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points higher than expected, on average. Increases 
in unemployment were associated with increases in 
firearm violence and homicide. For example, we esti-
mated an average increase of 3.3 firearm violence 
incidents (95% CI: − 0.2, 6.7) and 2.0 homicides 
(95% CI: − 0.2, 3.9) per city-month from March to 
July 2020 if all cities experienced their highest ver-
sus observed level of unemployment. There was no 
association between unemployment and aggravated 
assault or any acquisitive crime. Findings suggest that 
the sharp rise in unemployment during the pandemic 
may have contributed to increases in firearm vio-
lence and homicide, but not other crime. Additional 
research is needed on mechanisms of association, 
generalizability, and modifying factors.
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The coronavirus pandemic and efforts to contain it 
created an economic crisis [1]. In the United States 
(US), the economic fallout of the pandemic dis-
proportionately affected communities that already 
experience greater financial vulnerability, thus con-
tributing to increases in both relative and absolute 
economic hardship [2]. During this same time, rates 
of violence surged across the US [3]. Despite sug-
gestion that the two are related in the academic lit-
erature [4] and popular press, [5] no empirical studies 
to our knowledge have examined whether the increase 

Abstract Unemployment and violence both 
increased during the coronavirus pandemic in the 
United States (US), but no studies to our knowledge 
have examined their association. Using data for 16 
US cities from January 2018 to July 2020, we esti-
mated the association between acute changes in 
unemployment during the coronavirus pandemic and 
violent and acquisitive crime. We used negative bino-
mial regression models and parametric g-computation 
to estimate average differences in crime incidents 
if the highest and lowest levels of unemployment 
observed in each city had been sustained across the 
exposure period (March–July 2020), compared with 
observed unemployment in each city-month. Dur-
ing the pandemic, the percentage of the adult popu-
lation who were unemployed was 8.1 percentage 

Supplementary Information The online version 
contains supplementary material available at https:// doi. 
org/ 10. 1007/ s11524- 021- 00605-3.

J. P. Schleimer (*) · V. A. Pear · C. D. McCort · 
A. B. Shev · A. De Biasi · E. Tomsich · S. Buggs · 
H. S. Laqueur · G. J. Wintemute 
Violence Prevention Research Program, Department 
of Emergency Medicine, University of California, Davis, 
2315 Stockton Blvd, Sacramento, CA 95817, USA
e-mail: jpschleimer@ucdavis.edu

J. P. Schleimer · V. A. Pear · C. D. McCort · A. B. Shev · 
A. De Biasi · E. Tomsich · S. Buggs · H. S. Laqueur · 
G. J. Wintemute 
California Firearm Violence Research Center, 2315 
Stockton Blvd, Sacramento, CA 95817, USA

/ Published online: 27 January 2022

http://crossmark.crossref.org/dialog/?doi=10.1007/s11524-021-00605-3&domain=pdf
https://doi.org/10.1007/s11524-021-00605-3
https://doi.org/10.1007/s11524-021-00605-3


1 3

Unemployment and Crime in US Cities During the Coronavirus Pandemic

in unemployment during the pandemic is associated 
with the increase in violence.

Economic conditions—including poverty, income 
inequality, and unemployment—are considered 
important determinants of violent crime and injury 
[6, 7]. Rates of violence are the highest in neighbor-
hoods characterized by concentrated socioeconomic 
disadvantage and high income inequality [8, 9]. 
Racial disparities in violence and crime have been 
previously explained in part by higher rates of unem-
ployment [10]  and lower wages [11] among Blacks 
compared with whites.

The link between economic conditions and vio-
lence is complex. For example, poverty structures 
early childhood environments and exposure to con-
ditions that increase risk for violence, e.g., via poor 
quality education, youth conduct problems, and 
neighborhood social disorganization [12]. Individuals 
who lack access to formal and sustained employment 
might engage in crime to meet financial needs [13]. 
Economically motivated crimes may, in turn, involve 
violence [14]. Economic stressors and income ine-
quality could also increase violence via psychosocial 
pathways, including negative emotions and dimin-
ished social control [15].

In addition to generating income, employment may 
protect against crime via the creation of prosocial 
bonds [16] and by limiting the time one has available 
to engage in criminal activity. Greater income equal-
ity and employment might have broad community 
benefits in the form of neighborhood social capital 
and access to resources which may prevent violence. 
[17] During the coronavirus pandemic, for example, 
community violence prevention programs had to fur-
lough staff; [18] when violence prevention specialists 
are not working, community violence may increase.

Despite well-established cross-sectional asso-
ciations between socioeconomic status and violence, 
and theories linking the two, evidence is mixed as to 
whether population-level rates of violence are sensi-
tive to changes in economic conditions. [19] Several 
studies have found associations between worsen-
ing economic conditions and financially motivated 
crimes (e.g., burglary, robbery), but no association 
with other violent crime. [20, 21]

In this ecological study of large US cities with 
repeated measures from January 2018 through July 
2020, we estimated the association between acute 
changes in unemployment during the coronavirus 

pandemic and crime. We aim to provide empirical 
evidence on the unemployment-violence association 
during the pandemic, adding to our understanding 
of what factors likely contributed to the substantial 
increase in violence in the US in last year. For compa-
rability with prior research, we also examine acquisi-
tive crimes. While the pandemic poses challenges 
with regard to confounding and generalizability, the 
abrupt, exogenous change in unemployment may also 
help separate the association of interest from chroni-
cally poor economic conditions and from long-term, 
potentially bidirectional relationships between the 
exposure and outcomes, both of which may be limita-
tions of prior studies.

Methods

Study Sample

The unit of analysis in this ecological study was the 
city-month. We selected 16 geographically diverse 
US cities that made crime data from January 2018 to 
July 2020 publicly available: Baltimore, MD; Bos-
ton, MA; Chicago, IL; Cincinnati, OH; Dallas, TX; 
Denver, CO; District of Columbia; Kansas City, MO; 
Los Angeles, CA; Milwaukee, WI; Philadelphia, PA; 
Phoenix, AZ; Riverside, CA; Sacramento, CA; San 
Francisco, CA; and Seattle, WA.

Measures and Data

Exposure

The primary exposure was the estimated monthly 
difference between observed and expected percent 
unemployed from March through July 2020 (i.e., 
“excess” unemployment). Percent unemployed (here-
after “unemployment”) is defined as the percentage of 
the civilian, noninstitutionalized labor force ages 16 
and older who are unemployed and actively looking 
for work. [22] Data were obtained from the Bureau of 
Labor Statistics, Local Area Unemployment Statistics 
[22].

We estimated expected unemployment for each 
city-month with seasonal auto-regressive integrated 
moving average models [23] fit to training data begin-
ning in January 2015 and ending in February 2020, 
just before pandemic-related shutdowns more than 
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tripled unemployment. [1]  We fit models using the 
Hyndman and Khandakar algorithm [24] and exam-
ined residual autocorrelation using the Box-Ljung 
test [25] with the Benjamini and Hochberg correc-
tion [26]  for multiple testing. Forecast accuracy was 
assessed with mean squared error (MSE) computed 
from time-series cross-validation. [27]

Outcomes

We examined 7 outcomes: intentional, interpersonal 
firearm violence (hereafter “firearm violence”), and 6 
crimes included in the Federal Bureau of Investiga-
tion’s (FBI) Uniform Crime Reporting (UCR) Pro-
gram, Part I offenses (homicide, robbery, aggravated 
assault, burglary, larceny-theft, and motor vehicle 
theft). Outcomes were measured as the number of 
incidents per city-month (incidents may involve mul-
tiple victims, but data on numbers of victims were not 
consistently available).

We measured firearm violence with data from the 
Gun Violence Archive (GVA), a real-time repository 
for gun violence incidents compiled from approxi-
mately 7,500 news outlets and other public sources. 
[28] We included incidents of intentional interper-
sonal violence (i.e., assault and homicide) in which 1 
or more shots were fired and 1 or more persons were 
injured or killed.

Other outcomes were obtained from city open data 
portals (Supplementary Table  1), and they reflect 
police-reported crime incidents. Classifications var-
ied somewhat across cities; we coded crimes to maxi-
mize comparability and included city fixed effects 
to account for between-city differences in coding 
schemes (and all other stable characteristics of cities; 
see the “Analysis” section).

Covariates

Covariates hypothesized to confound the association 
of interest were selected a priori. Covariates included 
cumulative COVID-19 cases and deaths per popula-
tion, mobility based on smartphone data (a measure 
of physical distancing), stay-at-home orders, tempera-
ture, precipitation, and expected unemployment (to 
control for variation in chronic unemployment). We 
included the log of the population as an offset, using 
data from the US Census Bureau. [29] See Supple-
mentary Table 2 for information on the data sources.

Analysis

We used parametric g-computation to estimate mar-
ginal parameters comparing the average difference 
per city-month from March to July 2020 in the pre-
dicted count of each outcome under two counterfac-
tual exposure scenarios. As opposed to traditional 
regression estimates, this approach is more useful for 
conceptualizing how the population burden of crime 
might change if we intervened on the exposure, e.g., 
reduced unemployment. [30, 31]

The first parameter describes the average differ-
ence in the observed outcome (associated with the 
observed exposure distribution) and the outcome that 
would be expected if, contrary to fact, excess unem-
ployment in all months (from March-July 2020) 
was set to the lowest level observed in each city, 
March–July 2020. This might correspond to an inter-
vention which lessened the increase in unemployment 
during the pandemic.

The second parameter describes the average dif-
ference in the observed outcome and the outcome 
that would be expected if excess unemployment in 
all months (from March to July 2020) was set to the 
highest level observed in each city, March–July 2020. 
This might reflect the outcome distribution if unem-
ployment had been unabated. By setting values of 
excess unemployment to the lowest and highest levels 
observed in each city, we avoid extrapolating beyond 
the data.

For each outcome, we specified separate general-
ized additive models [32] with a negative binomial 
distribution, log link, and the log of the population 
as an offset. We used the fitted models to predict 
outcomes under the counterfactual scenarios, hold-
ing all covariates, including population size, at their 
observed levels. All models included indicators for 
cities to control for time-invariant characteristics of 
cities, the exposure period (a pre-post dummy for 
March 2020 to control for effects of the pandemic 
common to all cities), overall and city-specific time 
trends to account for secular change, and the time-
varying covariates listed above. We additionally 
accounted for monthly seasonality with a cycli-
cal cubic spline. [33] All continuous variables that 
exhibited non-linear relationships with the predicted 
outcome (on the log scale, from the model includ-
ing covariates) were modeled with penalized cubic 
regression splines, as in prior studies. [34] Depending 
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on the outcome, these variables included time trends 
and temperature. Models were fitted in the mgcv R 
package (version 1.8.31) using restricted maximum 
likelihood estimation. [33]

We calculated 95% confidence intervals with 
a bias-corrected accelerated clustered bootstrap 
with 5000 samples. [35] The bootstrap addition-
ally accounted for uncertainty in estimates of excess 
unemployment by repeatedly simulating each city’s 
time series and re-estimating expected and excess 
unemployment, taking into account prediction and 
random error.

All analyses were done in R version 4.0.0 (R Foun-
dation for Statistical Computing, Vienna, Austria). 
This study was approved by the University of Califor-
nia, Davis Institutional Review Board.

Additional Analyses

We conducted 4 additional analyses. First, we 
explored variation in the association over time by 
generating monthly estimates, March–July 2020. Sec-
ond, we calculated city-specific estimates because the 
average association provided by the main analysis 
may not correspond well to any individual city. Third, 
we controlled for measures of racial tension and civil 
unrest related to police violence and structural rac-
ism during the summer of 2020 (see Supplementary 
Table  2 for data sources). Our measure of protests 
included both events in support of racial justice and 
greater police accountability and, separately, events 
in support of white supremacy, other far-right causes, 
and the police. We hypothesized that these vari-
ables were more likely to mediate than confound our 
association of interest; we therefore interpreted the 
estimates as the association between excess unem-
ployment and each outcome explained by other mech-
anisms. Last, we modeled the outcome as the number 
of injuries (fatal and nonfatal) from firearm violence 
(information on number of victims was consistently 
available only for this outcome).

Sensitivity Analyses

Due to a data reporting anomaly in Kansas City, 
MO, from December 2018 through March 2019, the 
number of crimes in Kansas City for the primary 
analysis was imputed for this period using seasonal 
loess decomposition. First, to account for possible 

imputation error, we excluded Kansas City in a sensi-
tivity analysis. Second, we computed e-values, which 
estimate the degree of unmeasured confounding 
necessary to entirely explain the observed associa-
tion (i.e., attenuate it to the null), after accounting 
for measured confounders. [36] For interpretability 
and comparability with prior research, we converted 
parameter estimates to rate ratios and present corre-
sponding e-values.

Results

Descriptive

On average from March to July 2020, unemployment 
was 8.1 percentage points higher than expected based 
on model predictions. There was substantial vari-
ability between cities in average excess unemploy-
ment, ranging from 4.1 in the District of Columbia 
to 11.5 in Chicago (Fig. 1; Supplementary Table 3). 
Excess unemployment also varied within cities over 
time; within-city standard deviations from March to 
July ranged from 2.1 in the District of Columbia to 
5.9 in Chicago (Supplementary Table 3). MSE of 
forecast accuracy for expected unemployment was 1.4 
on average (interquartile range: 1.2–1.5). Observed 
unemployment per city-month is shown in Supple-
mentary Fig. 1.

On average, larceny-theft was the most common 
crime, and homicide was the least common (Table 1). 
Trends in outcomes diverged during the pandemic: 
violence (aggravated assault, firearm violence, homi-
cide) and motor vehicle theft increased on average, 
whereas other acquisitive crimes (larceny-theft, rob-
bery) declined during the pandemic or stayed the 
same (burglary). The average number of incidents 
per city from March to July 2020 is in Supplementary 
Table  4. Supplementary Fig.  2 displays crime rates 
per city-month.

Association Between Excess Unemployment and 
Violence and Crime

We found evidence of a possible association between 
excess unemployment and firearm violence and homi-
cide, with confidence intervals that slightly crossed 
the null. We estimated an average increase of 3.3 
firearm violence incidents (95% CI: − 0.2, 6.7) and 
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2.0 homicides (95% CI: − 0.2, 3.9) per city-month 
if, in every month from March to July 2020, all cit-
ies experienced their highest level of excess unem-
ployment versus their observed level in each month 
(Fig.  2; estimates are also presented in Supplemen-
tary Table  5). If all cities experienced their lowest 
levels of excess unemployment in all months versus 
their observed level in each month, we estimated 

an average decrease of 8.4 firearm violence inci-
dents (95% CI: − 16.6, 0.8) and 4.5 homicides (95% 
CI: − 7.9, 0.7) per city-month. There was no evidence 
of an association between excess unemployment and 
assault or any acquisitive crime (Fig. 3; Supplemen-
tary Table 5).

Additional Analyses

Supplementary Table 6 shows time-varying estimates. 
Again, excess unemployment was associated with 
firearm violence and homicide, with confidence 
intervals that slightly crossed the null. In part because 
unemployment was lower in March 2020 compared 
with subsequent months, the associations for high 
excess unemployment were larger in March than 
April–July, and the inverse was true of the associations 
for low excess unemployment.

In Supplementary Tables  7–13, we present 
city-specific estimates. The associations between 
unemployment and firearm violence and homicide 
varied in magnitude and precision across cities 
(Supplementary Tables  8 and 9). The associations 
were generally larger in cities with more violence, 
and we found significant associations (indicated by 
CIs that did not include the null) in Chicago and 
Los Angeles for one or both contrasts. As in the 
main analysis, there was no significant  association 
between excess unemployment and other crime 
(Supplementary Tables 10–13).

Chicago
Los Angeles
Philadelphia

Boston
San Francisco

Sacramento
Denver

Milwaukee
Riverside

Seattle
Cincinnati

Dallas
Phoenix

Kansas City
Baltimore

District of Columbia

0 5 10 15
Average difference in observed vs. expected unemployment

Fig. 1  Average excess percent unemployed by city, March–
July 2020. Excess unemployment for each city-month from 
March to July 2020 is calculated as the difference in observed 

unemployment and that predicted by seasonal auto-regressive 
integrated moving average models

Table 1  Monthly rates of violent and acquisitive crime inci-
dents per 100,000 population prior to and during the coronavi-
rus pandemic, 16 US  citiesa January 2018–July 2020

SD standard deviation
a Baltimore, MD; Boston, MA; Chicago, IL; Cincinnati, OH; 
Dallas, TX; Denver, CO; District of Columbia; Kansas City, 
MO; Los Angeles, CA; Milwaukee, WI; Philadelphia, PA; 
Phoenix, AZ; Riverside, CA; Sacramento, CA; San Francisco, 
CA; and Seattle, WA
b January 2018 through February 2020
c March 2020 through July 2020

Pre-pandemicb Pandemicc

Violent crime, mean (SD)
 Aggravated assault 40.7 (37.0) 46.4 (45.0)
 Interpersonal firearm violence 3.2 (3.3) 4.2 (4.3)
 Homicide 1.2 (1.2) 1.7 (1.5)

Acquisitive crime, mean (SD)
 Burglary 54.7 (25.8) 54.5 (27.3)
 Larceny-theft 210.2 (93.0) 160.5 (55.2)
 Motor vehicle theft 41.5 (20.4) 44.9 (21.9)
 Robbery 24.9 (14.8) 19.3 (9.7)
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When controlling for police violence at protests 
against the murder of George Floyd and attendees at 

protests related to racial justice and policing, estimates 
were slightly attenuated (Supplementary Table 14).
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Fig. 2  Adjusted association between excess unemployment 
and violent crime, 16 US cities (Baltimore, MD; Boston, MA; 
Chicago, IL; Cincinnati, OH; Dallas, TX; Denver, CO; District 
of Columbia; Kansas City, MO; Los Angeles, CA; Milwaukee; 

WI; Philadelphia, PA; Phoenix, AZ; Riverside, CA;  Sacra-
mento, CA; San Francisco, CA; and Seattle, WA) March-July 
2020. See Fig. 3 Footnote for description of parameters
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Fig. 3  Adjusted association between excess unemployment 
and acquisitive crime, 16 US cities (Baltimore, MD; Bos-
ton, MA; Chicago, IL; Cincinnati, OH; Dallas, TX; Denver, 
CO; District of Columbia; Kansas City, MO; Los Angeles, 
CA; Milwaukee, WI; Philadelphia, PA; Phoenix, AZ; River-
side, CA; Sacramento, CA; San Francisco, CA; and Seattle, 
WA) March–July 2020. Estimates for the “high vs. observed 
excess” scenario reflect the average difference in the outcome 
that would be expected if, for each city, excess unemployment 
in all months from March to July 2020 was set to the highest 

level of excess unemployment observed in that city versus the 
outcome associated with observed levels of excess unemploy-
ment in each city-month. Estimates for the “low vs. observed 
excess” scenario reflect the average difference in the outcome 
that would be expected if, for each city, excess unemployment 
in all months from March to July 2020 was set to the lowest 
level of excess unemployment observed in that city versus the 
outcome associated with observed levels of excess unemploy-
ment in each city-month. No. number, CI confidence interval
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Estimates for firearm injuries (not shown) were 
similar to estimates for firearm incidents.

Sensitivity Analyses

With Kansas City excluded, results were generally 
consistent with the main analysis (Supplementary 
Table 15)

We calculated rate ratios and e-values for the 2 out-
comes in which there was evidence of an association 
with unemployment: firearm violence and homicide. 
We estimated that an unmeasured confounder would 
need to be associated with both excess unemployment 
and firearm violence by an RR of 1.4 (high excess 
unemployment) to 1.7 (low excess unemployment) 
to entirely explain the associations (Supplementary 
Table 16). The corresponding estimates for homicide 
ranged from an RR of 1.5 (high excess unemploy-
ment) to 1.9 (low excess unemployment). Confidence 
intervals already bordered the null.

Discussion

Results from this study suggest that the sharp rise 
in unemployment during the coronavirus pandemic 
may have been associated with an average increase 
in firearm violence and homicide in 16 large US cit-
ies. There was no association between unemploy-
ment and aggravated assault or primarily acquisitive 
crimes: burglary, larceny-theft, motor vehicle theft, 
and robbery.

We estimated how the population burden of 
violence and crime might have been different had 
the highest and lowest levels of unemployment 
observed in each city been sustained across the 
entire exposure period (March–July 2020), com-
pared with the observed level of unemployment in 
each city-month. This approach avoids extrapolat-
ing to potentially implausible values (i.e., no excess 
unemployment during the pandemic) and provides 
probable worst-case and best-case scenarios in 
terms of controlling pandemic-related unemploy-
ment. We estimated that the highest levels of unem-
ployment sustained across the exposure period were 
associated with 3.3 more firearm violence incidents 
(95% CI − 0.2, 6.7) and 2.0 more homicides (− 0.2, 
3.9) on average per city over our 5-month period of 
observation. The lowest levels of unemployment 

sustained across the exposure period were asso-
ciated with 8.4 fewer firearm violence incidents 
(95% CI − 16.6, 0.8) and 4.5 fewer homicides (95% 
CI − 7.9, 0.7) per city-month on average.

Our findings add to the literature on modifi-
able economic determinants of violence and on 
the specific factors that may have contributed to an 
increase in firearm violence and homicide during 
the first months of the pandemic. While research 
consistently shows that places with worse eco-
nomic conditions have higher rates of violence, [8] 
evidence is mixed as to whether population-level 
change in economic conditions, including unem-
ployment, affects violence. [19] Studying change, 
particularly short-term or abrupt change, can help 
separate the association of interest from confound-
ing by other neighborhood drivers of violence that 
remain stable over the study period. However, eco-
nomic shifts at the population level have historically 
been more gradual, occurring over several months 
to years. [37] In contrast, some research at the indi-
vidual level, which has leveraged more acute varia-
tion in people’s economic status, suggests that job 
loss increases risk of perpetrating violence, [38] 
and temporary financial assistance and youth sum-
mer jobs reduce it. [39, 40] While our findings can-
not inform inferences at the individual level, they 
are consistent with this prior work.

Our results for both violent and acquisitive crimes 
differ from prior ecological studies; while prior 
research has found a positive association between 
unemployment and acquisitive crime and largely no 
association for violent crime, [19] we generally found 
the opposite, though our estimates were somewhat 
imprecise. Differences between our results and previ-
ous research may be due to the context in which the 
current rise in unemployment occurred. Stay-at-home 
orders and physical distancing likely increased the 
guardianship people had over their homes and prop-
erty and may help explain the absence of an associa-
tion between unemployment and acquisitive crime 
during the pandemic. These changes could also help 
explain the observed relationship with violence. 
Informal and formal social control were likely weak-
ened during our study period as people stayed home 
and away from institutions such as work and school. 
As a result, interpersonal interactions—despite hap-
pening with lesser frequency during the pandemic—
may have been increasingly violence-prone.
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The nature and context of unemployment may 
also affect its relationship with violence. Job loss 
during the coronavirus pandemic disproportionately 
impacted those in service and hospitality industries; 
[1] thus, pandemic-related unemployment may reflect 
a deepening of economic inequality more so than 
overall economic decline. Income inequality has been 
linked to increases in violence, including firearm 
homicide, [9] and may engender a greater sense of 
injustice and hopelessness than would high—but gen-
erally equal—levels of unemployment across popu-
lation subgroups. [15] Income inequality may also 
decrease social capital and collective efficacy (i.e., 
mutual trust, willingness to intervene in conflicts), 
which are considered key correlates of violence.

The associations for firearm violence and homicide 
differed from that of aggravated assault. One poten-
tial explanation is that increases in firearm purchasing 
during the pandemic modified the impact of unem-
ployment to increase firearm assaults and homicides 
more than non-firearm assaults and homicides (data 
on firearm purchasing in cities are not available for 
us to empirically test this hypothesis). Firearms are 
used in approximately 28% of aggravated assaults 
[41] but 75% of homicides nationally. [42] There may 
have also been underreporting of aggravated assaults, 
especially considering the tension between police and 
the wider community during this period.

Limitations

First, our results may be subject to uncontrolled con-
founding. For example, substance use and firearm 
purchasing, which are associated with elevated risk of 
violence but were not measured at the city level dur-
ing our study period, both increased during the pan-
demic. If these factors were positively correlated with 
unemployment, our estimates would be biased away 
from the null. However, these variables may also 
be consequences of unemployment, in which case 
adjustment would be inappropriate. Our bias analysis 
showed that an unmeasured confounder would need to 
have a weak to moderate association (an RR between 
1.4 and 1.9) with unemployment and homicide and 
firearm violence to attenuate the estimates to the null 
(the lower CIs already included the null). Such con-
founders are quite plausible, and, though we included 
all readily measurable and hypothesized confounders, 
our results should be interpreted accordingly.

Second, there are data limitations. Differential 
measurement error in estimates of violence could 
also arise, for example, if higher levels of unemploy-
ment in print and other media sectors caused under-
reporting of firearm violence since the Gun Violence 
Archive obtains data, in part, from local news out-
lets. This type of measurement error would, however, 
result in bias towards the null. In addition, police-
reported crime data do not capture all incidents (e.g., 
only 41% of people who experienced a non-fatal 
violent victimization in 2019 said they reported it to 
the police), [43] and the hierarchy rule used to clas-
sify crimes results in the reporting of only the most 
serious crime (e.g., a fatal injury which occurs dur-
ing a robbery is reported as a homicide). Crime data 
also varied slightly across cities (e.g., Dallas did 
not include incidents in which the victim or suspect 
was under age 17), and unemployment was likely 
underestimated due to pandemic-related disruptions. 
[44] Willingness to call the police and report inci-
dents, particularly for less serious offenses, may have 
decreased during the pandemic; this may help explain 
declining trends in acquisitive crime and their lack of 
association with unemployment.

Results from our sample of cities may not general-
ize to other cities or non-urban areas. We also used 
data through July 2020 to focus on the abrupt change 
in unemployment, though the pandemic and its seque-
lae have continued. We did not test the mechanisms 
underlying the associations; this is an important area 
for future work. Lastly, our goal was to quantify the 
unemployment-crime relationships, and we did not 
examine whether unemployment benefits or other 
financial protections buffered against the adverse con-
sequences of unemployment. Future studies should 
examine such modification.

Conclusion

Our findings that increases in unemployment may 
have contributed to a rise in firearm violence and 
homicide during the pandemic have implications for 
understanding why violence occurs and how to pre-
vent it. Concentrated socioeconomic disadvantage 
and income inequality have long been associated with 
violence, and they are considered key targets of com-
prehensive violence prevention strategies. Our results 
indicate that, over and above baseline levels, the acute 
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worsening of economic conditions may also increase 
violence risk. Additional research on this modifiable 
exposure, including policies and programs that curb 
increases in unemployment or provide support to the 
unemployed, may inform strategies to reduce vio-
lence and improve public health.
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