 28th, do not
5

Models were also tested using only data from 2019 on, hence excluding 2017 and 2018, to verify that longterm dynamics were not biasing our estimates. Outcomes held also for the restricted timeframe.
Assault with Deadly Weapons corresponds to crimes labelled as Assault with Deadly Weapon, Aggravated
Assault by the LAPD. According to the California Penal Code 245(a)(1), an assault with a deadly weapon
occurs when an individual wrongfully attacks a victim with an object that can seriously injure or even inflict
death.

6
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Table 2 Descriptive Statistics of the Considered Time Series
Variable

Min

1st Q

Median

Mean

St. Dev.

3rd Q

Max

All Crimes

254.00

570.00

628.00

619.00

69.80

669.00

796.00

6.00

24.00

29.00

29.44

7.53

34.00

61.00

Battery

15.00

46.00

52.00

52.15

9.51

58.00

93.00

Burglary

13.00

31.00

38.00

38.70

9.96

45.00

93.00

Homicide

0.00

0.00

0.00

0.72

0.00

1.00

5.00

10.00

36.00

41.00

41.60

8.84

47.00

78.00

Assault (with Deadly Weapon)

Intimate Partner Assault
Robbery

7.00

20.00

24.00

24.23

5.85

28.00

48.00

Shoplifting

2.00

15.00

18.00

18.00

4.92

21.00

33.00

Theft

19.00

52.00

62.50

61.72

Stolen Vehicle

19.00

40.00

46.50

46.74

9.39

Holiday
Max Temperature

13.3

61.72

71.00

52.00

88.00

0.00

0.00

0.00

0.02

0.16

0.00

1.00

52.00

69.00

76.00

75.84

9.20

82.00

108.00

show any statistically significant effect of the containment policies. Although all the
models report negative coefficients, indicating a reduction in the trend in absolute and
relative terms, the posterior probability of a causal effect is, respectively, 64% and 52%
for the first time window and 94% and 85% for the second time window. The results
provided by the models referring to the second time window–especially for the
univariate one–are much closer to a statistically significant outcome, suggesting a
different effect when stringent policies are introduced. Consequently, this negative

Fig. 3 Time Series of Considered Crimes
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Table 3 Model Results - Relative Cumulative Effect per Each Crime (95 C.I. Between Parentheses)
Crime Type

First post-intervention time window
(March 4th – March 16th)

Second post-intervention time window
(March 4th – March 28th)

Univariate

With Covariates

Univariate

With Covariates

Assaults D.V.

−2.98%
[−19%, 13%]

−1.5%
[−18%, 13%]

−11%**
[−23%, 2.8%]

−6.3% (6%)
[−18%, 5.5%]

Battery (Simple Assault)

−0.6%
[−12%, 11%]

0.78%
[−9.2%, 11%]

−11%**
[−21%, −0.99%]

−7.6%**
[−16%, 0.39%]

Burglary

0.89%
[−14%, 15%]

−0.58%
[−14%, 11%]

−4.8%
[−15%, 5.5%]

−7.3%*
[−17%, 3.3%]

Intimate Partner Assault

−4%
[−16%, 6.4%]

−2.5%
[−13%, 8.6%]

−0.28%
[−11%, −11%]

3.3%
[−5.6%, −12%]

Robbery

−24%***
[−38%, −8.5%]

−23%***
[−38%, −8.7%]

−21%***
[−33%, −9.3%]

−19%***
[−30%, −8.7%]

Shoplifting

−14%***
[−30%, 2.4%]

−15%***
[−30%, 0.34%]

−31%***
[−42%, −20%]

−32%****
[−43%, −21%]

Theft

−9.1%**
[−19%, 0.57%]

−9.6%**
[−19%, −1%]

−24%***
[−31%, −17%]

−25%***
[−31%, −18%]

Stolen Vehicles

1%
[−9.4%, 11%]

0.06%
[−10%, 9.9%]

1.5%
[−6.5%, 9.6%]

−0.12%
[−7.4%, 7.5%]

Homicides

−15%
[−88%, 57%]

−10%
[−84%, 59%]

−28%
[−79%, 25%]

−24%
[−76%, 31%]

Overall Crimes

−5.6%***
[−10%, −1.5%]

−5.4%**
[−9.5%, −1%]

−15%***
[−18%, −11%]

−14%***
[−17%, −11%]

Note: *, **, *** indicate significance at the 5%, 1%, 0.1% level, respectivelly

effect may show statistically significant results in the case of prolonged or even more
stringent containment measures.
Battery and Simple Assault
The occurrence of batteries7 is affected by strict policies, while it is not so by loose
ones. Up to March 16th, containment policies do not seem to have resulted in a
reduction of battery and simple assaults. Conversely, if we consider the introduction
of more stringent measures of social distancing, it is possible to observe a statistically
significant reduction of this crime. The models considering crimes recorded until
March 28th show a relative effect of −11.0% in the univariate model and of −7.6%
in the multivariate one. The posterior probability of a causal effect is, respectively, 98%
and 96% indicating statistically significant outcomes for both models.

7

Although Battery and Simple Assault are coded as a single type of offense in the original database–under the
crime category Battery - Simple Assault–California assault law, disciplined by Penal Code 240, provides two
distinct definitions for them. A simple assault is the attempt to use force or violence against someone else,
while battery is the actual use of force or violence against one or more individuals.
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Burglaries
For what concerns burglaries,8 the policies to contain the spread of COVID-19
have not produced any significant effect in the first four weeks from their
introduction. Although we expected a slight decrease in their overall occurrence, given the extensive agreement over the fact that burglars prefer to target
unoccupied homes (Mustaine, 1997; Shover, 1991; Tseloni, Osborn, Trickett, &
Pease, 2002) and the consequently increased guardianship enforced by people
staying at home due to the pandemic, statistical outcomes do not corroborate
our hypothesis. In the first time window, the effects are minimal and the results
of the two models diverge in their directions. The univariate model shows an
increase of 0.89% with respect to the predicted value in the absence of an
intervention, while the multivariate displays an effect equal to −0.58%, with
posterior probabilities respectively being 56% and 50%. The models performed
up to March 28th show a non-significant reduction of burglaries in the city
with a higher posterior probability for both the univariate and the multivariate
models–respectively, 80% and 91%–compared to the other time-frame analyzed.
Intimate Partner Assault
COVID-19-containment policies, we hypothesize, could cause intimate partner
assaults9 to increase as a consequence of individuals spending more time at home
in a potentially stressful situation. Instead, results suggest that the policies adopted
have not prompted any immediate significant change in intimate partner assaults.
The models considering the days from March 4th to March 16th as the period of
intervention show non-significant negative effects (−4.0% and − 2.5%). The univariate model considering the entire period identifies a small non-significant
negative effect (−0.28%). Finally, the multivariate model indicates an increase in
intimate assaults due to the policies (+3.3%); but this increase is not statistically
significant. The explanation for the absence of a clear and significant signal in the
post-intervention period may be connected to the fact that dynamics of this crime
are complex and the forced cohabitation of partners is not an immediate trigger of
violence within the household. While in the case of shoplifting, for example, the
closure of shops has a direct impact on the thefts within the shops themselves, in
the case of intimate partner violence the increase may be delayed as tensions
intensify.

8

In California, according to the Section 459 of the California Penal Code, burglary is defined as the act of
entering any structure, room, or locked vehicle with the intention to commit a theft or a felony. The LAPD
reports a single crime category and we thus do not divide between residential and non-residential burglaries.
9
To analyze intimate partner assaults, we have combined both simple and aggravated assaults–Intimate
Partner - Aggravated Assault” and “Intimate Partner - Simple Assault— in the original database by LAPD.
These two offenses fall within the broader set of domestic violence crimes, which includes other forms of
within-family violence–e.g., parents being violent against their children. The California Penal Code defines an
intimate partner as a current or former spouse, a fiancé, a co-parent of a child, a person with whom the
perpetrator had a dating relationship or a person with whom the perpetrator lives.
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Robbery
Robbery10 shows a significant change in the post-intervention period. This applies to both
the univariate and the multivariate cases for both the temporal windows selected. In the
univariate case, the relative effect is estimated as a reduction of 24% in robberies, with a
cumulative total of 202 criminal events against a predicted 266 in a non-intervention
scenario in the first time window. In the second time window, the estimated effect is a
reduction of 21%, with a cumulative total of 439 robberies against a predicted 533 in a
non-intervention scenario (See Table A5 in the Supplementary Materials for the Absolute
Effect). In the multivariate case, the effects are slightly reduced in both the time frames;
being respectively, −23% and − 19%. The magnitude of the effects is thus high. The
posterior probability is 99.7% and 99.8%, respectively, for the univariate and multivariate
models up to March 16th and 99.7% and 99.8% for the models up to March 28th.
Shoplifting
The statistical outcomes of the models referring to shoplifting11 indicate a significant
reduction after the introduction of the state of the emergency in Los Angeles. The results
hold for all models. In the first time window analyzed, 189 shoplifting cases were
registered, significantly fewer than the cumulative numbers of occurrences predicted by
the virtual scenarios with no intervention: 220 for the univariate and 223 in the multivariate cases (Table A6 in the Supplementary Materials). In the models up to March 28th,
against cumulative predicted values of 462 and 471 in a scenario without intervention, 320
shoplifts were recorded by the LAPD. This indicates an estimated relative reduction of
14% in the univariate case, and a 15% reduction in the multivariate one in the period with
mild policies. With the introduction of stricter policies, the relative reduction is 31% in the
univariate case, and 32% in the multivariate one. The probability of the effects being a
causal consequence of the policies is 95.6% and 97.2% for the first time window and
99.7% and 99.9% for the second time window, providing strong statistical evidence.
Theft
In line with what we found for robbery and shoplifting, thefts12 also appear to be
affected by the application of the COVID-19-related containment measures. All models
10

Section 211 of the California Penal Code defines robbery as the act of taking personal property from
someone else, against the targeted victim’s will, using force or fear. Robberies are classified as felonies. Data
on robberies correspond to Robbery in the original database compiled by the LAPD.
11
According to the California Penal Code 459.5, shoplifting is the offense of entering a commercial
establishment during business regular hours, with the intent of committing a theft crime worth $950 or less,
regardless of the actual completion of the theft. This crime is identified as Shoplifting-Petty Theft ($950 &
Under) in the LAPD’s database. In the present work, we have also considered shoplifting grand-thefts, related
to attempted thefts of property worth more than 950$–i.e., Shoplifting-Grand Theft ($950.01 & Over) in the
original dataset.
12
For the purpose of this study, we have combined in the general category “Theft” both petty thefts–i.e., Theft
Plain-Petty ($950 & Under)–and grand thefts–i.e., Theft-Grand ($950.01 & Over) Excpt, Guns, Fowl, Livestk,
Prod. The California Penal Code defines petty theft as the act of stealing–or wrongfully taking–an object
belonging to someone else when the value of the property is equal to $950 or less. Grand theft, instead, is a
more serious offense and pertains to acts in which the property has a value higher than 950$.
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show a statistically significant reduction of thefts. In the first analyzed window, the
models report a 9.1% decrease in the univariate case (significant at the 96.7% level) and
a 9.6% reduction in the multivariate one (significant at the 98.3%). In the second
window considered (up to March 28th), the models estimate a 21% decrease in the
univariate case (significant at the 99.7%) and a 25% reduction in the multivariate case
(significant at the 99.9%).
Stolen Vehicles
The policies have not had any significant effect on vehicle thefts.13 Indeed, the relative
effects are not only not significant, but also small for all models: 1.0% and 1.5% in the
univariate cases, 0.06% and − 0.12% in the multivariate ones. There are different
possible (complementary) explanations for this finding. On the one hand, while at
home, a car owner may be an ineffective guardian of her/his own car. On the other
hand, because the theft of cars is often related to their immediate use (Cherbonneau &
Wright, 2011), the slowdown of productive and social activities–including other
crimes–may mean that offenders have less need to steal a vehicle. The combination
of these dynamics, which are pushing in opposite directions, might explain the absence
of a clear impact of social distancing policies on stolen vehicles in Los Angeles.
Homicides
Overall, COVID-19 containment policies do not show any statistically significant effect
on homicides14 in the short aftermath of their deployment. In neither of the two selected
temporal windows do the models detect a sufficient statistically strong variation in the
trend. Nonetheless, compared to the first batch of data–up to March 16th–the models
also considering the strict policies point in a two-fold direction. First, the relative effect
has increased, ranging from −15% to −28% according to the univariate model and from
−10% to −24% according to the multivariate specification. Second, the posterior tailarea probability p has decreased, thus increasing the posterior probability of a causal
effect, which ranged from 67% and 63% in the first batch of results, to 86% and 80%.
Overall Crimes
Finally, we considered all reported crimes in the two selected temporal windows under analysis; this aggregated variable also accounts for all those
13

Stole vehicles refers to two different offenses, namely grand theft auto and the unlawful taking or driving of
a vehicle. The main difference between the two offenses pertains to the duration of the crime itself. If, for
instance, a person steals a car with the intent to keep it, this is often considered grand theft auto. Conversely, if
the offender aims at using the car for a ride–or, in any case, for a short timeframe–the act is usually considered
as the unlawful taking or driving of a vehicle. The original database compiled by the LAPD provides a single
crime category: Vehicle - Stolen.
14
The category homicides comprises those crimes which are disciplined by California’s Homicide Laws and
corresponds to the Criminal Homicide crime category in the original database. A person committing a
homicide can be prosecuted in several ways depending on the characteristics of the action. Among these
are first-degree murder, second-degree murder, capital murder, voluntary manslaughter, involuntary manslaughter and vehicular manslaughter. Notably, homicides are the most serious offenses among those
considered in this study–and the least common.
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offenses that go beyond the categories previously considered. Figure 4 displays
the evolution of the post-intervention relative marginal effect in the two considered time windows, for all crimes and model types. In particular, the graph
represents the percent changes in crime between our synthetic control, which
we set at zero, and the actual registered crimes. Our empirical results indicate a
significant decrease in the overall crime occurrence in the first weeks after the
introduction of social distancing measures compared to the virtual counterfactual scenario with no intervention. In particular, the models focusing on the
mild policies period show a reduction of 5.6% and 5.4% of overall crimes in
the univariate and multivariate cases, respectively. In the models considering
the longer time-window when strict policies were also considered, instead, the
decrease reaches −15% and − 14% in the two cases. The posterior probability of
a causal effect is equal to 99.4% and 98.5% for the first temporal window and
99.7% and 99.8% for the second temporal window, showing a high level of
significance.
When focusing on all reported crimes, the results are in line with those seen for
robbery, shoplifting, theft, and battery. Nonetheless, the cumulated count of these
crimes cannot explain on its own the overall decrease given the numerosity of other
crimes. As such, these findings suggest that, potentially, most crimes have diminished
in the considered short-term period leading to a general reduction of crime in the entire
city of Los Angeles. In turn, this result indicates that, besides the categories chosen for
this study, further work is needed to disentangle mechanisms related to single offenses
or crime categories.

Fig. 4 Graphical Summary of Model Results (with 95% Confidence Intervals)
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Discussion and Conclusion
In line with our hypotheses, the statistical results show that robberies, thefts, and
shoplifting had a statistically significant reduction already in the post-intervention
period up to March 16th, when only mild policies were applied. Robbery recorded
the single largest decrease (−23%/−24% depending on the statistical specifications).
Mohler et al. (2020), applying a different statistical strategy on different data and
concentrating on a partially different time frame, also observed a significant reduction
in robberies in Los Angeles in the immediate aftermath of the introduction of socialdistancing measures. After robberies, shoplifting (−14%/−15%) and thefts (−9.1%/
−9.6%) are the crime categories for which the differences between the observed data
and the virtual scenario are the strongest. Overall crimes also significantly declined
(−5.4%/−5.6%). Theft, robbery, and shoplifting are offenses involving a direct act
targeting a property, thus making it likely that common underlying principles govern
the similar decreasing trends of these crimes. These reductions can be explained in light
of the reduction of social interactions as people avoid public spaces and spend more
time at home as well as by closure of public places and the presence of quotas on the
number of entries into shops and malls. In turn, this leads to a reduction in criminal
opportunities and an increase in guardianship.
Coherently with the ideas emerging from routine activity theory (Cohen & Felson,
1979) and crime pattern theory (P. J. Brantingham & Brantingham, 1984), most crime
reductions are larger after the introduction of stricter containment policies, which
further reduce criminal opportunities while increasing informal guardianship. The
models considering the entire period up to March 28th show a significant reduction
for shoplifting (−31%/−32%), thefts (−24%/−25%), robberies (−21%/−19%), and for
overall crimes (−15%/−14%). Furthermore, battery (−11%/7.6%) also started to show a
significant decrease after the adoption of strict distancing policies.
Contrarily, the models did not detect any significant change in the trends of homicides,
assaults with a deadly weapon, intimate partner assaults, but also of burglaries and stolen
vehicles. Previous studies have listed several stressors specifically emerging during
quarantines comprising the duration of the quarantine itself, the fear of infection, frustration and boredom, and inadequate supply of basic commodities, services, and information
(Brooks et al., 2020). In addition, families under financial and psychological stress as a
result of the pandemic, increased their alcohol use at home (Colbert, Wilkinson, Thornton,
& Richmond, 2020). This might also increase the occurrence of violent and expressive
crimes since there is a strong relationship between the use and abuse of alcohol and
violence (Parker & Auerhahn, 1998). In line with this evidence on the negative psychological outcomes of quarantine, our statistical results suggest that besides reduction of
opportunities and change in social life, increased strain is likely to have a leading role in
explaining crime dynamics immediately after the introduction of social distancing measures. In this perspective, the lack of significant variations in the trends of the aforementioned crimes might be interpreted as the result of a combined effect of a partial reduction
in situational and opportunistic triggers of crime, on the one hand, and worsening of the
balance between positive and negative psychological stimuli on the other.
In light of this, intimate partner assault warrants some further considerations. Firstly,
intimate partner assault is a crime that is strongly related to strain dynamics (Eriksson &
Mazerolle, 2013; Piquero et al., 2020). Secondly, crime factors pertaining to routine
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activity theory and crime pattern theory and factors pertaining to general strain theory
all suggest an increase in intimate partner assaults. It is not so for other considered
crimes, with the partial exception of vehicle theft. Nonetheless, we do not observe any
statistically significant increase in the count of intimate partner assaults. By contrast,
Mohler et al. (2020), in their study, saw significant increases in domestic violence calls
for service in Los Angeles. In this regard, to be noted is that many of such calls concern
domestic disturbances without a physical assault (MacDonald, Manz, Alpert, &
Dunham, 2003; Mohler et al., 2020).
More in general, our analysis suggests that containment policies in the immediate
aftermath have had a stronger impact on more instrumental crimes compared to crimes for
which expressive motivations are more relevant. Similarly, more serious offenses appear
to be less influenced by social-distancing measures. The combination of motivation and
seriousness identifies two macro classes of crimes, which may help the interpretation of
the effects of containment policies. More instrumental/less serious crimes are strongly
influenced by the reduction of social interactions and the sudden modification of everyday
habits. While routine activity theory and crime pattern theory seem to be a powerful tool to
interpret changes in this first class of criminal behaviors, they are less effective in
capturing the dynamics of more expressive/more serious crimes whose interpretation
needs to be integrated with a broader set of factors (Hayward, 2007). Strong motivation,
low self-control, and criminal opportunities are concurrent causes in the explanation of
crime commitment in the aftermath of the policy introduction, but the combination of
these causes is not equal for all crime types (Longshore & Turner, 1998). It appears that
strong motivation and low self-control are more likely to play a central role in more
serious crimes, whereas criminal opportunities do so in triggering less serious offenses. In
this regard, the strain theory of crime (Agnew, 1992) may act as a complementary
interpretative framework to the rational choice approach, explaining the emerging trends
also in light of the sudden amplification of stressors resulting from COVID-19 containment measures. Future studies may investigate these dynamics more in depth by
exploiting a panel approach and by identifying variables capable of representing the
different theories we exploited in our interpretative framework.
Finally, burglaries and vehicle thefts appear to fall outside this reasoning and possibly
nullify it. Yet, as previously said, these are crime categories that unify different actual
criminal dynamics. Burglaries can be residential or non-residential; separating the two
may shed light on distinct opposite processes, as residential burglaries are expected to
decrease, while non-residential ones to increase as a byproduct of different dynamics in
guardianship. In support of this, Ashby (2020), who could separate residential and nonresidential burglaries in Los Angeles, observes–at least during some weeks–significant
changes with respect to both residential and non-residential burglaries.
It is thus important to mention again that our results capture short-term dynamics
within an open time-frame that will likely extend over several weeks ahead, thus
potentially leading to new patterns. Furthermore, we may have witnessed, especially
in relation to the period up to March 16th, a mixed dynamic combining both the effect
of the mild policies and the fear of contagion. Fear of contagion has probably played a
role in reshaping people’s individual and collective behavior (Brooks et al., 2020), even
before the second half of March when stronger measures were adopted. This process,
directly impacting on the density and frequency of social contacts, has potentially
fostered the effect of the policy recommendations on crime.
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Moreover, social distance restrictions may have also influenced the reporting rate of
criminal offenses. People avoid spending time outside their homes, and this may reduce
their willingness or ability to go to the police to report a crime. In the case of Los
Angeles, problems related to a reduction of crime reporting are mitigated by the
possibility to report a crime using an online form for specific crimes (e.g., theft or
theft from vehicles) or calling a dedicated number. Moreover, while underreporting
issues may affect the count of all the crimes considered, the crimes for which we do not
observe any significant change–with the important exception of intimate partner
violence–are the ones that are more likely to be reported–i.e., homicide, assaults with
deadly weapons, stolen vehicle, and burglary. These factors help to reduce possible
biases due to increases in underreporting.
By contrast, the dynamics related to the lack of–or impossibility to–reporting may
especially influence the count of intimate partner assaults. Indeed, the cohabitation of
victim and offender may make it difficult for the victim to report the offense to the
police. Nevertheless, since neighbors are likewise at home, they are also better able to
exert partial guardianship on the episodes of intimate partner violence that are happening in their surroundings and call the police. In this regard, studies have demonstrated
that neighbors can play a role in reporting abuses (Paquin, 1994). In addition, scholars
have shown that informal actors (e.g., family, friends, and neighbors) are often
approached by the victims of intimate partner violence because they are proximal
and may be able to intervene before, during, and after the violent event (McCart,
Smith, & Sawyer, 2010; Wee, Todd, Oshiro, Greene, & Frye, 2016). Related to this,
the police attention to urban crimes may have diminished due to the need to enforce
social distancing measures, thus partially countering the crime mitigating effect driven
by looser social interactions. However, the reduction of police capabilities is likely to
have an only marginal effect on intimate partner assaults, which are serious crimes that
often take place in a private environment.
Additional caution should be adopted in interpreting the results obtained. As the
extant criminological literature indicates, crime clusters in time and space, meaning that
its spatio-temporal distribution is not random (Doran & Lees, 2005; Grubesic & Mack,
2008; Mohler, Short, Brantingham, Schoenberg, & Tita, 2011; Weisburd, 2015).
Therefore, there are very few reasons to think that this patterned nature will entirely
change because of containment measures. Future work will hence need to investigate
the potential heterogeneity of policy effects across different areas of the same city, also
analyzing the potential correlates of diverging trends in terms of environmental and
socio-economic factors. Furthermore, according to anecdotal evidence, police were
asked to limit or stop making low-level arrests to manage jail crowding and narrow
down the spread of the virus in prisons. These changes in police practice could have
influenced crime trends and we could expect a downward bias for the estimates of less
serious crimes (e.g., shoplifting). The same downward bias cannot be foreseen for
homicide or intimate partner assaults which are not low-level crimes, but serious
offenses instead. An additional trend that could have affected crime rates in the
opposite direction in the period under analysis is the early release of prisoners in order
to contrast the spread of coronavirus within prisons. The early release of prisoners
could potentially lead to an increase in crime rates due to recidivist behaviors of former
inmates. The two mechanisms described here go in antipodean directions (decrease vs
increase in crime trends), therefore they potentially tend to overall balance themselves.
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Policy Propositions
This work has outlined how COVID-19 containment policies have influenced criminal
trends in the city of Los Angeles already in the first weeks after their introduction.
Policy implications emerge from these analyses. First, studying criminal dynamics in
this anomalous time should help in creating protective measures for the most vulnerable
subjects influenced by these changes, including homeless people, women and children.
Homeless people, for instance, could experience an increase in the likelihood of
becoming victims of crimes, as a consequence of lower guardianship and social control.
Furthermore, as people are likely to suffer more stress in this period thus being more
prone to commit certain crimes, including violent ones, it might be worth empowering
remote contact points, facilitating distance reporting to make it easier for victims, who
cannot freely move, to connect with the police. Distance reporting, for instance, could
include text messaging services to reduce the risk of being stopped or heard by the
abusive member of a household.
Finally, as crime takes new forms and dynamics, law enforcement agencies will be
required to modify or re-define resource allocation for the new priorities. The task,
especially in highly populated and heterogeneous cities like Los Angeles, can be
herculean. In fact, while many police departments and other institutions in the United
States have tailored their actions based on predictive policing software, these models
can suddenly become of little help. Depending on the extent to which these policies
will force crime to change–beyond mere temporal trends–predictive models built on
millions of past observations may no longer be informative. This situation thus urges
alternative predictive tools that can take into account disruptions of social life as the
triggers of new criminal risks, prompting data-driven strategies to re-assess criminal
patterns and countering strategies.
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