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Abstract

We develop a model of crime in which the number of police, the crime
rate, the arrest rate, the employment rate and the wage rate are joint
outcomes of a subgame perfect Nash equilibrium. The local government
chooses the size of its police force and citizens choose among work, home
and crime alternatives. We estimate the model using MSA-level data.
We use the estimated model to examine the effects on crime of targeted
federal transfers to local governments to increase police. We find that
knowledge about unobserved MSA-specific attributes is critical for the
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1 Introduction

The modern literature on the economics of crime, originating with Becker
(1968), recognized that the crime rate is the equilibrium outcome of the joint
determination of the supply of crime, resulting from the uncoordinated deci-
sions of citizens about the supply of their labor to legal and/or illegal income-
generating activities, and the demand for crime, determined by a government
policy maker who decides on the level of resources to commit to preventing
crime.! Much of the empirical literature, beginning with Ehrlich (1973), has
used aggregate data based on either cross-sectional or time-series variation.’
Coupled with the supply/demand theoretical framework, the use of aggregate
data led naturally to the adoption of a simultaneous equations econometric
structure.> The estimating equations in that system consisted of a supply of
offenses function representing the decision rule of potential criminals, an appre-
hension production function and the policy maker’s decision rule governing the
level of resources devoted to apprehension (and punishment).

The econometric structure was meant to approximate the solution to the
equilibrium model. As such, its parameters are combinations of those of the
underlying behavioral structure, that is, of the preference function of potential
offenders (the citizenry), the apprehension production function, the objective
function of the policy maker and the distribution of the unobservables that enter
those functions. An alternative approach, pursued in this paper, is to estimate
the behavioral structure by specifying and solving a parametric model of agent
decision-making. This approach relaxes two potentially important aspects of
the approximation in the traditional approach. First, it explicitly aggregates
the individual decisions about whether to engage in illegal activities over the

citizen population, allowing for nonlinearities and location-specific effects as

'For a recent updated version of this framework, see Ehrlich (2010).

2For a recent review, see Tauchen (2010).

3This contrasts with the empirical literature on labor supply that took a decidely partial
equilibrium approach given the availability of micro-level data (for example, Heckman (1971)).
However, recent studies have used longitudinal data to estimate the supply of crime function,
for example, Lochner (2004), Lochner and Moretti (2004) and Imai and Krishna (2004). For
an early specification of dynamic models of criminal choice, see Flinn (1986).



would naturally arise, and second, it accounts for the existence of multiple
equilibria that is inherent in the Beckerian structure.

It is useful to illustrate these issues in a simplified version of the model that
we estimate. Assume a cross-section of cities, where each city (j) has a gov-
ernment and a continuum of citizens (7), each endowed with a preference over

criminal behavior and potential legal sector earnings drawn from the distribu-
I
J
same for all potential criminals. Citizens optimally choose whether to engage in

tion F}(n;;, wJLZ) Illegal sector earnings are w?, assumed for simplicity to be the
criminal activity or work in the legal sector taking into account the probability
they will be apprehended and the severity of the punishment. The probability
that a criminal is apprehended, 7;, depends on the level of enforcement ex-
penditures chosen by the government, s;, the aggregate level of crime, j; (the
fraction of citizens who choose to engage in crime) and the city’s efficiency of
enforcement, €;.* The apprehension technology is such that given s;, the rate
at which criminals can be apprehended falls with increases in the crime rate as
enforcement resources are spread more thinly. The government maximizes an
objective function that takes into account the cost of enforcement and the level
of crime.’

Let dj; = 1 if citizen i residing in city j chooses to engage in crime (= 0
otherwise), which depends on the apprehension rate in the city, the citizen’s
legal sector wage and preference for criminal behavior, and the (city-level) illegal

sector wage, that is, d;; = d(; ijLz'v

1, is given by p; = [ d(m;, wh, wf, n;;)dF;(n;;, wk). If the propensity to engage

wj,7n;;). The overall crime rate in city j,

in illegal activity is monotonically declining in 7; at the citizen level, then the

crime rate, ji; is declining in 7; as well.® The apprehension production function

4The number of crimes per criminal is set to one for all cities.

’The severity of punishment is taken to be the same across cities.

6Note that the number of additional citizens who choose to engage in crime when the
apprehension rate falls will in general not be homogeneous across cities as long as the joint
distribution of preferences and legal earnings opportunities (F;) differs across cities. Thus,
even if one wants to maintain (log) linearity (and additive separability) in the relationship
between the crime rates in cities and their apprehension rates, as in the traditional approach,
a more appropriate specification would allow for random coefficients. This observation is par-
ticularly important in the context of instrumental variables (see Angrist and Imbens (1994),
Heckman and Vytlacil(1998)) as is a common procedure used in estimating the deterrent



is given by
T = H(Sj,:ujv €j>7 (1)

where 7; is monotonically increasing in the level of enforcement resources, s;,
decreasing in the level of crime p; and increasing in enforcement efficiency, ¢;.

The equilibrium crime rate for given s; is the solution to

Mj :/d(H(Sj,MjaEj)vijz‘vw]Iani)dP}(njiaiji)' (2)

If, in (1), the apprehension rate is one when the crime rate is zero and if prefer-
ences are such that no citizen will commit a crime when apprehension is certain,
then for positive s; a zero crime rate is always an equilibrium. In addition,
as shown in Conley and Wang (2006), with multi-dimensional heterogeneity
across individuals, for positive s; there may be multiple interior equilibria with
a positive crime rate. Given multiple solutions for y; in (2), there will be a cor-
responding apprehension rate for each p; (given s;). The fundamental reason
for the occurrence of multiple equilibria is the existence of the spillover effect
of increasing crime on the apprehension probability. As seen in (2), the crime
rate would be unique if ; did not enter 7; in (1). Because it does, there is in
essence a coordination problem that may lead to multiple equilibria.

The existence of multiple equilibria makes the interpretation of the regres-
sions in the traditional approach potentially problematic, because each city j,
facing different fundamentals, selects an equilibrium from a different set. Such
sets may differ across cities in the number of equilibria in the set and by the
values of the equilibrium objects, y; and 7, in each equilibrium within the set.
In order that the regression coefficient on, for example, the apprehension rate
reflect what would happen to the crime rate within a location if the apprehen-
sion rate were to exogenously change, the goal of estimation, it is necessary
that the equilibrium selected across locations that differ in their apprehension
rates is in some sense the same. Examples of equilibrium selection rules that

satisfy a sameness criterion include choosing the equilibrium with the lowest

effect of apprehension with aggregate data.



crime rate or choosing the Pareto dominant equilibrium (if one always exists).
If different cities select different equilibria, then the regression coefficient would
reflect that change in equilibria.

The previous discussion took s; as given. However, the policy maker can
obviously manipulate the apprehension probability through the choice of s;.
It seems reasonable then to assume that the policy maker acts strategically,
choosing the level of law enforcement resources recognizing its effect on the ap-
prehension rate and, thus, on the incentives for citizens to engage in crime. The
government, as a strategic player, accounts for the spillover in determining the
optimal level of enforcement. However, because the equilibrium crime rate that
results from a choice of s; is not necessarily unique, the government must know
(or have some belief about) the equilibrium selection rule. Given a government
objective function, for example as in Becker (1968) minimizing the expected
societal loss from crime, the optimal choice of s; would be a function of the

model fundamentals, that is,
Sj = S(ij(njivw]l‘/i%w][‘aUj>9u707ra9R)v (3)

where v, represents location-specific unobservables in the government objective
function, 0, and 6, are the parameters in the crime decision function (d(-)) and
apprehension production function and 6y are the parameters of the equilibrium
selection rule.

The model that we estimate specifies the optimization problem of potential
criminals and of the policy maker in a city. Each city has a continuum of
individuals of different types in terms of their preferences for staying at home
and for committing crimes, and in terms of their legal sector human capital.
Types are correlated with observable characteristics. Besides the distributions
of their citizens’ characteristics, cities also differ in unobservable characteristics
that include their production technology, apprehension efficiency and marginal
costs of the police force. Each citizen chooses whether to be a criminal, work
in the legal sector or stay at home. City output is produced with the human

capital of citizens who choose to work in the legal sector. Criminals meet victims



randomly and receive a fraction of the victim’s legal sector income. For a given
city, the arrest rate varies with the crime rate and the size of the police force.
Given any size of the police force, it is feasible to solve for all possible equilibria
because the model structure yields an ordering over citizens in their propensity
to be criminals that is invariant across equilibria.

Acting as a Stackelberg leader, the policy maker chooses the number of po-
lice to maximize the expected value of an objective function that includes the
number of police (negatively), the crime rate (negatively) and the apprehension
rate (positively), where the expectation is taken over the distribution of equi-
libria that we estimate. The solution to the model yields equilibrium values of
the number of police, the employment rate, the crime rate, the apprehension
rate and the competitively determined rental price of human capital.

The estimation of the model is by simulation. At any given set of parameter
values and set of location-specific unobservable characteristics, the model can
be solved for the equilibrium objects for each location and for all of the equi-
libria. Doing multiple simulations for the same parameter values by randomly
drawing from the distribution of unobservables and averaging over the simula-
tions within each location provides statistics for the equilibrium outcomes that
can be matched with data. The data are from two sources: the Uniform Crime
Reports of the FBI and the Current Population Survey. We focus on a single
year, 2008, and on the 238 MSA’s that can be matched between the two data
sets. The CPS provides demographics, employment and wage data, while the
UCR provides data on crimes, arrests and the number of police. We apply the
model to property crimes.

With our estimated model, we conduct two sets of counterfactual policy
experiments that are not feasible within the conventional simultaneous equa-
tions estimation framework using cross-sectional data. These experiments are
motivated by federal programs that provide subsidies to local governments for
increasing the number of police. For example, the Community Oriented Po-
lice Services (COPS) program, initiated by the Clinton administration in 1994,

aimed at a nationwide increase in the number of police of 20 percent.” In all of

"See Zhao, Scheider and Thurman (2002) and Evans and Owens (2007) for an analysis of



the experiments, we assume that the federal government can perfectly monitor
the use of the resources to any locality, ensuring that the intended increase in
the size of the police force is realized. In the first set of experiments, we explore
two scenarios. In the first, unlike the COPS program, the planner (federal gov-
ernment) uniformly increases the size of the police force by 20 percent for each
MSA; the program leads to an 8.2 percent reduction in the national crime rate.
In the second scenario, as in the COPS program, instead of a uniform trans-
fer, the planner subsidizes newly hired police, where the number of new hires
is chosen by each local government. First, we determine the subsidy rate such
that the planner’s total spending is the same as under the uniform transfer. At
such a subsidy rate (48 percent), there is a 42 percent increase in the number of
police and the national crime rate falls by 21 percent, or 2.6 times the decrease
in the uniform policy. Second, we determine the subsidy rate such that the
increase in police nationwide, hence the total cost (federal and local), is the
same as in the uniform transfer case, i.e., a 20 percent increase. The subsidy
rate in that case is 27 percent, which leads to a 10.6 percent decrease in crime,
as compared to 8.2 percent in the uniform transfer case. Allowing local govern-
ments to optimally choose the number of police, instead of a uniform transfer,
leads to a greater reduction in crime. Finally, we determine the subsidy rate
such that the total spending mimics the intended cost of the COPS program.
Such a subsidy rate (34 percent) leads to a 26 percent increase in the number
of police, as compared to the 20-percent goal set by COPS, and reduces the
crime rate by 13 percent, which would be the effect of a program like COPS if
the federal government were able to perfectly monitor the use of its grants.
Our second set of experiments explores the effects of various targeting schemes
to allocate federally-sponsored additional police across locations, given a fixed
resource constraint. We illustrate the idea by focusing on pair-wise allocation
problems, where the total additional resource to be allocated between a pair of
MSA’s is equivalent to 20 percent of their current total police force. To achieve
the optimal targeting, we first use the model estimates, for each MSA, to deter-

mine the values of the MSA-level unobserved characteristics: the MSA’s arrest

that program.



efficiency, marginal cost of police, value of leisure and productivity. We explore
five different allocation rules. The first assumes the planner has information on
both the observable and unobservable characteristics of the MSA’s and chooses
the allocation to minimize the overall crime rate of the pair. The second as-
sumes the planner solves the same optimization problem but with information
only on observables. The other three rules are based on current crime rates,
on current arrest rates and on current GDP per capita. We study the cases for
five pairs of MSA’s. In the case of Philadelphia versus Phoenix, for example,
the allocation with complete information leads to a 16 percent decrease in the
crime rate, while the crime reduction ranges from 5.6 percent (allocation based
on crime rates) to 10.1 percent (allocation based on observables) across the
other four allocation rules. Although the allocation with complete information
always dominates the other rules, the relative effectiveness of the other four
allocation rules is found to be case-dependent.

Our paper contributes to the literature that studies crime from an equi-
librium perspective. Via different channels, various theoretical studies have
demonstrated the existence of multiplicity of equilibria in models of crime. For
example, Conley and Wang (2006) study an equilibrium model where agents,
with heterogenous working abilities and tastes for crime, choose either to com-
mit crimes or invest in education and become workers. The arrest rate depends
on the crime rate and the number of police. They establish that when individu-
als differ in more than one dimension, multiple interior equilibria with different
positive crime rates may exist. Taking the arrest rate as an exogenous parame-
ter, Burdett, Lagos and Wright (2003, 2004) introduce crime into an otherwise
classical random search equilibrium framework, where firms post wages and
meet workers with an exogenous probability.® Besides the random job offers
they receive, workers (unemployed or employed) may also receive a criminal
opportunity at random. Workers choose whether or not to accept the job offer
in the case they receive one and whether or not to commit a crime in the case

they receive a criminal opportunity. Multiple interior equilibria with a positive

8Examples of other papers that build crime in a search model framework include Engel-
hardt, Rocheteau and Rupert (2008) and Huang, Liang and Wang (2004).



crime rate may arise due to matching externalities.” Our paper is the first to
empirically implement a model of crime with multiple equilibria.

Imrohoroglu, Merlo and Rupert (2004) develop and calibrate a dynamic
(supply-side) equilibrium model to study the trend in crime between 1980 and
1996. Taking the arrest rate as exogenous, they study individuals’ dynamic
choices of whether or not to be a criminal after a stochastic period-specific em-
ployment status is realized. An equilibrium requires, among others, that the
aggregate crime rate is consistent with individuals’ choices. Imrohoroglu, Merlo
and Rupert (2000) embed a static equilibrium model of crime in a political econ-
omy framework. Individuals choose to specialize in either legitimate or criminal
activities. The police force is funded by tax revenues from labor income, where
the tax rate is determined via a majority-voting rule. The number of police is
the sole determinant of the arrest rate, regardless of the crime rate.

The rest of the paper is as follows. The next section describes the model.
Section 3 describes the data and Section 4 our estimation strategy and results.
Counterfactual experiments are presented in Section 5. The last section con-

cludes the paper. Some details and additional tables are in the appendix.

2 Model

There are J cities j = 1, ..., J, each with a government and a continuum of indi-
vidual citizens. Cities are considered as closed economies.!” Each government
acts as a Stackelberg leader by choosing the size of its police force. Observing
their government’s decision, individuals in each city choose one of the three
mutually exclusive and exhaustive discrete options: work in the legal sector,
work in the criminal sector or remain at home.

Each citizen is endowed with a human capital level ([), a taste for crime

9Besides matching externalities and multi-dimensional heterogeneity among agents, multi-
ple equilibria in models of crime may also arise from other sources, for example, geographical
externalities (e.g., Freeman, Grogger and Sonstelie (1996) and Verdier and Zenou (2004))
and direct interpersonal spillovers (e.g., Sah (1991) and Glaeser, Sacerdote and Scheinkman
(1996)).

10This assumption rules out mobility between cities, an extension we leave for future work.



(n) and a value of "leisure" when at home (k). The triplet (1,7, k) defines an
individual’s type, which is unobservable to the researcher, but correlated with
observable characteristics (x).'' The distribution of z, G;(z), is city-specific as
is the distribution of types. Each component of an individual’s type is assumed
to be discrete with [ € {ly,...Iy,}, n € {7]1, ""77Nn} and k € {K1,...,knN,}.
Therefore, there are N = N;x N, x N, types of individuals. Weletn € {1,..., N}
be the index of a type defined as (I,,,7,,kn) € {l,...In,} X {771>---a77N,7} X
{K1,...,kn,}. Denote the proportion of individuals of type n in city j as pjn.
We denote the discrete choices for a type n individual as d,,; = 1 if working in
the legal sector (= 0 otherwise), d,,» = 1 if at home (= 0 otherwise) and d,,3 = 1

if working in the criminal sector (= 0 otherwise).

2.1 The Legal Sector

Legal sector output in city j, Yj, is produced using the aggregate stock of human
capital of those citizens in city j who choose to work in that sector, L;. The

production technology is given by
Y, =7; L??

where 6 € (0,1) is the elasticity of output with respect to aggregate human
capital and 7; is a city-specific Hicks-neutral technology factor drawn from the
distribution 7; ~ In N(—0.502,02). Assuming a competitive labor market in
each city, the rental rate for a unit of human capital is given by its marginal
product,

rj = TJHL?_I, (4)

and earnings for an individual of type n residing in city j, y;,, is the product

of the rental price in city j and the individual’s level of human capital, that is,

yjn = len-

1 The characterisitcs included in x are age, gender, race, education and the number of
young children, all treated as discrete variables.



2.2 The Criminal Sector

Each law-abiding citizen in city j, whether working or at home, faces an equal
probability y; of being the victim of a crime. If victimized, an individual loses

1.2 The income of workers is described

a fraction « of his income to the crimina
above. The income of non-workers, denoted as b;, is assumed to be equal to the
human capital rental price in the city times the lowest level of human capital,
[;."3 A citizen who chooses to work in the criminal sector faces probability 7,
of being arrested. The probability of an arrest (the arrest production function)
depends positively on the size of the police force, s;, and negatively on the
crime (victimization) rate, yi;. There is a city-specific unobserved component of
technology, €;, which captures the unobservable factors that affect the efficiency
of criminals in avoiding arrests, or equivalently police inefficiency.'* A city with
a lower value of ¢, that is, with higher police efficiency, has a higher arrest rate

for a given number of police. The arrest technology function is given by

’Y(Njej)p

Sj

Ty = H(Sj7uj7 Ej) - eXp(_ )7 (5)
where p > 0, ¢; ~ In N(—0.502, 02), and v > 0 is a normalizing constant.'” The
functional form ensures that II(-) € [0,1]. Notice that the arrest rate declines
with the crime rate and that the rate of decline depends on whether p z 1. Note

also that the parameterization of the degree of police (in)efficiency (which has

12We restrict attention only to property crimes.

13The model does not distinguish between non-participation and unemployment. The in-
come of law-abiding non-workers is thus intended to capture both non-labor income and
unemployment insurance. It is set to a low value, although one that varies with a city’s
productivity via r;, because those sources of income comprise, on average, a small proportion
of total household income across all households within the population.

!4 Given that the only information available about crime is the aggregate crime rate, it is
necessary to rule out heterogeneity of criminal abilities across individuals within a city; by
including €;, we allow for such heterogeneity at the city level.

15In the implementation , 7 is further parameterized to be a deterministic function of the
education distribution of the city. Specifically,

v; = bo +b1In (1 + Pj(edu = 1)),

where by > 0, by > 0 and Pj(edu = 1) is the fraction of citizens in city j without a high
school degree.
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mean one) as multiplicative with the crime rate implies that a city with twice
the crime rate and twice the police efficiency as another city will have the same

arrest rate (given the same number of police).

2.3 The Individual’s Decision Problem

The decision of an individual in city j depends on his own characteristics as
well as city-level variables: the crime rate (uj), the human capital rental rate
(rj), the aggregate labor input (L;), the arrest rate (7;) and the expected
utility of a successful criminal (A;), where the expectation is taken over the
victim’s income.'® Define the vector Q; (s;) = [p;, 75, L, 7, A;] , which will
vary with the number of police (s;).!” Flow utility is assumed to be logarithmic
in disposable income (consumption) and additive in the taste for crime and
in the value of staying home. We also assume that criminals cannot target
their victims and that they cannot steal from other criminals. Letting d,, =
[dy1, dpe, dn3] be the individual’s choice vector, the alternative-specific values

for a type n individual residing in city j is given by

In (1 = @)yjn) + (1 = p;) In(y;n) if dy =1,

Vai (a2 (s5)) = In (( )bj) + (1 — ;) In(by) + ki if dy = 1,

In(b;) + (1 — p;) [ In(c) + (1 — mj) Aj] +m,, if dnz = 1.
(6)

The first (second) row in (6) shows the value if the individual chooses to work

11—«

(stay home). With probability pj, the individual is victimized and consumes
(1 — a)y;n if employed or (1 — a)b; if at home. With probability (1 — u;), the
individual is not victimized and consumes his income. If he chooses to be at
home, he also enjoys the value of staying home, k,. The third row of in (6)
shows the value if the individual chooses to be a criminal. With probability

t;, a criminal fails to find a victim (criminals cannot be victims); in that case,

16 A, is given below when a market equilibrium is defined.

17To save on notation, we have suppressed the dependence of each component in the vector
on s;. In addition, we include both L; and r; in the individual’s state space for completeness
in describing the vector of outcomes although only one is necessary for the individual’s choice
problem.

11



we assume that the criminal has the same income as a law-abiding non-worker,
b;. With probability (1 — p;), a criminal meets a victim. In this case, with
probability m;, he is arrested and punished, consuming c. With probability
(1 — ), he is not arrested, and has expected utility A;. Engaging in crime

also directly increases utility by the value 7,,, which can be negative.

2.3.1 Optimal Decisions

It can be shown that an individual in city j with (,,7,,, £,) will engage in crime

if only if!8

(1= ) by ) + (1= ) A () ~Inry) (D)
> max {In(l,),In(ly) + Kk} — n,,.

If the individual does not choose to be a criminal, the individual will choose to

work if only if
In(l,) > In(ly) + K. (8)

We denote the optimal decision of an individual by d,(€; (s;)).
From condition (7), it can be seen that an individual’s propensity to engage

in crime can be summarized by
T, = max {In(l,,),In(ly) + kn} — 1, 9)

Index these propensities such that 7,, < T,,.1, in which case the lower is n, the
higher is one’s criminal propensity. Thus, if 7}, type chooses to be a criminal,

all T, types will do so for n’ < n.

2.4 Market Equilibrium

Definition 1 Given the size of the police force s;, a market equilibrium in city

j consists of a vector Qj (sj) = [uj, rj, Lj, 5, A]’] , together with a set of optimal

18We assume that an individual who is indifferent between legal and illegal activities will
choose to be decent. This assumption is not without loss of generality given that types are
discrete; however, our counterfactual experiment results are robust to this assumption.

12



individual decision rules {d,(-)} forn=1,...,N such that
(a) for alln, d, (ﬁj (sj)> is an optimal decision for type n, i.e., conditions (7)
and (8) hold;

(b) ﬁj (s7) is consistent with individual choices where

N
crime rate ;i = ijndn3 (QJ (sj)> : (10)
n=1
rental rate : T; = TjQLg’l,
N ~
aggregate labor : L, = ijnlndnl (Qj (sj)) ,
n=1
arrest rate  : m; = (s, 1, €5),
crime utility| success
N 1—dys ({Nz.(g.)) Yinds (Q.(S.)>
Aj = ijn ’ ’ ln 8] ! ' ~] ! + b]
n—1 L= +bjdnz (Qj (SJ))

Multiple Q; (s;)’s can be supported as market equilibria. However, as seen
from (9) ,the ranking of T}, types is independent of equilibrium objects. Thus,
all of the equilibria can be ordered by their equilibrium crime rates. The total
number of equilibria, N*, is at most equal to the total number of T,, types and
is bounded above by N, x (N, + N; — 1)." Letting h;,, denote the measure of
type 1), in city j and Hj, = )

w<n iy the cumulative distribution of criminal

propensities, then Q7 (s;) with u} = Hj,, can be supported as an equilibrium if

v
J

T, < (1—pf) [77In(c) + (1 —7})AT] + 7 ln(l ) —In(r}) < Thp1, (11)

where the superscript n indexes the n'* potential equilibrium. In equilibrium
ﬁ? (sj), an individual will choose to be a criminal if and only if the individual’s
criminal propensity is ranked among the top n groups. The fact that there are

at most N* equilibria and that they can be ordered, as given by (11), allows

19Note that N* is parameter-dependent. See online Appendix B1 for details about N* and
Rjn.
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us to compute all of the market equilibria given s;.%"

2.5 Government Problem

A government cares about the crime rate in the city and can affect the level of
criminal activity by choosing the size of the police force. In addition, a gov-
ernment may also care directly about the arrest rate for political reasons; a
government without the ability to catch criminals could be considered as inef-
fectual in combatting crime. Therefore, the government’s loss function will be
positively related to the crime rate and, given its cost, to the size of the police
force and negatively related to the arrest rate. The government is assumed
to minimize its expected loss, where the expectation is taken over all possi-
ble market equilibria. Formally, the government in city j solves the following
problem
N+

msin {; q; (s5) (w1 exp(p]) — wo In(7}) + Vij) } , (12)
where w; and ws are the weights governments put on the crime and arrest rates
relative to the cost of the police force. v; ~ In N(—0.502,02) is the city-specific
marginal (opportunity) cost of the police force.*" ¢ (s;) is the probability that
Q7% (s;) is realized as a market equilibrium, to be specified in Section 4. Although
given any s; there may be multiple market equilibria, the government optimal

choice is generically unique.

2.6 Subgame Perfect Nash Equilibrium

Definition 2 A subgame perfect Nash equilibrium in city j is {s;'f, d(-), {(NZ? (+) }}
such that
(a) Given any s;, <d() ,Q? (sj)> is a market equilibrium;

(b) s} solves the government’s problem.

207f individuals’ crimininal propensities cannot be ranked independent of equilibrium ob-
jects, there will be 2V potential market equilibria; and it will be infeasible to compute all
possible equilibria at every candidate parameter configuration during the estimation.

2lFor example, cities may differ in their needs for resources in areas other than crime
prevention.
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3 Data

We make use of data from two sources. One source is the Current Population
Survey (CPS), which provides micro-level data on demographics (x), wages and
employment. We focus on the population aged 16 to 64.22 We aggregate indi-
viduals within a metropolitan statistical area (MSA), which is the counterpart
of a "city" in our model. The distribution of x within an MSA is taken as the
"city-specific" distribution of z in our model. We define an individual as em-
ployed if he/she works for more than 13 weeks during the year, and define the
employment rate as the fraction of those employed among the age 16-64 pop-
ulation. For those who are employed, we also use information on their annual
earnings.

The other data source is the Uniform Crime Reports (UCR), which contains
agency-level reports on crimes, arrests, number of police, and population size.
We focus on property crimes, which include robbery, burglary, larceny-theft
and motor vehicle theft.? Within each MSA, we aggregate agencies with non-
missing reports and treat them as representative of the entire MSA. For each
MSA, we define the crime rate as the total number of actual crimes divided by
the total 16-64 population covered by non-missing agencies, the arrest rate as
the total number of arrests divided by the total number of actual crimes and
the size of police force as the total number of police divided by the total 16-64
population covered by non-missing agencies.

For both the CPS and the UCR, we focus on the year 2008. We are able
to match 245 MSA’s between the two data sets. We exclude 7 MSA’s with
zero arrests as extreme outliers, which results in a final sample consisting of
238 MSA’s and 86,248 individuals living in these MSA’s. Table 1 summarizes
the MSA-specific marginal distributions of individual characteristics. The first
(second) row gives the mean (standard deviation) of the within-MSA marginal

distribution over the 238 MSA’s. As seen, MSA’s are more diverse in their

22The age restriction is consistent with the literature, for example, Imrohoroglu et. al.
(2000, 2004).

23 Note that our definition of property crimes is consistent with the literature but different
from the UCR definition, which doesn’t include robbery.
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educational and racial compositions than in their age or gender composition.
For example, the coefficient of variation across MSA’s in the fraction of people
without a high school degree is 0.43, but only 0.23 for the fraction of residents
under the age of 25.

Table 1 Summary Statistics: x Distribution

Education Age Race

% Less than HS BA and Above Under 25 Above 50 Black/Hispanic
Mean® 16.08 24.32 21.43 25.75 24.07
Std. Dev.® 6.99 9.34 5.03 6.78 18.70

Gender
Male
49.32

3.80

Number of Obs: 238 MSA’s in the U.S.

®Cross-MSA mean and std deviation of various marginal distributions.

Table 2 reports statistics from the data on the equilibrium outcomes of the
model. Specifically, it shows the cross-MSA mean, standard deviation and coef-
ficient of variation (CV) of the crime rate (per 1,000), the arrest rate (percent),
the number of police per 1,000 people, the employment rate (percent) and mean
earnings. As seen, the mean of the crime rate across the MSA’s is 56.5 with a
standard deviation of 17.0. As reflected by the CV, the variation in the crime
rate is similar to that of the arrest rate (.36) and of the number of police (.40).
The labor market outcomes, on the other hand, exhibit less variation across
MSA’s; the CV in the employment rate is 0.09 and that in earnings 0.19.

Table 2 Summary Statistics: Outcomes

Crime Arrest Police Employment Mean Earnings
(per 1,000) (%)  (per 1,000) (%) (3)
Mean® 56.52 19.03 4.78 73.34 38,142
Std Dev.® 16.96 6.85 1.91 6.87 7,340
cve 0.30 0.36 0.40 0.09 0.19

Number of Obs: 238 MSA’s in the U.S.
%Cross-MSA mean, std deviation and coefficient of variation of variable in each column.

PWithin-MSA mean earnings.
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4 Empirical Implementation and Estimation

4.1 Additional Empirical Specifications
4.1.1 Distribution of Individual Types

To implement the model, we need to specify the joint distribution of the un-
observables (1,7, k,), that is, p;,. Conditional on z, the distributions of [, n
and k are assumed to be independent, so pj, is the product of the marginal
distributions of its components. The means of the distributions of [ and 7 are
(log)linear in x and are assumed to be city-independent.?* The distribution of
human capital is given by?’

@(M) _ @(M) for 1 <m < Ny,

gl )

P, () = § @(llm=rXy for m = 1, (13)

gl

1— @(M) for m = N;.

ol

The mass points ['s are assumed to be quantiles from In N (7’ A 0?), where T is

the mean of z.

The distribution of the preference for engaging in crime is given by

(LX) — (It for 1 < m < N,

Py, (x) = § B(1=tX) for m =1, (14)
1 —@(%) for m = N,,.

It can be shown that there exists an n* such that people with n < n* will
never commit a crime independent of equilibrium outcomes.?® We therefore set
the lowest 1, n; = n*. We also assume that the largest 7 (”Nn) is such that

individuals with 7, will always commit crimes.?” The other mass points 71’s

24We set N; = 20, N,, = 10 and N,; = 10 such that there are 2000 types of individuals.

25 Heterogeneity in wages across cities arises from variation in 2’s and from heterogeneity
in human capital rental prices. Recall that we allow productivity (7) to differ across cities.
Given that we use only cross-sectional variation in wages, it would be difficult to identify
city-specific unobservables in both human capital levels and rental prices.

26 As is shown in online Appendix B1.1, n* = In(l1) + x1 + In(1 — ) — In(aly, + 11).

2T A zero-crime equilibrium is thus never possible.
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are assumed to be quantiles from the distribution N(z'A",02) that are above

*

n*.
The mean of the distribution of the value of the home option (k) is log-linear

in z, and is assumed to be city-specific. In city j, the distribution of x is given
by

®<ln(nm)—gj—$/)\ﬁ> _ (b(ln(lim—ll-;%j—irlAH) fOI‘ 1 <m< NHJ

Ok

p’im (xhj) = ®(M) fOI‘ m = 1,
1- (I)(ln(“m—l)_ﬁj_x/)‘n) fOI' m = N/m

Ok

(15)
where the mass points #’s are quantiles from the distribution In N (z'\", 02).
The city-specific component %; is assumed to be an ii.d. random variable

across cities, drawn from the distribution N(0, c2).

4.1.2 Probability Distribution of Market Equilibria

Given the size of police force (s;), ¢} (s;) = 0 if Q7 (s;) is not supportable as
a market equilibrium. As shown, all the supportable 2} (s;)’s can be ranked
by their crime rates. Based on this fact, we assume that the probability a
particular market equilibrium is realized depends on the ranking of its crime
rate in the set of equilibria. It is not clear a priori whether a low-crime or a
high-crime equilibrium is more likely, and we use the following structure that
allows for various possible scenarios.?®

Let N7 (sj) be the number of market equilibria in city j under s;, and
{Q?/ (S]’)}Nj ) the set of these equilibria ranked from low crime rate to high

n/=1
~ Nx(s4)
crime rate. The probability of the n'" element in {Q;‘ (sj)} T , 1.e., the

n'=1

28There are a number of papers that have also estimated equilibrium selection rules
jointly with the other model parameters. Examples of this approach include Ackerberg and
Gowrisankaran (2006), Bajari, Hong and Ryan (2010), Bjorn and Vuong (1984), Card and
Giuliano (forthcoming), and Jia (2008).
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probability that the n'"-ranked equilibrium (NZ? (s;) is realized is given by

g (s;) = exp [1+ ¢y (n3y —n) I (n<njy)+C (n—nly) I (n>nh)]
" (s;) = — |
] 7]}:(13) exp [1+ ¢y (nfy = n') I (n' <njy) + Gy (0 = njp) (0 > nj,)]

where [ () is the indicator function. If N7 (s;) is odd, n}; (s;) = nj, (s;) =

N*(sj)+1 . . % " . %

N]*(;) , that is, the median of {1, oy N (sj)}. If N7 (s5) is even, n]}v(.(s])) -
(S5 7 S5

—5 + 1, the first number to the right of the median, and n}, (s;) = ~ L~
1, the first number to the left of the median. The two parameters, (; and
(4, capture the relationship between the probability of an equilibrium and its
ranking. For example, if (; = (, = 0, all equilibria are equally likely; if {; > 0,
(5, > 0, the distribution of equilibria is U-shaped; if {; < 0, ¢, < 0, the
distribution of equilibria is inverse-U-shaped; if (; > 0, (5, < 0, lower crime-rate
equilibria are more likely, and if (; < 0, {, > 0, higher crime-rate equilibria are

more likely.?’

4.2 Estimation

We estimate the model using simulated generalized method of moments (SGMM).
For each parameter configuration, we solve for the equilibria of the model,
compute the model-predicted moments for each equilibrium and integrate over
them. The parameter estimates minimize the distance between the model-
predicted moments (M (0)) and the data moments (M?):

-~

6 = agmin { (4 () = 41%) W (31 (0) — 41"} }.

where © is the vector of structural parameters, and W is a positive-definite

30

weighting matrix.”® © includes parameters governing the distributions over

individuals in their human capital and tastes for crime and for home, the

29When one and only one ( is zero, then all equilibria below or above the median are equally
likely and the probabilities for others are monotonically increasing or decreasing with their
rank depending on the sign of the other (.

30Tn particular, W is a diagonal matrix, the (k, k)th component of which is the inverse of
the variance of the k** moment, estimated from the data.
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distributions of city-level unobservables, the arrest technology, the production
technology, the return to crime, the consumption level if arrested, government
preferences and the probability distribution of market equilibria.3!

The estimation routine involves an outer loop searching over the parameter

space, and an inner loop determining the set of equilibria. For each of the 238
MSA’s, we simulate R replicas that copy its distribution of observable charac-
teristics (z). Each of the simulated 238 R replicas serves as the counterpart of
a city in our model. The outer loop of the estimation procedure uses a simplex
routine. The following describes the inner loop.
Step 1: Given a set of parameters ©, calculate the mass points of [ and x as
the quantiles from In N (7', 67) and In N(Z'\*, 02), respectively. Calculate the
first mass point 17; = n* as defined in online Appendix B1.1, and other mass
points 7 as quantiles from N (7'\", 07) that are above n*. Calculate the criminal
propensity 7, according to equation (9), and the number of T, types N* as in
online Appendix B1.2. Index T,, such that T,, < T, ;.

Step 2: For each city j, draw the city-level unobservable characteristics (v;, 7, €;, &

For each vector of observable characteristics x, which is assumed to be discrete,
calculate the probability vectors p; (z), p, () and p, (x,j), according to equa-
tions (13) to (15). Given the distribution of observable citizen characteristics
G, (z), calculate the measure of each (I, n, k)-type in city j. Derive the measure
(hjn) of each T),-type in city j according to online Appendix B1.3.

Step 3: Pick an s; from the grid for the size of police force and solve for all

market equilibria.*> For each n € {1,..., N*}, suppose all T, are criminals for

3LGiven the nonlinear nature of the model, we are not able to provide a constructive iden-
tification argument. However, to provide some evidence on identification, we have conducted
Monte Carlo exercises in which we first simulated data with known parameter values, treated
as the "truth" and then, using moments from the simulated data, started the estimation of
the model from a wide range of initial guesses of parameter values. In all cases, we were able
to recover parameter values that are close to the "truth."

32The grid points for s; are parameter-city-specific. They are bounded between [0, 00), and

they always include the points {sy}iz L such that
Toy1r = (1—pf) |77 In(c)+ (1 —7})AY] +puf ln(1 _j a) —In(r?),
sty = H(s}’,uy,'yj,ej) .
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n' < n, that is, the crime rate uj = Z hjn and for any n' > n, the T, -type
n’'<n
chooses between work and home according to condition (8), which implies the

aggregate human capital employed L as in (10) . Derive the rest of the compo-
nents of 7 (s;) , the arrest rate as in equation (5), A7 as in equation (10), and
77 as in equation (4). Calculate the value of the middle term in (11). Q7 (s;)
is an equilibrium if only if inequality (11) is satisfied.

Step 4: Calculate the government cost under s; by integrating over potential
equilibria, as in (12).

Repeat Steps 3-4 until the optimal size of police force s} and the associated
set of market equilibria {Qg‘ (sj)} are found, and do this for every city j €
{1,...,238R} .

Step 5: Calculate the model predicted moments as

—1 N o o* n [ o *
238322% (s7) M} (s5;0),
j n=1

where M7 (3;; @) is the vector of model predicted statistics in city j if (2} (5;‘)

is a market equilibrium.

4.2.1 Target Moments

We target 171 moments that include, among others,

1. A set of unconditional moments with each MSA as an observation:
1) First moments across MSA’s of the number of police, crime rate, arrest
rate, employment rate, and the within-MSA average and standard deviation of
earnings;
2) Cross moments of the variables in 1), except that between mean earnings
and the standard deviation of earnings;
3) Second moments of the first 5 outcome variables.

4) The fractions of cities with crime rates below the 10", 20% ....90%" percentiles

That is, s} is the level of police force that makes type T),41 at the margin between crime
and decency (and choose decency by assumption), and thus supports the equilibrium with
pj exactly. Note that s’ may also support other equilibria, to be determined in Step 3.
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of crime rates in the data.

2. First moments of MSA outcomes by MSA characteristics.
The average size of the police force, the average crime rate and the average
arrest rate conditional on the within-MSA marginal distributions of age, gender,
education and race, all treated as discrete variables. For example, we target
the average outcomes among MSA’s where the fraction of college graduates is
ranked below the 50th percentile among all MSA’s.

3. First moments of individual outcomes by individual characteristics.
1) The employment rate and average earnings among individuals by age, by
education, by gender, by race, by the number of kids and by the number of kids
among females.
2) It is well documented that the crime rate is significantly higher among youths.
However, our data do not contain age-specific crime rates. To extract as much
information as possible about the criminal versus non-criminal choices, we also
use data from the CPS on school enrollment status. Specifically, we target,
within this age group (less than age 25), their employment rate and school

attendance rate by current education attainment.*

33To keep the number of observations constant across moments that use MSA’s as
units of observations, we target joint moments of characteristics and outcome instead
of conditional moments. For example, letting I (-) be the indicator function, we target
E (Yjm, I (Gj(z) < 2)) instead of E (yjm|Gj(x) < z), where y;p, is the m'" outcome, G; ()
is the distribution of within-MSA demographics, and z is some quantile. Similarly, in the
next (the third) set of moments, which use individuals as units of observations, we target
joint moments of individual outcome and individual characteristics, instead of conditional
moments to keep the number of observations constant across this set of moments.

34To incorporate school enrollment, we assume that, for people in the youngest age group,
the home option includes attending school. With a probability that is specific to one’s current
education level, a youth who chooses the home option is enrolled in school. These probabilities
are treated as parameters to be estimated jointly with other parameters in the model. For
people of older ages, we restrict the home option to not include attending school, given that
school enrollment rates are low for them..
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4.3 Parameter Estimates

Table 3 shows selected parameter estimates; the others are shown in the appen-
dix. Standard errors (in parentheses) are calculated via bootstrap.®® As shown
in the upper panel of Table 3, the elasticity of output with respect to aggregate
human capital (f) in the legal sector is 0.84. The value of a implies that a
criminal steals ten percent of the victim’s income, or approximately $3,250.%

However, if apprehended, consumption is only $900.3"

Table 3 Selected Parameter Estimates

Production 6 0.84 (0.01)
Return to Crime o 0.10 (0.003)
Consumption if Arrested ¢ 0.09 (0.003)
Dispersion of MSA-Level Unobservables
Productivity o, 0.12  (0.09)
Arrest Efficiency o 5.89  (0.03)
Value of Leisure oz 0.13  (0.07)
Marginal Cost of Police o, 0.25  (0.10)
Probability Distribution of Market Equilibria
Below Median Slope (; -0.20  (0.18)
Above Median Slope (5 -0.60  (0.24)

The middle panel of Table 3 shows the standard deviations of each of the
four location-specific unobservables. To understand their magnitudes, we have
explored four counterfactual scenarios, where we improve, one at a time, the
productivity, the arrest efficiency, the value of leisure and the marginal cost of
police for every location by one standard deviation. We then calculate the per-

centage changes in outcomes at the national level as compared to the baseline.

35There are 160 bootstrap iterations. In each iteration, we sample 238 MSA’s from the
original sample of 238 MSA’s with replacement. All individuals in the matched CPS data are
included who reside in MSA’s in the bootstrap sample.

36Tf they could choose only between work and home, i.e., criminal activity were not an
option, only 31% of the current criminals would choose work over home, and their aver-
age income would be $2,550. Obviously, criminals come from the lower tail of the income
distribution.

3T All parameters in monetary units are in units of $10,000.
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Without changing the number of police, the national crime rate is reduced by
6.3, 17.7 and 8.3 percent when productivity, arrest efficiency and the value of
leisure are individually increased by one standard deviation above their current
levels in all MSA’s (see Appendix Table Al). Allowing for the government to
optimally adjust the size of their police force leads to reductions in the num-
ber of police and thus smaller decreases in the crime rate of 2.8, 11.9 and 3.6
percent. Finally, if the marginal cost of police is reduced by one standard devia-
tion, the national police force increases by 14.8 percent leading to a 7.8 percent
reduction in crime.?®

The lower panel of Table 3 shows the slope parameters that govern the
distribution of market equilibria. Both parameters are estimated to be negative,
although (; is not precisely estimated. In a joint Wald test, the p-value for the
joint test that both of (’s are zero is 0.023. The point estimates suggest that
for a given city’s size of police force, the distribution of market equilibria is
inverse-U-shaped. That is, the equilibrium whose crime rate is ranked in the
middle is most likely to be realized. Moreover, as |(;| < |(,|, the distribution is
asymmetric: given the same ranking distance from the median, the high crime
rate equilibrium is less likely than the low crime rate equilibrium.?’

Appendix Tables A2-A4 show the parameters governing the distributions
of values of the home option, levels of human capital, and tastes for crime
conditional on x. Education is positively correlated with one’s human capital
and value of leisure. With the presence of young children, the value of leisure
decreases (increases) for males (females), which is consistent with the fact that
the employment rate for males (females) with children is higher (lower) when
there are children in the household. The preference for engaging in crime is

lower for those who are more educated, older and/or have young children.*

38These effects, as well as those that follow, are obtained by integrating over market equi-
libria.

39For example, if there are 3 market equilibria ranked by their crime rates from low to high,
then the probability distribution will be {0.35,0.42,0.23} . In the case of 4 market equilibria,
the distribution will be {0.29,0.35,0.23,0.13} .

40 Appendix Table A5 shows the probabilities of attending school among youth who choose
the home option. Table A6 shows estimates for government preferences and other parameters
in the arrest technology.
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4.4 Model Fit

Table 4 shows the predicted means of various endogenous outcomes across
MSA’s. As seen, they closely match the data. The fit to the standard de-
viations of outcomes across MSA’s, as shown in Table 5, is generally close but

not as good.

Table 4 Means

Crime Arrest Police Employment Mean Wage Std Dev Wage

%) (%) (%) (%) (3) (3)
Data 565 19.03 048 73.33 38,142 40,067
Model  5.63  19.01 047 73.82 39,551 39,598

Table 5 Standard Deviations

Crime Arrest Police Employment Mean Wage

%) (%) (%) (%) (3)
Data 170 685  0.19 6.69 7,340
Model 153  7.79  0.12 4.34 5,996

Model predictions of correlations between pairs of outcomes can be calcu-
lated from the predicted first, second and cross moments. Table 6 contrasts
these correlations with the data. Overall, the model correctly predicts the signs
of these correlations. For example, the correlation between the number of police
and the crime rate is positive both in the data and for the model prediction. The
positive correlation arises from two offsetting effects. On the one hand, having
additional police leads to a reduction in crime through an increase in the appre-
hension rate. On the other, governments in MSA’s that can be expected to be
more prone to crime because of the distribution of citizen characteristics and/or
MSA-level characteristics will optimally choose a larger police force. When the
model and the data diverge in sign, between police size and the wage and be-
tween the arrest rate and the wage, the correlations in both the data and the

model are weak.
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Table 6 Correlations

Data Model
(Police, Crime) 035  0.17
(Police, Arrest) -0.08  -0.04
(Police, Employment ) -0.18 -0.10
(Police, Average Wage) 0.18  -0.09
(Employment, Crime) -0.30 -0.38
(Employment, Arrest) 0.10 0.22
(Employment, Average Wage) 0.06  0.18
(Crime, Arrest) -0.20  -0.45
(Crime, Average Wage) -0.16  -0.31
(Arrest, Average Wage) -0.11  0.01

The model fits well the relationships between the crime rate and the within-
MSA distribution of demographics. For example, the correlation between the
crime rate and the fraction of blacks/Hispanics (not shown in the tables) is 0.41
in the data and 0.40 in the model.*!

5 Counterfactual Experiments

The counterfactual experiments are motivated by federal programs that have
provided subsidies to local governments for increasing the number of police. For
example, the COPS program, initiated by the Clinton administration in 1994,
planned to add 100,000 (20 percent) more police nationwide by fiscal year 2000,

as part of the federal government’s effort to reduce crime.*?

“ITn the online appendix, Figure 1 shows the correlation between the crime rate and the
distribution of education levels; Table B1 shows the fit of employment rates and earnings by
individual characteristics.

42Gince 1994, COPS has provided $11.3 billion in assistance to state and local law enforce-
ment agencies to help in hiring additional police officers.
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5.1 Increasing the Police Force Nationwide

The first counterfactual experiment considers scenarios where the planner (fed-
eral government) aims at an increase of 20 percent in the total number of police
through a subsidy to local governments and where the use of the subsidy is
monitored. First, we consider a scenario where the program is "uniform" in the
sense that the size of the police force is increased by 20% of its current size in
each MSA. Second, we consider three scenarios where the planner subsidizes a
certain percentage of the newly hired police. However, the number of new hires
in each MSA is chosen by each local government, that is, the take-up of the
subsidy is voluntary. The three scenarios differ in the subsidy rate.

Table 7 shows the outcomes of these four scenarios at the national level. The
first row shows the percentage of MSA’s that experience an increase in their
police force. Rows 2-4 show the change nationwide in the total police force,
the change in the crime rate and the implied elasticity of the crime rate with
respect to the number of police. Row 5 shows the cost of the policy, measured
by the number of police per 1,000 people funded by the program. The last row
shows the efficiency of each policy, as measured by the ratio of the reduction in
crime to the cost ("efficiency ratio").

Under a uniform policy (column 1), the police force increases by 20 percent
and the crime rate falls by 8.23 percent. The planner funds an additional
0.94 police officers per 1,000 people and for each unit of federal resources, as
measured by the number of additional police per 1,000 people, there is a 8.8
percent reduction in crime, that is, the efficiency ratio is 8.8.

The next set of scenarios require that the subsidy rate lead to outcomes
that satisfy three different constraints. Because the hiring decisions of local
governments vary with the subsidy policy, we solve for the desired subsidy
rate by simulation in each case. We simulate equilibrium outcomes for a given
subsidy rate and repeat the process until we find the subsidy rate that satisfies
our constraint. In the first scenario (column 2), we find the subsidy rate such
that the total cost to the planner is the same as in column 1, that is, the
employment of 0.94 additional police per 1,000 people. That rate turns out to be

47.7 percent. At that subsidy rate, over 92 percent of local governments accept
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the subsidy and increase their police force. The number of police increases by 42
percent nationwide, considerably greater than the target increase of 20 percent,
and the national crime rate decreases by 21.2 percent. The efficiency ratio is

22.7, more than twice that of the uniform policy.

Table 7 National Outcomes

Uniform Subsidy 1 Subsidy 2 Subsidy 3

% MSA with Increase in Police 100 92.27 65.84
% Change in Total Police 20 41.89 20
% Change in Crime Rate -8.23 -21.19 -10.60
Elasticity Crime to Police -0.41 -0.51 -0.53
Cost (Federally-funded police per 1000 people) 0.94 0.94 0.25
% R,eductiog Olilt Crime Rate 3.80 99.65 41.92

7.7
25.57
-13.44
-0.53
0.40
33.40

In the next scenario, we find the subsidy rate such that the nationwide
increase in total police is the same as the planner intended, that is, 20 percent.
That subsidy rate turns out to be 27 percent, the cost to the planner is only
0.25 police officers per 1,000 people and each unit of federal resources leads to
an almost 42 percent decrease in crime. Notice that the total costs, federal
and local, are the same in this scenario as in the scenario with the uniform 20
percent nationwide increase in the police force. However, in this case there is a
more significant reduction in crime (10.6 vs. 8.2 percent). With monitoring, as
is assumed in both cases, allowing local governments to choose their own police
force, instead of a uniformly imposed police increase, leads to larger reduction
in crime nationwide and an efficiency ratio that is almost 5 times as large.

In the last scenario, we consider the effects of a COPS-like budget on crime
reduction. We first calculate the intended cost of the COPS program. With
the 75 percent COPS subsidy rate and a goal of 100,000 new police, the cost is
equivalent to 0.4 police funded per 1,000 people in the year 2000. The subsidy
rate that satisfies this budget constraint is 34 percent. About 78 percent of local
governments take the offer, leading to a 26 percent increase in police nationwide,

higher than the 20 percent increase set as a goal by COPS. The crime rate is
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reduced by 13 percent and the efficiency ratio in this case is over 33. This ratio
is what one could expect from a COPS-like program if the federal government
were able to monitor local governments perfectly so that the grants are used
exclusively to add new police on net. That is, this scenario provides an upper
bound on the effects of such programs.*

The effects of subsidies can differ substantially across locations. For ex-
ample, Table 8 shows the standard deviations and coefficients of variation of
various outcomes across MSA’s under the two scenarios represented in columns
1 and 3 of Table 7, where the total increases in police are both set at 20 percent.
In the first column, although the percentage change in police is uniform across
MSA’s, the reduction in crime is dispersed with a coefficient of variation (CV)
in the crime rate of about 0.5. In column 2, the CVs of both the increase in

police and the change in crime are not far from one.

Table 8 Distribution of Outcomes Across MSA’s

Uniform Subsidy 2
Std Dev.  CV  Std Dev CV
% Change in Police 0 0 20.17  0.98

% Change in Crime Rate 3.86 0.46 8.79 0.87

5.2 Targeted Allocation of the Police Force

Given that the effects of additional police on crime differ significantly across
MSA’s, determining the efficient allocation of extra resources across MSA’s
becomes a nontrivial task, which is the issue we now address. In the follow-
ing counterfactuals, we consider different schemes to allocate additional police
across MSA’s. We illustrate the idea by focusing on pair-wise allocations, where
the total additional resources to be allocated between a pair of MSA’s (with
monitoring) is equivalent to 20 percent of their current total police force. We

consider the following five allocation rules in order to reduce the overall crime

3 Evans and Owens (2007) find that each officer funded by the COPS grant led to a 0.7
increase in police force, suggesting that the use of the COPS grant was imperfectly monitored.
They also find a 10 percent decrease in property crime for each additional police officer per
1,000 people, that is, an efficiency ratio of 10.
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rate between the pair.**

Rule 1 (Complete Information): the planner has perfect information on both the
MSA-specific observable and unobservable characteristics, and searches for the
best allocation that minimizes the overall crime rate between the two MSA’s.*
Rule 2 (Based on z): the planner has information only on the observable char-
acteristics of each MSA and searches for the best allocation that minimizes the
expected overall crime rate, where the expectation is taken over MSA-specific
unobservables.

Rule 3 (Based on current crime rate): allocate police according to the ratio of
the population-size-adjusted crime rates, such that the high-crime-rate MSA
receives more extra police per capita. Concretely, letting pop; and p; be the
population size and crime rate in MSA;, the ratio of the police allocation across
the two MSA’s is given by L = Z;Z;—Zg;.

Rule 4 (Based on current arrest rate): allocate police according to the size-
adjusted inverse arrest rate ratio, such that the low-arrest-rate MSA gets more

extra police per capita. Let m; be the arrest rate in MSA;, the ratio of police

m2pOp1
m1pop2

Rule 5 (Based on current GDP): allocate police according to the size-adjusted

allocation is given by z—; =

inverse GDP per capita ratio, such that the low-GDP-per-capita MSA gets more
extra police per capita. Let I; be GDP per capita in MSA;, the ratio of police

Izpop:
Iypops *

Although they may not be optimal, the last four rules can be seen as rea-

allocation is given by £ =

sonable and realistic. For example, Evans and Owens (2007) find that the
COPS grants received by local governments are positively correlated with the
local crime rate, the population size, the fraction of youths and the fraction of
blacks, the latter two being components of x in our model.

As an example, we consider the allocation problem between Philadelphia
and Phoenix-Mesa-Scottsdale. Table 9 shows the demographic characteristics of

these two MSA’s. The first column shows the population size of each MSA as a

4“4 Our exercise can be easily adapted to other objectives of the planner.
45Information on observable characteristics refers to the joint distribution of the whole
vector of x’s, not just the marginal distribution of its components.

30



percentage of the total population size of the 238 MSA’s in our data. Compared
to Phoenix, educational attainment is higher and the fraction of black and/or
Hispanics is lower in Philadelphia; the age and gender composition in these two

MSA’s are similar.

Table 9 MSA Characteristics

Population Education Age Race Gender
(%) Less than HS BA or Above <25 >50 Black/Hisp. Male
Philadelphia 2.38 11.45 31.43 1891 27.16 26.01 47.66
Phoenix 2.01 19.61 25.34 19.69 26.09 32.89 50.12

To implement Rule 1 (complete information), we first uncover the unob-
served MSA-specific characteristics, based on our parameter estimates, by search-
ing over the space of unobservable characteristics such that the distance between
the model predicted and data outcomes is minimized MSA by MSA. In partic-
ular, for each MSA, we seek the combinations of MSA-specific arrest efficiency
(€) , mean leisure value (%K), marginal cost of police (v) and productivity (7)
to minimize the percentage model-data discrepancy over the crime rate, arrest
rate, police force, employment rate and average wage. Table 10 shows the out-
comes predicted by our baseline model with the sets of discrepancy-minimizing
unobservables, which are closely matched with the data. Philadelphia has fewer
police per-capita, a lower crime rate, a higher arrest rate and a larger per-capita
GDP than does Phoenix.

Table 10 Current Outcomes (Baseline Model)

Police Crime Arrest GDP per capita

(per 1,000) (%) (%) ($)
Philadelphia 466 519  21.96 32,681
Phoenix 4.80 6.89  12.74 29,073
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Table 11 Police Allocation and Crime Reduction: Philadelphia v.s. Phoenix

% Share of Extra Police for Philadelphia % Crime Reduction

Complete Information 91.0 15.97
Based on = 98.0 10.12
Based on Crime Rates 47.2 5.60
Based on Arrest Rates 40.8 5.60
Based on GDP 51.4 7.05

The results are shown in Table 11 for each allocation rule. The first col-
umn shows the share of extra police allocated to Philadelphia and the second
the associated percentage reduction in the overall crime rate. With complete
information, 91 percent of the extra police is allocated to Philadelphia and the
overall crime rate is reduced by 16 percent. Based on observable characteristics
only, 98 percent of the extra police is allocated to Philadelphia, with a 10.1
percent reduction in crime. Based on the three separate outcome variables, the
crime rate, the arrest rate and GDP, about 40 to 50 percent of police would be
allocated to Philadelphia, with reductions in the overall crime rate one-half of
what it would be if the allocation is based on observables alone and one-third
if based both on observable and unobservable MSA characteristics. It appears
that the effect on the overall crime rate does not change monotonically with
the division of extra police. Moreover, as the number of extra police affects the
set of market equilibria, a small change in the allocation ratio can lead to very
different outcomes. For example, when the allocation of extra police goes from
a split slightly favoring Phoenix (based on crime rates) to one slightly favoring
Philadelphia (based on GDP), the reduction in crime increases from 5.6 to 7.1
percent.

It should be noted that although the allocation with complete information
always dominates, the ranking of the effectiveness of the four sub-optimal allo-
cation rules, i.e., Rules 2-4, depends on the pairs of MSA’s under consideration.
As shown in appendix Table A7, where we repeat the exercise for four other
pairs of MSA’s, we find that none of the four sub-optimal rules is always better
than the other three. Thus, there is, no "golden rule" in terms of the allocation

of police when information about unobservables is not available.
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6 Conclusion

We have developed and estimated a model of crime in which the number of
police, the crime rate, the arrest rate, the employment rate and the wage rate are
joint outcomes of a subgame perfect Nash equilibrium. The local government
chooses the size of its police force and citizens choose among work, home and
crime. MSA’s differ in the effectiveness of their police force, the productivity of
their economies, their citizens’ values of leisure and the marginal cost of police.
The model is estimated using MSA-level data from the FBI Uniform Crime
Reports and from the Current Population Survey for 2008. The model was
shown to match the data well.

The estimates of the model were used to examine the effects on crime of
monitored federal transfers to local governments to increase the size of the
police force. We found that the effectiveness of such programs differs sub-
stantially across MSA’s, and that knowledge about unobserved heterogeneity
in MSA-specific characteristics is critical for the optimal allocation of police
across MSA’s. For example, in a pair-wise comparison of the Philadelphia and
Phoenix MSA’s, it was found that the optimal allocation of additional police
between them would produce a reduction in the overall crime rate of 16 per-
cent. On the other hand, an allocation of police based on their levels of crime
or arrests would produce only a 5.6 percent reduction in crime. We did not pur-
sue an analysis of a nationwide policy of allocating additional police among all
MSA'’s jointly; although computationally burdensome, such an analysis would
be feasible.

A major part of the empirical literature on crime has adopted an econometric
strategy that is intended to approximate the solution of a behavioral optimizing
model. This approach has been used to provide estimates of the responsiveness
of crime rates to deterrence measures, such as apprehension rates, and to crimi-
nal justice resources, such as expenditures on policing. However, this approach
is limited in terms of the kinds of policy analyses that can be performed. One
example of this limitation is provided by the ex ante policy analyses that we

have pursued in this paper, namely efficiently allocating federal grants to aug-
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menting police forces across MSA’s. There are, of course, limitations to our

approach as well that would form an agenda for future research. Among the

extensions would be to allow for the choice of punishment severity, to allow

for dynamics in the choice of criminal behavior and to explicitly account for a

government budget constraint.
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Appendix

A1l. Functional Forms

We categorize each of the observable characteristics. There are four age
groups: 16-25, 26-40, 41-50, 51-64; four education groups: less than high school,
high school grads, some college, and colleges grads or above; two race groups:
black/Hispanics and others; and three number-of-young-kids groups: 0, 1, and
2 or above. The coefficient A\ for the default group is restricted to be zero. For

human capital type:

4 4
'\ = )\é+z M T (age; = a)—l—z Moo I (edu; = s)+M51 (female)+ NI (black/hispanic) .

a=1 s=1
For taste for staying at home:
4 4
AT = N+ Z AT (age; = a) + Z AT (edu; = s) + M1 (female) + A]I (black/hispanic)
a=1 s=1
2 2 2
+ 3 NG (kid; = k) + > AT (kid; = k, female) + Y LT (edu; = s, age; = 1)
k=0 k=0

s=1

For taste for crime:

4 4
PN = N Z A7 I (age; = a) + Z Ao I (edu; = s) + A51 (female) + Nj 1 (black /hispanic)
a=1 s=1

2
+ > NI (kid; = k).
k=0

A2. Understanding the Dispersion of City Unobservables
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Table A1 Response to 1 std dev. Improvement in Each MSA-Level Shock

%o Productivity(7)
Gov. Move® Police Fixed®
Police -0.43 0
Crime -2.81 -6.30
Arrest 0.37 1.43

Arrest Efficiency(€)

Gov.Move
-13.96
-11.91

35.36

Pol.Fixed Gov.Move
0 -0.41
-17.73 -3.61
61.47 -0.02

Leisure Value(R)

Pol.Fixed
0
-8.27
2.07

Police Cost(v)
Gov. Move
14.83
-7.83
23.54

% Change in national outcomes, compared to the baseline model, if one type of MSA-level

unobserved shocks is improved by 1 std dev, holding other shocks fixed.

“Local governments adjust police size. bPolice size fixed at baseline.

A3. Other Parameter Estimates

Table A2 Home Taste: A" and o,

Less than HS

Some College

BA and Above
Age<26

41<Age<bl

Age>50

Female
Black/Hispanic

1 Kid

Multiple Kids

1 Kid, Female
Multiple Kids, Female
Age<26, Less than HS
Age<26, HS

Constant

Ok

0.04
0.10
0.38
0.14
0.70
1.03
0.20
-0.03
-0.98
-1.14
1.73
2.38
0.95
-3.06
-1.74
0.85

Default group: HS grads, Aged 26-40, male, non-black/Hispanic and no kid.
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Table A3 Human Capital: ! and oy

Less than HS -0.56 (0.02)
Some College 0.19 (0.01)
BA and Above  0.84 (0.02)
Age<26 -0.72 (0.02)
41<Age<51 0.25 (0.01)
Age>50 0.09 (0.01)
Female -0.53 (0.02)
Black/Hispanic -0.10 (0.02)
Constant 0.87 (0.02)
o) 1.05 (0.01)

Default group: HS grads, Aged 26-40, male and non-black/Hispanic.

Table A4 Crime Taste: A" and o,

Less than HS 0.47 (0.01)
HS Grads 0.55 (0.01)
Some college -0.04 (0.04)
Age<26 0.35 (0.02)
Al<Age<bl  -1.19 (0.10)
Age>50 -0.36 (0.06)
Female -0.18 (0.01)
Black/Hispanic ~ 0.16 (0.02)
1 Kid -2.88 (0.11)
Multiple Kids ~ -3.63 (0.20)
Constant -1.32 (0.01)
7, 0.69 (0.01)

Default group: BA and above, Aged 26-40, male, non-black/Hispanic and no kid.
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Table A5 Pr(School Enrollment|Age<26, Edu, Home)

Less than HS ~ 0.97 (0.04)
HS 0.92 (0.05)
Some College  0.96 (0.15)
BA and above 0.44 (0.04)

Prob of enrollment by current education for youth who choose the home option.

Table A6 Gov. Preference and Arrest

Gov. weight on Crime w; 28.71  (1.21)
Gov. weight on Arrest wy,  2.03  (0.03)
Arrest Technology by 21.32  (0.23)
Arrest Technology by 35.05 (2.09)
Arrest Technology p 0.06 (0.001)

A4. Counterfactual Experiment

Table A7 Police Allocation Rules and Crime Reduction

% Pair 1 Pair 2 Pair 3 Pair 4
Complete Info 15.20 8.42 14.70 16.01
Based on x 5.51 2.76 13.51 14.62
Based on Crime Rates  5.51 6.32 5.58 11.90
Based on Arrest Rates  5.51 6.32 5.58 5.37
Based on GDP 11.46 6.32 11.18 7.86

% reduction in the overall crime rate of each pair of MSA’s in response to a 20%
increase in their total police, allocated between the pair according to various rules.
Pair 1: Atlanta-Sandy Springs-Marietta v.s. Philadelphia

Pair 2: Dallas-Plano-Irving v.s. Phoenix-Mesa-Scottsdale

Pair 3: Fort Lauderdale-Pompano Beach-Deerfield Beach v.s. Philadelphia

Pair 4: Philadelphia v.s. Washington-Arlington-Alexandria
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For Online Publication

B1 Individual Types
B1.1 Lower Bound of the Taste for Crime n*

max{V'n} = max{(1— p)[(1—7)E(n(ay + b)) + 7 ln(c)] + pIn(b) +n}
= Infaln,r + 7l + 7
= In(ady, + 1) +In(r)+n

min{V°n} = min{max{In(y) + xIn(1 — a),In(b) + pIn(l — a) + x}}
= min{max{In(y),In(b) + x} + pIn(l — a)}

min {max {In(y),In(b) + x}} + In(1 — «)

In(b) + k1 + In(1 — )

In(ly) +1In(r) + k1 + In(1 — o)

v

n* > —In(aly, + ) +1In(ly) + k1 +1In(1 — )

One will never be a criminal for any n < n*.

B1.2 Number of Criminal Propensity Types

N, (zj.vgl I (In(ly) + #; > min {In (z)}))

N* = N
Ny (XX T (0 (1) = () + min {x}))

(16)

— N, x N, + N, (21 (In (1;) > In(l) + m))

The first term in (16) counts the total number of types who choose not to
be employed. Conditional on declining a job offer, these individuals’ decisions
will not vary with [. Any (n,,, k,) may fall into this group as long as the first
indicator function holds, which is always true given that x is always positive,
hence NNV, x N,.. The second term counts the number of types who will choose

between work and crime and hence whose decisions will not vary with «. The
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condition in the indicator function excludes types who will choose home over

work and hence are already included in the first term.

B1.3 Measure of Criminal Propensity Types

o ) Dralu, vazllpli[ (In(l;) <In(ly) + kyp) if T, = In(ly) + K, — 0,
" P, Di,, Zf\[:l pml (ln(ln) > In (ll) + Hi) if T, = ln(ln) = Ny

The first line is the measure of individuals with (7,,, ,,) who declined a job offer.
The second line is the measure of those with (7,,,(,) who prefer employment

over non-employment.

B2. Model Fit
B2.1 Outcomes By Individual Characteristics

Table B1 Outcomes By Individual Characteristics

Employment Rate (%) Earnings|Working ($)

Data Model Data Model
Less than HS 47.0 474 19,199 18,626
HS 73.8 74.3 31,128 30,110
Some College 77.0 7.7 35,398 33,914
BA and Above 85.2 85.8 65,245 62,635
Age<26 54.1 53.5 18,502 18,574
41<Age<bl 82.3 82.8 49,908 48,789
Age>50 71.4 72.4 49,951 47,848
Female 67.6 67.1 34,203 34,128
Black/Hispanic 68.9 68.6 31,454 31,969
1 Kid 75.1 76.5 44,936 41,552
Multiple Kids 71.1 72.0 48,430 44,259
1 Kid, Female 62.8 63.0 32,999 33,522
Multiple Kids, Female 53.7 52.9 31,064 36,922
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B2.2 Correlation between Crime Rates and Distribution of Edu-
cation Levels

Figure 1 shows the fit of crime rates conditional on the distribution of educa-
tional attainment within an MSA. For the first graph, MSA’s are ranked by the
fraction of people without a high school degree, and included cumulatively by
that rank. The average crime rate among the included MSA’s is plotted in the
first graph. The model predictions are all within the 95% confidence interval of
the data, but the fit is worse at the lower percentiles, i.e., when fewer MSA’s
are involved in the calculation. The next 3 graphs use similar methods to show
the fit for the relationship between crime rates and the fraction of each of the
other three education levels. The last figure shows the fit of crime rates among
MSA’s cumulatively included by their ranks in the mean education among their

citizens.*0

46We assign 10, 12, 14 and 17 years of schooling to the four education levels respectively,
and calculate the mean education of an MSA based on the discrete distribution of education
levels.
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Figure 1: Model Fit: Crime and Educational Distribution
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