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the highest rate of larceny and has the highest rate of
larceny arrests.

It appears that, at least when comparing averages
across cities, there is a positive relationship between
arrest rates and crime rates. Of course, this positive
relationship does not reveal any causal relationship.
The empirical results shown in Tables 2 through 8
reveal little empirical evidence that changes in arrest
rates lead to a reduction in the growth of crime. It
may certainly be the case that a long-run negative
relationship between arrests and crime exists. There
is stronger evidence (Table 9) that the direction of
causality is not from arrests to crime, but rather
from crime to arrests. That is, police respond to
higher crime by allocating more resources to reduc-
ing that crime. The point here is that although the
crime rate and arrest rate statistics shown in Table
11 allow for interesting comparisons across Eighth
District cities, they also reveal that the use of sample
averages and the lack of formal modeling may pro-
vide misleading conclusions regarding the relation-
ship between deterrence and crime.

Vil. SUMMARY AND DISCUSSION

The majority of past work on the effects of
economic conditions and deterrence on crime
has tended to focus on the long-run relationship
between these variables and has frequently used

Year

data at the county, state or national level. The use of
high-frequency time-series data for individual cities
allows empirical modeling that reduces the potential
for simultaneity between crime and deterrence. In
addition, the use of city-level data for multiple cities
rather than more aggregated data reduces potential
contamination of the key relationships that may
exist given that crime and labor markets are different
across cities as well as rural and urban areas.

Using monthly data for 23 large cities in the
United States, including four cities in the Eighth
Federal Reserve District, this report explored
whether short-run changes in economic conditions
and in deterrence caused changes in seven major
crimes. We find weak evidence across U.S. cities that
changes in economic conditions significantly influ-
ence short-run changes in crime. This suggests that
short-run changes in economic conditions do not
induce individuals to commit crimes. Although we
find no significant relationships between short-run
economic conditions and crime in many cities, we
do find that short-run changes in economic condi-
tions influence property crimes in a greater number
of cities. This likely reflects the fact that nonviolent
property crimes are more likely to result in financial
gain than more violent crimes. Many of our signifi-
cant elasticities are similar in magnitude to those of
Corman and Mocan (2005) in their study of New
York City. Although it seems reasonable that wages
rather than unemployment would have a greater
influence on crime in the long run, this is less clear
in the short run.
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We find little evidence to support the deterrence
hypothesis in the short run, as changes in deterrence
are found to have no influence on crime in many
U.S. cities. It may be that arrests are not the best
measure of deterrence, and thus our lack of a large
number of significant relationships between arrests
and criminal activity reflects this fact. But, we are
not too concerned, given the wide use of arrests as
a measure of deterrence in past studies and several
plausible economic explanations for our findings.
For example, our findings support the suggestion
by previous authors (Wilson and Herrnstein, 1985;
Lee and McCrary, 2005) that criminals are myopic
with regard to changing probabilities of arrest and,
thus, do not consider the likelihood of the negative
consequences of committing a crime. Similarly, our
results may reflect the reasonable possibility that
criminals do not have perfect information regard-
ing changes in deterrence and, thus, are not able to
adjust their criminal activity accordingly. Both of
these economic explanations seem particularly rea-
sonable in the short run.

The hypothesis that arrests respond to increases
in crime was also empirically tested. We find much
stronger evidence that, in many U.S. cities, an
increase in the growth rate of crime results in an
increase in the growth of arrests for that crime. In
other words, arrests follow crimes. This supports the
notion that law enforcement reallocates its resources
in response to increases in crime. One interesting
finding was that the causal relationship from rob-
bery to robbery arrests was statistically significant
for 17 of the 23 cities and the relationship from
vehicle thefts to vehicle theft arrests was statistically
significant for 12 of the 23 cities in our sample.

It is reasonable to expect that, over time, an
increase in all types of crimes would garner an
increased response from law enforcement, especially
the more violent crimes of murder and rape. Sev-
eral factors explain why we find that increases in less
violent crimes garner a law enforcement response
in the short run while increases in the most violent
crimes do not. First, violent crimes are committed
with less forethought than property crimes and are
often part of an overall increase in criminal activ-
ity, such as drugs and gangs, which may require
years of law enforcement planning and strategy via
task forces and interagency cooperation to reduce.
(A classic example is New York City in the 1980s.)
Second, preventing less violent crimes may also
reduce the number of more violent crimes, as sug-
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gested by the “broken-windows” hypothesis of law
enforcement (Wilson and Keeling, 1982; Corman
and Mocan, 2005). Thus, combating a rise in less
violent crimes is relatively less costly in terms of law
enforcement resources and may, in fact, reduce the
number of violent crimes. Finally, it seems reason-
able that crimes that are more visible to businesses
and tourists—such as robbery, vehicle theft and
assault—are likely to result in greater attention by
law enforcement in the short run, possibly through
a relatively inexpensive increase in police presence.
Therefore, from a citywide public relations and eco-
nomic development perspective, as well as from an
effective means of overall crime reduction, increases
in visible crimes are more likely to attract greater
police resources in the short run.

The degree to which the effect of crime on arrests
persists over time is quite different across cities. For
example, robbery arrests are a result of the change
in robberies from only the prior month in some
cities to the last 10 months in other cities. Longer
lag length may indicate a greater severity of crime
waves in terms of duration. Similarly, lag length may
reflect differences in the effectiveness of law enforce-
ment across cities to respond to crime (i.e., shorter
lag lengths on changes in crime suggest law enforce-
ment is more effective at reallocating resources and
responding to increases in crime.) This second
point is especially interesting if one considers two
cities each having different crime elasticities but
each based on the same lag length. For example, the
estimated robbery elasticities are 4.58 and 0.13 for
El Paso and Philadelphia, respectively, each based on
a two-month lag of robberies. This suggests that,
over a two-month period, the responsiveness of law
enforcement in El Paso to changes in robberies is
much greater than in Philadelphia.

Two points should be considered, however, when
attempting to infer the effectiveness of law enforce-
ment. First, the initial level of crime and arrests is
an important factor in evaluating the effectiveness of
changes in law enforcement. For a city that is already
allocating a large percentage of its law enforcement
resources to combat robberies, for example, the
opportunity cost of allocating further resources to
robberies is much higher than it would be in cit-
ies that have a lower level of initial law enforcement
resources allocated to combat robberies (Benson et
al., 1994). Thus, cities already having a relatively large
percentage of their resources allocated to combat
robberies may be unwilling (or unable) in the short



run to allocate further resources to combat a further
increase in robberies. Second, this partial equilibrium
analysis does not consider the optimal allocation of
law enforcement resources to combat other crimes
(Garoupa, 1997). Clearly zero crime in a city is not
an optimal level of crime, given the nearly infinite
resources it would require to achieve this objective, if
it could be achieved at all. The optimal level of each
crime and the desired level of resources to combat
each crime certainly differ across cities and are based
on the preferences of the citizenry, public officials and
law enforcement, as well as on different law enforce-
ment strategies (Miceli, 2007).

Several final thoughts and directions for future
research are worth mentioning. First, it can be
argued that an individual’s cost-benefit calculation
more often favors crime when his or her longer-run
economic situation is considered, thus suggesting
that changing economic conditions and deterrence
levels may have a greater influence on city crime over
long-time horizons. An interesting research ques-
tion is how long a time horizon? At what point, both
in duration and severity, do worsening economic
conditions induce criminal activity?

Second, it may serve future research to obtain
city-level unemployment rates and wage data for
young males in each city rather than overall unem-
ployment rates and minimum wage data because
many property crimes are committed by young
males (Grogger, 1998).

Third, the high-frequency time series data used
here could be used to further explore the deter-
rence versus incapacitation hypotheses as described
in Levitt (1998). Here it would be interesting to
see whether there are temporal differences in the
relationship between arrests for one crime and the
occurrence of other crimes.

Finally, our results reveal that relationships
between economic conditions and crime and
between deterrence and crime are not likely to be
the same across cities or regions, and, thus, suggest
the importance of local analyses using more disag-
gregated data in order to implement effective public
policy at the local level.
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ENDNOTES

1 Numerous other studies have been conducted on
the issue. See Freeman (1999), Gould et al. (2002)
and Corman and Mocan (2005) for additional
surveys of the literature.



2 Rather than using unemployment and wages to
measure economic activity, Rosenfeld and For-
nango (2007) explore how changes in consumer
sentiment influenced crime rates in the U.S. over
the period 1970 to 2003.

3 This report is based on the work of Garrett and
Ott (2008).

4 The agency-level FBI Uniform Crime Report-
ing Program data series was retrieved from the
National Archive of Criminal Justice Data via the
Inter-University Consortium for Political and
Social Research at the University of Michigan
(ICPSR) at www.icpsr.umich.edu/NACJD/ucr.
html. We use the agency-level data rather than
incident-level or county-level data. Doing so
provides us with a list of all criminal offenses and
arrests for each city’s police department.

5 Murder includes non-negligent manslaugh-
ter. Robbery is the taking or attempting to take
anything of value from a person by use of force.
Burglary is the unlawful entering of a property
with the intent to commit a felony or theft. Lar-
ceny is the unlawful taking of property from an
individual (no use of force).

6 We chose the 1990 population as the basis for our
samples because it is roughly the midpoint of each
sample period. Cities in the top 20 that were not
considered here due to lack of data include New
York City, Chicago, Jacksonville and Washington,
D.C. Corman and Mocan (2005) obtained their
New York City crime data from the NYPD.

7 This is true of the arrest data as well.

8 As in Corman and Mocan (2005), we do not
normalize the number of crimes or arrests by city
population because population changes very little
from month to month and data are only available
at census dates.

9 The monthly unemployment rates for each city
were obtained from the Bureau of Labor Statis-
tics (BLS). The city unemployment rates from
the BLS were adjusted seasonally, using the U.S.
Census Bureau’s X-12-ARIMA Seasonal Adjust-
ment Program. The minimum wage in each city
was obtained from January issues of the Monthly
Labor Review published by the BLS. We deflated
the nominal minimum wage by the CPI. For each
city, we used the highest minimum wage set by
law (local, state or federal). When a state’s mini-
mum wage changed from one year to the next (if
it was higher than the federal minimum wage), we
contacted the state’s labor department or found

documentation online (from local newspapers)
that listed the month of the year that the new
minimum wage went into effect. For the major-
ity of cities, the federal minimum wage always
trumped the state’s minimum wage. The Tax
Policy Center provides an annual summary of
state and federal minimum wages. These data can
be accessed at www.taxpolicycenter.org/taxfacts/
content/PDF/state_min_wage.pdf.

10 See Characteristics of Minimum Wage Workers,
2007. Bureau of Labor Statistics.

11 Lag length for each variable (for each crime for
each city) was determined by the Akaike Infor-
mation Criterion following the methodology
of Burnham and Anderson (2002, p. 71). We
used Newey-West standard errors to correct for
heteroskedasticity and serial correlation. We
used the following formula to determine the
number of lags for the Newey-West standard
errors: 4(n/100)A(2/9), where n is the number
of observations. The integer portion of the result
was then taken as the number of Newey-West
lags. See Wooldridge (2003, p. 412) for further
details. Finally, each empirical model includes an
error-correction term to account for the long-run
equilibrium relationship (cointegration) between
crime and the explanatory variables.

12 Let £ be the sum of coefficients for a respective
variable X. The elasticity of Y (dependent vari-
able) with respect to changes in X is computed as
n=Q L(‘X/?)T The variance of Q is calculated
using the standard formula for the variance of a
sum; that is, summing the variances of each indi-
vidual coefficient and the covariance between each
coefficient pair. The variance of the elasticity(n)
is calculated as Var(n) = (X/Y) -Var(Q).

13 The large (in absolute value) arrest elasticity for
St. Louis is due to the fact that the average monthly
change in robbery arrests is — 0.45656 and the
average monthly change in the number of robber-
ies is 0.0433, thus giving a very large proportion of
10.5441. This proportion multiplied by the sum of
coefficients (of —0.8406) gives an elasticity of — 8.86.

14 As before in equation (1), an error-correction
term was included in the equation (2), variable lag
was determined by the Akaike Information Crite-
rion following the methodology of Burnham and
Anderson (2002, p. 71), and Newey-West standard
errors were used to correct for heteroskedasticity
and serial correlation. An error-correction term is
also included in equation (2).
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For example, a 100 percent increase in a 2 percent
growth rate yields a 4 percent growth rate, quite a
reasonable growth rate despite the large percent-
age increase.

For example, consider the difference in the larceny
elasticity for Phoenix (66.7) and for Houston
(0.099). The average monthly percent change

in larceny for Houston is 0.0012 and 0.0013 for
Phoenix, two very similar numbers. However,
the monthly percentage change in larceny arrests
for Houston is 0.0021, whereas the monthly
percentage change in larceny arrests for Phoe-

nix is a much smaller 0.000023. Thus, the ratio
of variable means is much greater for Phoenix
(0.0013/0.000023 = 56.5) than for Houston
(0.0011/0.0021 = 0.571). The average monthly
larceny growth rate in Phoenix is nearly 57 times
greater than the city’s monthly larceny arrest
growth rate, whereas the average monthly larceny
growth rate in Houston is about half of the city’s
monthly larceny arrest growth rate. In addition to
this large difference in the ratio of variable means
for Houston and Phoenix, the sum of coefficients
for Phoenix is nearly seven times that of Hous-
ton (1.18 for Phoenix and 0.174 for Houston).
Thus, the large elasticity estimate for Phoenix
(66.7 = 1.18 . 56.5) relative to Houston (0.099 =
0.174.0.571) is a result of a much greater average
monthly growth rate in larceny compared to the
average monthly growth rate in larceny arrests and
a greater sum of coefficients.
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