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I Introduction

There appears to be wideé@read concern among policymekers today
g ‘ witﬁ the relationship between unemployment and crimesl‘ We see this
. | relationship, at least for property offenses, as a manisfestation of
a more fundamental question. Speclifically, what is the relationship
betweén;crime levels~and the pe¢uniary returns to legitimate and {i1-
legitimate activities? After al}; changes‘in employment opportunities
will usually alter the expected monetary returns from both legitimate
and illegitimate pursuits. Hence the concern about the effect of
Changeé iﬁ the uhemployment rates on property crime can be viewed as
& specific question‘about the effect of changes in monetary returns
"on crime levels. Similariy,éince changes in criminal Justice policy
variabless such as arrest rates, cqnviction réﬁes, and sentencing prac—‘
tibes, directly alter the expected monetary returns -from criminal en-

deavors, questions regarding the effectiveness of these policy instru-

P o B ‘lThe House Committee on the Judiciary's Subcommittee on Crime held
: ~ hearings on unemployment and crime in Washington during September and
October 1976, and in San Francisco and Los Angeles during December 1976.
#c_ - - - The Secrebary of Labor has a continuing interest in this area, and the
S o Law Enforcement Assistance Administration has recently expanded its
- research program to include the VERA Institute's investigation of the
-, relationship between unemployment and crime. ‘ '
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ments can also be interpreted as specific questions concerning the impact
of changes in monetary returns on crime levels.

While changes in employment opportunities and in the various criminal
Justice policy variables may have significantly different effects on
'monetaryrreturns, evalustiné their impact on the levels of specific prop-
erty crimes can be accomplished using a common framework. In order to
provide such a framework, the Center devoted considerable effort to the
construction and estimation of'sn econometric model relating expected
monetary returns, from both‘legitimate and illegitimate activities, to
the supply of labor and the level of property crime.2 This report sum-
marizes the major findings of that work and presents a number of applica-
tions of this model that should be of special interest to criminal jus-
tice policymekers. Included in the latter category are estimates of
the effect on the level of specific property crimes of changes in: 1) .
arrest rates, 2) prison sentences, and 3) unemployment rates.

The starting point for the formal modeling effort was the individual
household.3 Here it was assumed that the rétional decision maker was
faced with a more or less traditional time allocation problem. kIncome

could be generated by spending time in the legitimate lebor market and/or

2The theoretical framework used in- this report was devéloped by J.M.

Heineke under a grant from the Center. The estimated nodel that appears . .

“in this report was performed by the Center's research staff. For & dis-

cussion of the theoretical formulation, see J.M. Heineke, "The Supply of

Legal and Illegal Activity: An Econometric Model, " Technical Report ESCD-
1-78, Center for Econometric Studies of the nrlmlnal Justice System,
Hoover Institution, Stanford Unlver51ty, January 1978.

3See Heineke [1978] for a discussion of the choice model.
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by devoting time fo property crimes such as burglary, robbery or lar-
'ceny.h Expected returns were considered in all cases and hence the
"return" to a specific type of property crime was considered to be the
groés returd minus %he probability of capture,times the monetary equiv-
alent of the puiishment. The decision or the allocation 6f time to
the "generic" legitimate activity and to burglary, robbery and larceny
was then shown, -in general, to depend on all expected returns and in-
come, That is, the supply’of legitimate time as well as the time de-
voted to burglary, robbery and larceny depend, in general, not only on
ﬁheir own expected returns but also on the expected returns to all in-
. cOme producing’and timé consuming activities. Incorporating this poten-
Ptial‘interdependence inio the econometric model -allowed us to estimate
the degree of substitutability between the various income generating

options.

N ,_L,*We decided not to include a motor vehicle theft equation in this . _ .
. study because there is strong evidence indicating that many auto thefts
_are for "joy riding'.rather than pecuniary gain._ _Approximately 85% of ..

all auto thefts might be considered to be "consumption crimes! and not

4 jthefﬁproductionﬁcrimesﬂ.thatwaremiheﬁsubjecthof,this,papan&;wngwf )
N K : . H

S B VLR Gy A O B eV Nt G SO P 'J
gl el oo



=ho

II. A Note on the Econometric Model

The theoretical model used in this study required the estimation of
a system of four equations, one equation for each of the major property
crimes (burglary, robbery and larcény) and one equation for the supply
of legitimate effort. The actual system of market eQuations implied
by the theoretical choice model is shown in Appendix Table 1.5

Two general points about the equations are worth ﬁoting, First, the
specific, and somewhat complex, functional form of the equétions is dic-
_tated by the spproach taken in the mgdel,building stage.  The actual
économetric model used in this estimation was constructed by applying
modern duality theory‘to the supply of legitimate and illegitimate ac-
tivities. The specific funectional form of the supply equation~reflect§

the use of a transcendental logarithmic function to approximate the

household's objective or utility furnction. ‘Second, since the four. siip-

ply equations were derived directly from a model of rational choice
subject‘to a budget and time constraint, the equations‘havé been esti-
‘mated with all of the coefficient restrictions‘implied’ﬁy such a model |

imposed on the system.

' SThe specific inéome measures used in these equations result from -
the aggregation assumptions in the theoretical model and are discussed
in Heineke [19781]. ‘ v '

6 ‘ S e
See. Heineke for a discussion of these restrictions.



III. Dats

The data used to estimate the model involved observations on selected
SMSA's during the period 1966 to 1972. For the version of the estimated
model discussed in the text the sample size was 121.7 These observations
were drawn from a potential ssmple of several thousand observations. The
FBI data tapes used in this study contained some crime information on all
reporting agencies over the period 1966 to 1972. However, the require-
ments for relatively complete FBI coverage in any year, and the necessity.
to mate the crime data with other data sources, drastically reduced the
potential sample.

of fhe approximately 1,700 BMSA observations thgt we were able to de-
rive from the UCR data tape, only 910 were for SMSA's with populations
over 250,000. - Since detailed Census data is oniy available for large.
SHMSA's, only these ébservations were congidered candidates for inclusion
~-in our sample.. Unfortunately, UCR- data on arrest, clearances and conviec-
tion is quite sparse and only 141 of the observations on 1arge SMSA's
met our coverage criterion, i.e., a minimum of 50% of the population,
within an SMSA, ébvered by reported clearance and conviction data. Next,
’these obser#ations had to be’mated with sentence data, and"such détarwas
'availaﬁleffor only 132 oBseivatiOns. Ilfthese'observétions, the required -

earnings income and employment data we ultimately used in estimation was

7A list of the SMSA's by year of inclusion is given in Appendix Table
2 for this sample (Gross Returns 121) as well as for an alternative sam-
ple specification (Gross Returns 85). A discussion of the alternative
‘sample specification appears below. R o =



available for only 121 observations.

a. Crime Rates and Value Transferred Data

Crime rate data, as Was'mentibned above, was obtained from a tape con-
taining UCR crime data for all reporting agencies from 1966 to 1972. This
tape was prepared for us on special request by the Federal Buresu of In-
vestigation. Also taken from this tape were the figures for the total
value bf property stolen by type of property offenses: burglary; robbery,

9

and larceny. The UCR crime rate 1s, of course, based on crimes reported
to police and hence understates the true crime rate to the extent that
crimes are often not reported to the police.lo Value transferred data is
based on values reported or estimated by the various policy departments
involved in recording crimes. This Tigure will be biased upward both by

the purported tendency of victims to overvalue their losses and by the

tendency of victims to more frequently report crimes involving large

8Even in this small sample we had to use an average employment rate
for 16 observations, ‘

9Without the cooperation of the FBI this project could not have been . .
undertaken since only crime rate data is available in published form for
SMSA's. The value transferred data, as well as the clearance and convic-
tion data discussed below, is available for individual reporting agencies
only on FBI tapes. Since this estimation was performed we have been sup-
plied with UCR data tapes for 1973 to 1976. Copies of these FBI tapes
as well as a special data tape containing the SMSA data set used for thls

- study are available from the Center.

lebeeiereirinizaTansessaitrerasaningiiareess.

loThe proportlons of burglaries, robberies and,larcenles reported to”

the pollce are .53, hh and .43, respectively.
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losses then those involving small 1OSses."1
Using this crime rate and value of property transferred data, the

following dependent variables were constructed:

1) BSHARE = (BURTOT/CPOP)(RETBUR/DFLAT)
2) RSHARE = (ROBTOT/CPOP)(RETROB/DFLAT)
3) LRSHAR = (LARTOT/CPOP)(RETLAR/DFLAT)

where BURTOT/CPOP, ROBTOT/CPOP and LARTOT/CPOP are the usual per capita
. burglary, robbery, and larceny rates and RETBUR/DFLAT, RETROB/DFLAT and
RETLAR/DFLAT are the real or price adjusted gross returns ver burglary,
robbery and larceny.lgy The deflator in this case, DFLAT, adjusts for
both intercity and intertenporal variation. This was accomplished by
using published BLS data on intermediate budgets for a family of four
for the specific cities and time periods involved.13

The dependent variables, BSHARE, RSHARE ana LRSHAR, are interpreted
as the per 'c’api‘té ‘income” transterred By burglery, robbery and lar—

ceny, respectively. rhese are the criminal activity variables in this

“llFor a discussion of the relationship:between losses and reporting,
see Goldberg and Nold, "Vietimization and Reporting: A Microeconomic
Analysis of Deterrence," Center for Econometric Studies of the Criminal
Justice System, Hoover Institution, February 1978.

'lgThe precise definitions of RETBUR, RITROB and RETLAR appear in

the glossary.

;3DFLATij'= BUDJETij/92355 where BUDGETij is the intermediate for

city i in year j and 9235 is BUDGET for Albuguerque in 1966.
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model and each one is assumed {o depend on the net returns to burglary,
robbery, larceny; legitimate employment, wealth, and the distribution

of wealth.

b. Legitimate Earnings

In aédition to constructing variables measuring the supply of proper-
ty crimes, it was also necessary to construct a variable that measured
the supply of legitimate effort. The raw haterials for this variable
were obtained from BLS, Census and Internal Revenue Service publica-
tions.lh‘ Since Census income data was not available for individual SMSA's
on a yearly basis, we constructed estimates of annual per capita income
by using IRS data in conjunction with a 1969 Census benchmark for each
SMSZ. IRS income data was available biannually for each SMSA and an-— ‘

nually for every state. .This data was used té adjust'the Census bench-

mark by constructing the following index:
4) INDEX = (EXINC/IRSPEG)(ADJINC)

vhere EXINC is per capita income calculated biannually for each SMSA
from IRS data, IRSPEG is EXINC for 1969, and ADJINC is 1 in the years
that EXINC is available and equal to the annual change in per capita

IRS income for the state(s) in which the SMSA is located in the years

“that EXINC is’not available.

"thee the glossary for a listing of the data used in cdnstructing
this activity measure. ' ' ‘

&
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A measure of the supply of legitimate effort, LSHARE, was then éstimateq

by using the following formula:
5) LSHARE = (INDEX/DFLAT)(CENSUS)

where DFLAT is the same defldtor as was discussed above and CENSUS is per
>

capita Census income for a SMSA in 1969.1 As is clear from expression
(5), the dependent variable for the legitimate labor supply equation was
an internally constructed annual estimate of SMSA-specific per capita

Census income.

¢. The Net Returns to Burglary, Robbery and Larceny

The level of each criminal activity, BSHARE, RSHARE, and LRSHAR, as
well as the level of legitimate activity, LSHARE, depends on the expegted
net returns to the three property crimes; consequently we needed to pro-
duce estimates of these expected returns to implement the model. 1In
actually constructing estimates of the net returns to burglary, robbery
and larceny, we began with the UCR data on the value of property trans-
ferred. This data was obtained for each observation in our sample from
the FBI data tape. As we mentioned sbove, the recorded value of property
transferred will overstate the true value of property stoleq to the ex-
tent that individuals: 1) have a tendency to report a higﬁer proportion

B of crimes involving large losses, and 2) on balance, overestimate the

15Seé the appendix for details on the construction of CENSUS.
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_ value ef their property losses. Of course, since the value of property

transferred, except in the case of currency, is not the market value %o
the offender, even the true value of property stolen would overestimate
the real returns to the varicus activities.lG,

Adjusting this gross return to reflect the expected costs of punish-
ment proved to be ons of the most troublesome tasks in the empirical im-

plementation of this project. In general, the concept of net returns

that we used was simply:
R = GR - pFLOSS

where NR is the net return to the activity, GR the gross return br‘avh
erage value transferred, Pp the probability of failure, and LOSS the
monetary loss from punishment. While obtaining an estimate for GR was,
as discussed above, relatively straightforward, obtaining estimates f?r’
PF and LOSS proved very problematical.

Construgting Py as a product of the,probabilityvof arrest and the
probability of conviction, given arrest, turned out to be infeasible.
Arrest data was not available on a consistent basis and hence we had to
substitute clearances for arrest data. Next, although conviction data
was supposedly available for all of the observations in our 121 obser-

vations sample, it evidenced very erratic behavior and we felt it pru-

dent to estimate and use an average conviction probability over the

» ‘16No attempt was made to deflate returns for their market or "fence" .

value to the offender since there is an offsetting overstatement of
the expected punishment engendered by using UCR and not. victimization.
clearance rates. - v

LA : ) ; e R : o

v
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entire sample. Hehce we estimate the probability of failure in a
given SMSA by multiplying‘the SMSA'§ clearance rate times an average(
conviction rate. It should be recognized that even if this produced
an unbiased estiméte of the UCR failure rate, it would overestimate
the actual failure probébility facing an offender. This is the case
because a large number of crimes are never reported and thus the UCR
conviction rate seriously overétates‘the actual conviction rate.

Generating an estimate of the monetary value of imprisonment proved

even more troublesome. First, there were no National Prisoner Statis-

tics prison data on average time served by specific crime that could

be used for this sample. To compensate for this lack of punishment

data, we requested a special compilation of Uniform Parole Reports

date from the Netional Council on Crime and Delinguency's Research O0f-

fice.  After recelving individual releases from all of the states con-
cerned, we were able to obatin data on average time to release on pa-

role by crime, year and state for 39 states and the District of Col-

18, 19

umbia. These state figures were smoothed and extrapolated and

lTThe actual probabilities ranged from zero to nearly one. We felt
such disparities reflected different degrees of conscientiousness across
police departments in following cases through the court system.

18A list of these states is given in the appendix.

1QThe research staff at NCCD was extremely coopérative and the esti-
mates of time to parole could not have been obtained without their as—
sistence. ‘ . :
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then used as a proxy for time served in SMSA's within a given state.eo

We would have liked to add jail sentence informaiion, since many indi-
viduals convicted of these crimes are sentencéd to Jail. However, such
information is unavailable'for all but a few large SMSA's.

We used per capita IRS income data as & proxy for an offender's sac-

rificed earnings. Using this income variable, the annual monetary loss

from imprisonment, INCLOS, was derived as follows:
7) INCLOS = .37(.79ADJINC . EXINC - ,S5BUDGET)

where .37 is the factor that converts household to individusl loss, .79
the factor -that adjusts IRS income for non-wage income, and .5 the factor
that adjusts BUDGET to a subsistence expenditure level. The logic of
INCLOS is that it is intended as an estimate of the annual discretionary
or non-subsistence>loss imposed on an individual when he is imprisoned.
"~ Subsistence is. subtracted becanse this is provided in prison.

“Combining our ééﬁiﬁéféE“Bf;fﬂéwér5§§~§é£ﬁfhs:mfaiiﬁféwhfobéﬂfiities
and ldgé yielded an estimate of the net return based oh the calculation

below:

2OWe performed the calculation outlined below for each crime in each
state, and 117 wodels for extrapolation were developed in all. The number
of individuals released for a given crime in & given year varies by year.
Assvming that the variance for each mean sentence was inversely propor-
tional To the number of individuals released, we used generalized least
squares estimations to fit a time trend to the average prison sentences.
. We allowed up to second order terms to appear. Selecting a reasonable
regression, we predicted sentences for 1964 and 1965 and any other year
for which that state:showed no releases in the crime. We then took as
our average sentence a three year moving average of actual average sen-
tences, substituting predicted values when actual values w
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~13=
8) WBUR = RETBUR -~ CLRBUR - (.092) - INCLOS[1 - EXP(-.20 - AsB)]/.eo’

#here QBUR is the net return‘to burglary, RETBUR the gross retﬁrn, CLRBUR
the ciearance rate, .092 the estimated convicfion as charged rate, ASB

the average time served, .20 fhe discount rate,‘and EXP(.) the exponential‘
function. The'disc0unt,rate chosen represents‘the approximate market rate
for totally unsecured'consumer crediﬁ. Analogous calculations were per-
formed for robbery‘and larceny. The net returns to these activities are
referred to in the text as WROB and WLAR, respectively.

Usiﬁg the formulation of INCLOS in (7) and applying the calcﬁation pro-
cedure in (8) to the 121 observations that met our daté requirements re-
sﬁlted in an estimated negative expected net return for at least one crime
in 20 cases. The crime ﬁost often containing the negative ekpected return

was larceny. Burglary, on the other hand, did not have an estimated neg-

‘ativé expected rebturn for any si the observations.21 However,; since the

equations were estimated as a system even one negative expected return in -
an SMSA would force, us to drop the observation from the sample.
The ‘implications of eliminating sample points becauée an estimate of

at least one return was negative concerned us. An estimated negative ex—

‘ mected return indicates that the activity is not very.attractive relative

to othe; 1ncome generatlng act1v1t1es and we felt we might be 1051ng im-

portant informetion by omitting these observatlons. Our approach to this

21The expected return was negative for larceny in 13 observations and
negatlve for robbery in' 9 observatlons.
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iinvolw(ed using all 121 obServations‘and arbitrarily substituting & small
but positive.return ($1.00} for all of the estimated negative veturns. °°
As an alternative to thie‘arbitrary'"fixing" of negative returns, we also
estimated the model‘using‘only the 85 observatiohs with estimated,positive
i'eturﬁs for ail crimes and‘completey legal earnings informatio'n.‘ The dif-
ference between the 121 observations and the785 is that 20 are lost due

to at least one negative return and 16 lost if average unemployment,iates
are not used when actual ones are not available. The sample implied by

this restriction on the observations .is given in Table 2 of the appendix

under the title "Gross Returnsy85m"25

d. The Return to Legitimate Employment

Expected returns to legitimate activity were calculated by using SMSA-
- specific average hourly wages of production workers and an estimate of
. SMSA employment rza.tes.gl1L The calculations for expected leéal returus,

LEGW, was simply:

9) LEGW = (LEGALW/DFLAT) (NOLEMP/LFORCE)

22 Another approach to this problem of negative expected returns. would
be to use an approximation to the household's utility function that would
yield demand and supply functions that could be estimated using negatlve
returns. This would have resulted 1n a magor change 1n model specifica~
tion and was not attempted. : :

23Est1mates of ‘the coeff1c1ents of thls model as well as estlmates of
the elasticities discussed in the text are glven 1n iables 3, 6 7, d 9
In-the- appendlx. ~ -

2L

All data for thls calculqtlon were obtalned from,publlshed BLS sources.
The specific hourly wage used was the Average Hourly Wages of Production -
: or Nonsupervisory Workers on Private Nonagrchltural Pavrolls
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where LEGALW is the hourly wage, DFLAT the deflator, NOLEMP the number
of employees, and LFORCE the number of individuals in the labor force.

This estimate was used in the supply equations as an indicator of the

' expected return to all legitimate pursuits.

'e.‘Wealth Levels

In addipion to the‘returns to burglary, robbery, larceny, and legiti-
mate effort, the levels of various illegal and legal activities depend
on the individual's wealth level. Wheﬁ the individual supply equations
are aggregated the market supply equations will, as is shown in Table'l

of the appendix, depend on some measure of the distribution of wealth

in the population. Information on the actual distribution of wealth

was not available for the observations in this sample. As a surrogate

measure we used the income distribution implied by the biannual IRS in-

'comeydata. Actually included in the estimation of the supply equations

were the income variables EXINC and EXILNI.Q5

55 v , R : B
““EXILNI is the expected value of EXINC . LOG(EXINC). :See Heineke

[1978] for an explanation of why EXINC and EXILNI are included in the

aggregate supply functions. ‘ '
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- IV. BEmpirical Results

The primary purpose of thig research prOJect was to provide a framework
within which to address a.number of important policy issues. In order to
accomplish this, a consistent econometric model was developed for the sﬁp—
‘ply of selected legitimate ahd illegitimate income producing activitiesQ
This model was then estimated using the best available measures for the
observdble‘determihants of these activity levels: 1) expected net returns
to mejor income producing property crimes, 2) expected returns to a "rep-
resentative" or typical’legitimate,activity, and 3) the distribution of
wealth in the population. The results Of this estimation provide-enough
.information for us’to assess the likely qualitative and quantative efQ
fects, on pfoperty crime levels, of changes in nEtireturns. By using the
estimated effeets of changes in net returns? it is then pessible to di-
'rectly address several important policy issues. For example, we are able
to estimate the effect on.specific‘property crimes‘df ehanges'in the:

1) unemployment rate 2} clearance rate, and ?) averave tlme served

a. Net Return Elasticities
As we have previously pointed out, oneaof‘theduniQQe featﬁres cf‘ﬁhe"d”
model estimated in this study is that the level of each ad%kvity.depends d’
oﬁ the net returns to all ac*ivities. Spec1f1c ly, the ievel.of bur-‘
glary act1v1ty (BSHARE), robbery act1v1ty (RSHARE) larceny activity -

(LRSHAR), and legltlmate act1v1ty (LSHARE) all depend on the net returﬁs
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to burglary (WBUR), robbery (WROB), larceny (WLAR) and legitimate effort

(LEGW). The estimated relationships between the various activities and
net réturns are given in Table 3 of the appendix under the column heading
121 observations. Because of the complex functional form impiied by the

theoretical model, the individual coefficients in the equations for BSHARE,

“RSHARE, LRSHAR and LSHARE do not have avstraightforward interpretation.26

27

They can, however, by used to construct traditional elasticity measures.
In Table 1 we present all of the statistically significant direct and
cross supply elasticities for the four activities: burglary, robbery, lar-

ceny and legitimate work. Reading down a column, we have all of the sta-

‘tisticallyksignificant elasticities with respect to that return. For ex-

ample, reading down the column labeled "legal," we find that a one percent

increase in the expected wage leads to a .492 percent decrease in the aggre-

.gate burglary rate, and a .097 percent increase in legal earnings. Across

a row in the table we have presented all of the statistically significant.

elasticities with respect to that activity. Here, if we select the row

The results are presented in the appendix primarily to provide the
reader with some perspective on the "raw materials" used in deriving the
results presented in this paper.

,27In Appendix Table 4 we present two examples of how the coefficients

~are used to construct supply elasticities. The calculation for a direct

elasticity is displayed first: Specifically, we show the derivation of
the elasticity of the per capita burglary rate with respect to the net

~returns of burglary. This elasticity gives us a measure of the percentage

change in the per capita burglary offense level due to a one percent
change in the net returns to burglary. In the second calculation we show
the derivation of the cross elasticity between burglary and the return to

‘robbery (the percentage change in the burglary rate due to a one percent
,change in the return to robbery) : .

'




Activity

Burglary
Rdbbery
Larceny

Legal

~18<

Table -1

Direct and Cross Return Elasticities

121 Observations

Return
Burglary Robbery Larceny
594 » ]
] | .299‘ B
B ) - .lge
~-.0081 2 | 2

Legal

.897

Note: All coefficients are significant at the

1% level.
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. lebeled "legal," we find that a one percent increase in the net returns

to burglary leads to decrease of approximgtely .001% in legitimate work

and again a one percent increase in expected legal returns leads to a

.097 percént increase in legitimate earningse\.Reitefaxing,‘the main
k diagonal elements are the direct elasticities and the off diagonal ele-

.ments are all cross,elasticities of supply.28

All of the main diagonal elements in Table 1 are positive, indicating

that own nét,ex?ected returns and activity levels are positively relatéd.2

More significantly, all of the illegal activities are responsive to their
own expected net returns, with burglary being the most resnonsive and

‘larCeny the least reéponsive. We flnd that a 1% increase in the net ex-

pected returns to burglary induces about a .6% increase in the burglary

rate. For ‘the crimes of robbery and larceny, the induéed‘ghanges resul-
ting from a similar increase in their net expected‘feturns would be about
.3% and 51%, respectively. ’

The off diagonal elements'have an interesting pattern. We would ex-
pect all off diagoﬁal eélements to be zero Qf negative.- That is, an in-

crease in the expected returns to an activity would either leave another

'28Tab1e 5 in the appendix presents'the'completé set of estimated

-elasticities for thls version of the model and Table 6 contains the

same information for the 85 observatlons version.

91t should be noted that in the 85 observations version the direct
return elasticity for legitimate act1v1ty is not statistically signif-
1cant ' ‘

300 e e e o i e it e e+ e

~ALl of the. elast¢c1t1es .are evaluated at the means of the return

~and 1ncome varlables.
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‘act1v1ty unchanged or would lead to a decrease in the other activity.
This turns out to be the case, at least for the statlstlcallv s1gn1f1—
cross elasticities. What is surprising is the number of zero off diag~
onal elements. In this estimation we find no evidence of substitution
between crimés.3l There are nb statistically significent cross elas-—
.ticities between the varioué property crimes. In 6thervwords, we find
no evidence that a change in the netkexpected returns.to‘one major
property crime affects the level of activity in other major ﬁroPerty
crimes,  This has two rather straightforward and related implications:

1) Prévioué studies such as Ehrlich [1973] which include only

one illegal return, own return, in the offense equation appeér

to contain an adequate specification of the offense functions.

2) Policy implications can be deduced directly from knowledge
of direct return elasticities.
Tncreases in sanction probabilities and/or sanction levels for a spe-

cifiec property crime appear not to have sigﬁificant "spillover" effects.

Mo

“Hetice, GiF findings of positive direct réturn e18sticities For all major

crimes implies that a policy changé that decreases the net expected re-

31Using the 85 observations-sample results in estimates of the off

diagonal elements that are slightly different than those discussed
above. Specifically, several of these estimated cross elasticities
involving robbery are positive and significant. Complempntarlty
between crimes is not what we would expect in this context. It is
possible that this apparent relationship is a consequence of restric~-
ting the information on . low value observations by dropping these

sample points. See Appendix Table 6 for a complete listing of the -y
direct and Cross elasticities for thls sample spec1ficat10n.
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.’turns to one or all of these crimes will unambiguously reduce the pro-

perty crime rate.
The two statistically significant off diagonal elements in Table 1

involve the legitimate alternatives.32 We find that a 1% increase in

fthe expected returns to legitimate activity decreases the burglary rate

by sbout .5%. It is interesting to note that the supply of burglary

is almoét as resPQnsive’to changes in legal alternatives as it is to

changes in its own return. While thére is some symmetry:in ;ross ef-
fects, Burglary returns do influence the supply of legitimate effort;
the‘effect‘is, as one would suspéct, very small. ‘A 1% increase in the

net returns to burglary will reduce legitimate effort supplied by ap-

proximately .001%, and although it is esthetically pleasing to have

‘£&mmetry in Teble 1, this cross effect is of little practical signifi-

‘cance.

The fact that there is only one significant cross effect involving

- the expected legitimate return in Table 1 is not very surprising. The

guestion being asked here is limited. Essentially we are asking: what

is thé:effeCtvonfillegitimate activities of changing‘onlx the expecfed

" return to légitimate employment? Holding the net expected returns to

burglary, robbery and larceny constant amounts to ignoring the possible
effect of changes in the expected legal‘returns‘on_the Qpportunity cost

of imprisonment. Hence the effect on relative returns of a change in

321n the estimation of the model using 85 obServations, there is one

additional significant cross-effect involving the legitimate market.

" We find here that “there is a significant but extremely small negative

market"éffectJof'larceny‘retufns on the supply of legitimate effort. .
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. the expected legal returns is assumed %o operaté exclusively through

legél returns. It we were to allow, as we do below for employment cal-~
culation, changes in the expected legal wage to affect the opportunity
cost of imprisonment, we would automatically induce a cross effect of
legitimate returns‘ongall of thé property crimes.

The present treatment of changes in éxpected returns to legitimate
aétivity‘brings up an interesting’question. What should one considér
as the opportunity cost of impfisonment; aqd how should it béhave with
respect to changes in legal opportunities? If we assume that, at least
for the class of offenders, legitimate activity is usually "mixed" with

illegitimate income generating activity, then the use of the offender’'s

“expected legal income sets a lower bound to the income sacrificed by

being imprisoned. After all, if working full time paid better than
stealing, we would assume that most rational individuals would not be
engaged in any criminal activities. Moreover, changes in legitimate
opportunities that are considered "permanenﬁ" will increase the oppor-
tunity cost bf imprisonment for current offenders énd~non+offenders
alike and shéuld be accountedffdr in;assessihg the cross‘éffecté of any
3

chaﬁge in the expected return to legitimate activity.3 This calcula—’

tion is accomplished for the’specific case of unemployment effects in

a subseqUent section of this paper.

33Only in the case where the offender specializes in crime is it
possible for changes in the expected legal wage to leave the oppor-

tunity cost of imprisonment unaffected.
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b. Sanction Elasticities

Using the definitions of expected net returns to the illegitimate
activities (WBUR, WROB and WLAR) and the estimated direct return elas-
tiecities given in Table 1, we can calculate sanction elasticites for

these property c¢rimes. In Table 2 we present the clearance and punish-

ment elasticities for burglary, robbery and larceny. The clearance

elagticity gives us the percentage change in the specific crime raté
due to a 1% change in the clearance i‘ate.?’ljr

The estimated sanction elastivcities all have rather modest mag-
nitudes. For example, the largest sanction elasticity presented, the
elagticity of robbery with respect to clearances, has a magnitude of
approximately .15. Hence a 1% increase in the clearance probability
for robbery (a one percent change corresponds to four more actual
clearances given the mean number of robberies) reduces the robbery
rate, but only by .15%. The clearance elasticities are all rather
small relative to previbusly published estima.tes.35 Likevise, the
sentence or punishmenf elasticities, measuring the percentage change

in a specific crime rate due to a 1% change in the average sentence

31‘LI\Iote this is a 1% change in the clearance rate, not a 1 percentage
point change in the clearance rate. This latter change would repre-
sent about a 3.T% change in the mean clearance rate. Thus increasing

_the clearance rate for robbery from .28 (current value at the mean) to

.29 would reduce the robbery rate by .56%.

355ee Enrlich (1973).
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Table 2.

The Effect of Sanctions on Per Capita
Crime Rates: Elasticities of Clear?nce Probabllltles~
, and Average Sentences:

Deterence Clearance Average .
Variable Pr_obability2 Sentence?
Cr ime
-~ Burglary ~-.853 ~.042
(7.99) : (7.99)
Robbery ~.153 ~.1a1
(4.26) ) (4.26)
Larceny : , ~.068 ~.957
, (4.78) ’ (4.78)

Estlmates which appear in this table are based on the
@odel estimated with 121 observations.

The estimated coefficient divided by its estlmated standard
error appears in parenthesis. This test statistic should
be compared to the Standard Normal Density to determine
significance levels. Note that the values of the test
statistic are the same going across a row. This is because
‘the same estimated coefficient enter both calculations
with the differences caused by multiplication with the
_<nmean values of different independent variables. These
different mean levels cancel when the ratio is taken
to produce the test statistic.

T

L



. for that crime, are also small relative to previous estimates,

" ¢. Employment Elasticities

25~
36

The policy implications here are clear: Changing sanction probabilities
and/or levels will deter property crime, but the magnitude of the deterrent
effects is small. A drastic reduction in property crime rates is likely

to require substantial increases in expenditures for police, courts and

. prisons.

¥

57
)

Usiﬁg the elasticities‘in Table 1 and the definitions of the variables,
we havé calculated the elasticities of the various crime rafes to changes
in the employment rate. Specifically, we have calculated the percentage
change in each crime rate associated with a one percent change in the em-

ployment rate.37

This is, as we mentioned above, a special case of a
change in the expected returns to legitimate activity. The qualitative
results presented below apply equally to changes in the wage rate.

Three calculations are given for each criminél activity: In Table
3, the first column gives the percent chahge in the specific crime rate,
if we consider only the’effect of changes in the employmént rate on the
expecﬁed‘legal Wage; This is merely the estimated coefficient in column

four of Table 1. In columns two and three, we give the effect of a .one

percent change in the employment rate considering both its direct effect

3 See Ehrlich [1973] but note that he obtains statistically signifi-
cant results for only one of these property crimes.,

3Monis converts to about a .9 percentage point change in the current
unemployment rate. That is, & change from, say, 6% to 5.1% unemployment.

-
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Table 3

Blasticities of Per Capita

, 1, 2
Crime Rates: Changes in Employment

Crime Direct Direct Plus Direct Flus
Effect Own Return - Imputed Loss
Burglary ~.492 ~-.517 ~.746
(5.28) (5.59) (7.55)
Robbery —— ~.070 i ~.724
' (1.86) . (4.26)
Larceny : ——— -.032 -.324
‘ (1.98) (4.78)

Estimates which appear in this table are baseéd on the
quel,estimated with 121 observations. ,

nly effects which were judged significant at the ten
. percent level for Type One Error were used in these
calculations. Test statistic suitable for determining
the significance of the elasticities are presented
beneath each elasticity in parenthesis.

RN e
R T RN,
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‘suits, his alternative legal earnings would be a lower bound on the op-
“portunity cost from imprisonment, but changes in expected legal earnings
might have no effect on the "true" opportunity cost of imprisonment.

27

~on the expectéd legal wage and its indirect effect on the expected re-~

turne to criminal activity.38 For exgﬁ@ié, the entry for burglary in
colum two representé the effect on ﬁhe burglary rate of increases in
the expected wage considering both its direct effect (increasing the

gttractiveness of legitimate pursuits) and its indirect effect of low-

' ‘ering the expected returns to burglary by incressing the penalty if

caught. The difference between columns two and three is in the method
by which increases in expected returns are tranélated into opportunity
cost. Both versions, however, assume that the individual does not con-
sider thé change in employment opportunites to be transitory.  The
change in the employment rate is projected to be at leést as 1ong
lagting as the prison tefm and is hence ayrougﬁ’version of a "perma-~
nent" employment effect.

In column two, we agsume that the individual changes the.mone-
tary loss dué to imprisonment by the amount implied by the direét N
elasticity term for legitimate activity. (See Table 1.) Since this

elasticity term indicates that individuals respond to higher expected

wages by taking a significant portion of their increased incomé in leisure,

this caléulation yields a‘very modest increase in the opportunity cost of
imprisonment. Essentially, this calculation is based on a pure finaﬁcial

loss concept of the opportunity cost of imprisonment. While the effects

Of course, if the individual spent all of his time at illegsl pur-
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‘iﬁ,column two of changes in employment oéportunities on robbery and lar-
ceny are quite‘small, this tying of changes in legal opportunities to
the opportunity cost of imprisonment obviéusly introduces direct inter~
action between all legitimate and illegitima%e markets.

The elasticities in coluﬁn three are computed ﬁnder the assumptioﬁ
sthat the elasticity of income with respect to changes in expected re-
turns is unity. Here we are:using‘ﬁhe unitary elasticity assumption to
indicate the responsiveness of these crime rates to changes in "full in-
come" oppbrtunity costs. This approach prices changes in leisure at the
expected legitimate wage rate. Changes in the opportunity cost of im-
prisonment due to a change in expected legitimate returns then include
‘both the changes in direct pecuniary géturns and the chaﬁge in the valuev
of léisure. While this approach to changes in expected legal returns is
somevhat more comprehensive than our concept of INCLOS used in the estiF
mation, it does illustrate the power of a broader definition of the op-

portunity cost of imprisonment. All of the elasticities derived by using

~this concept indicate a moderate level of responsiveness of crime rates

to changes in‘the‘exPected net return to legitimate‘actiQity.
Summarizing our employment elasticity calcﬁlations,3ﬁe héve'seen,that
if changes in employment opportﬁnitiés ére‘considéred transitory then, -
at best, these%changesywill affect 6nly burglary and this crime lgve; |
only modéétly. On the other hand, if suchrchanges are éonsideréd per-

maneht; then*théy will affect all crimeirates., Here5;hOWever, the ef-

fect of changes in employment opportunities on;rbbbery andvlarceny’ratesk

. Will'be‘comparable to the effect on burglary dn1y if a "full income" con-

R
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* cept of income is considered.
B k vOne'policy implicetion of these results is immediéte. Programs de-
8ilgned to increase employment will ﬁave a significant potential for
decreasing all property crimes only if they affect the long term unem-
ployment rate. Short term programs designed to provide temporary em-
ployment are likely to disappoint their supporters in terms of théir

effect on property crimes.
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VI. Concluding Comments

The complex theoretical and empirical framevork reported in this
paper was designed to investigate ﬁhe relationships between property
crime rates and the returns to legitimate and illegitimate activity.
In the process of applying this framework we addressed‘four‘main fop—
ies: 1) the aegree to which property criﬁes are substitutes or comple-
ments to legal activity, 2) thé degree to which substitution take§
place among income generating crimes, 3) the effects of sanctions on
property crime rates, and h)’the effect of legal employment oppoftuﬁi—
ties on property crime rates.,

This research indicates that legal and income generatiﬁg»criminai
activities are either substitutes or in&épendent. The strongest sub-
stitutébility, measured with and without considering the effect of
legal returns on imﬁrisonment costs, iS‘béfween burglary and legal
activity. kWithout considering effects of legal opbortunities on imE
priéonment cdsts,'the other cross elasticities with respect to legal‘

‘returns are also negative, indicating SUbstitﬁtes, but are not sta-

tistically significant. Regarding the second topic, we find that il-

,legal;inegme'generating éctivitieé are iﬁdepéhdent; their levels gp—*
pear insensitive to the expected returns inkéther pfopértyiérimesi
The framework'adoptéd in this research prbved'paiticuiafly use-
»ful for,addressing these:twd questions since it:éxpliéiﬁly allows |
for compiementarity or substituﬁabilitykamong;activities, H@ﬁe#eré

our findings indicateyﬁhat; in the‘range'of‘variation'we observe, -

e
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approaches which focus on a single crime and legal activity would provide

a sufficiently rich framework to address the effect of returns on activ-

ities: In addition,,a consequence of the apparerit independence of in-
come generating criminal activities is that campaigns designed to sup-
press a specific type of crime by diminishing its expected retﬁrn‘willl
hdt generally~héve the perverse effect of inéreasing other propérty
crime rates.

On the third topic, results which are generally consonant with pre-
vious findings emerge. We have found a deterrent effect to the séﬁc-
tions ¢f clearance and prison sentences. These effects, at least at
the sanction levels represented in this éample, were modest. So mo-
dést, in fact, that it appears as if very substantial expenditures of
resources would be required to orchestrate a significant decline in
property crime rates{

| Finelly, property crime rates are found to be modefately respon-
sive to permanent changes in employment opportunities,‘ﬁith crime

commission decreasing when there is a perceived permanent increase in

the employment rate. Of course, the ability of policymakers, at

leést at an aggregate level, to ;ignificantly increase the employ-
ment rafe is subject to some debéte. In generai, while we haverfound
fhatfproperty crime rates are moderately sensitive to netfreturnsv
they appear to respond~only very mé@estly to ‘policy instruments éfé

fecting net returns.’




.
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GLOSSARY OF VARIABLES

(Note : "LN" used as a prefix 1nd1cates that the log of the variable is
being used. It should also alert the reader that the variable may have
been deflated and/or transformed. Reference to the attached varlable
definltlons should resolve -any amblgulty )

ADJINC: Index of year to year changes of average per caplta
taxable income for a glvién state.

ASB: Average sentence for burglary for.a specific state and
year.  Calculated from Uniform Parole Reports.

ASL: _ Average sentence for larceny for a specific state and
year. Calculated from Uniform Parole Reports.

ASR: Average sentence for robbery for a specific state and
year. Calculated from Uniform Parole Reports.

AVHRW: Average hours worked in the manufacturing sector in a
given SMSA and year.

BSHARE: Per capita income generated from burglary. A dependent
variable,
BUDGET: Intermediate budget for a family of four in an SMSA
for a given year.
BURTOT: Total number of burglaries reported to the FBI in an
. SMSA for a given year.
CPOP: Population by SMSA and year that is covered by FBI
’ reports.,
CLRBUR: Probability of a burglary being cleared in a given

year and SMSA.

.~ CLRLAR: Prdbability of & larceny being cleared in a given
o year and SMSA. ; g ,

CLRROB: Probability of a robbery being cleared in a given
year and SMSA. X o :

DFLAT: Deflator based on BUDGET whlch uses Albuquerque,
o 1966 (9235) as its base.
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EXILNI: A measure of income dispersion caiculated from IRS tax returns.
, It is the expected value of EXINC . LOG{EXINC).

EXINC: Average per capita income calculated from IRS returns in each
SMSA. Available every other year. Used in comblnatlon w1th
ADJINC to produce a per capita income series.

FCINC: Tncome in 1969 by SMSA per earning age female.
FCPOP: Earning age female population in 1969 by SMSA.
INCLOS: "Disecretionary" income per yeasr of an average individual in

an SMSA by year.

IRSPEG: Per capita income based on IRS figures for the SMSA in 1969.
' Used to produce an adjustment factor when used in combination
with EXINC and ADJINC. '

LARTOT: Total number of-larcenies reported‘to the FBI,
LEGAIW: ‘Hourly wage in menufacturing for a éiven SMSA and year.r
LFORCE: Labor force (employed plus those seeklng work) in an SMSA
for a given year.
ILRSHAR: Perkcapita income generated from larceny. A dependent variable.
LSHARE: Per capita income generated frem all legal activities., A

dependent varlable

MCINC: Earning age male per capita income‘in 1969 by SMSA.
MCPOP: Population of earning age males in 1969 by SMSA.
NOLEMP: Number of employees for a given SMSA and year.
POP: Population by SMSA in 1969.
RETBUR:‘Y Gross average return per burglary by SMSA and year. Tagen;£;
from UCR reports. | A
RETLARf ‘Gross average return per larceny by'SMSA andyear. Taken“ \%emg%

from UCR reports.

’RETROB: Gross average return per robbery by SMSA and year. Taken
‘ from UCR reports. - . ‘
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" REILNI:
REXINC:
RSHARE:

ROBTOT:

WBUR:

WLAR:

WROB ¢

~3h-

Deflated EXILNI.

DeflafedkEXINC.

Per capita income generated from robbery. A dependent
Total number of robberies reported to the FBI.
Expected netkreturn to burglary by SMSA and year.
Expected net return to 1arceny‘by SMSA and year./

Expected net return to robbery by SMSA and year.

variable.
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CONSTRUCTION OF VARIABLES

DFLAT = BUDGET/9235

INCLOS= (.79*ADJINC*EXINC~.5*BUDGET) *. 37
WROB=RETROB-CLRROB*.167502* INCLOS* (1~EXP (-.20*ASR) ) /.20
WBUR=RETBUR~-CLRBUR*. {818 78* INCLOS* (1-EXP(-.20*ASB))/.20
'WLAR=RETLAR-CLRLAR*.282221*INCLOS* (1~EXP (~.208%ASL) ) /.20

LNLEGW=LOG (LEGALW*NOLEMP/ (LFORCE*DFLAT) )

LNWROB=LOG (WROB/DFLAT)

LNWBUR=LOG (WBUR/DFLAT)

| LNWLAR=LOG (WLAR/DFLAT)

REXINC=EXINC/DFLAT

REILNI=EXILNI/DFLAT-REXINC*LOG (DFLAT)

RSHARE=ROBTOT*RETROB/ (CPOP*DFLAT)

BSHARE=BURTOT*RETBUR/ (CPOP*DFLAT)

LRSHAR=LARTOT*RETLAR/ (CPOP*DFLAT) _
LSHARE=EXINC*ADJINC*(MCPOP*MCINC+FCPOP*FCINC)/(IRSPEG*POP*D?LAT)~

CENSUS= (MCPOP*MCINC+FCPOP*FCINC) /POP

NOTE: THE FUNCTION EXP(.) IS EXPONENTIATION.




APPENDIX TABLE 1

SYSTEM OF ESTIMATED EQUATIONS

EQUATICN t:

BSHARE = 1/D % [-(A1 + BETA11%¥LNWBUR + BETA21%LNWROB + BETA3{XLNWLAR + BETA41XLNLEGW)XREXINC = PI{¥REILNI].

EQUATION 2:
RSHARE = 1/D % [-(A2 + BETA21%LNWBUR + BETA22¥LNWROB + BETA32XLNWLAR + BETAG2¥LNLEGW)X¥REXINC - PI2XREILNIJ.

EQUATION 3:
LRSHARE = 1/D % [-(A3 + BETA31XLNWBUR + BETASZ*LNNROB + BETA33XLNWLAR + BETA43XLNLEGW)IXREXINC - PI3I¥REILNI].

EQUATION
LSHARE = 1/D X [-CAG + BETAGIXLNWBUR + BETA42XLNWROB - BETAG3¥LNWLAR + BETAG4XLNLEGW)¥REXINC ~ PI4XREILNII.

WHERE D = -1 = PTI®LNWBUR - PI2%LNWROHE - PI3®¥LNWLAR - PI4XLNLEGW,
BETA11 = - BETA21 ~ BETA31 - BETA4! -~ GAMMIT - PI1,
BETA22 = -~ BETA2% - BETA32 - BETA42 - GAMM21 =~ PI2,
BETA33 = - BETA31 - BETA32 - BETA43 -~ GAMM3Y - P13,
BETA44 = - BETA41 - BETA42 ~ BETA43 -

GAMM4! - PIL4,



APPENDIX TABLE 2

DESCRIPTION OF SAMPLE USED IN MODEL ESTIMATION

=-LE~

SMSA (Number) 1966 1967 - 1968 1969 1970 1971 1972 Total 85 Total 121
Akron (9) - - B B B B B 5 5
Albuquerque (23) B B B B B B B : 7 T
Boston (105) - - B - - - . 1 1
Buffalo (12k) - - B - - - - 1 1
Cincimmati (165) - ~ - - X X - 0 2
_Cleveland (170) B B B B B B - 6 6
Columbus (188) X X B X X B X 2 7
Ft. wayné (289) X X X X - B B 2 6
Fresno (299) - - - - - B - 1 1
Grand Rapids (317) B B B B - B - ; 5 5
Indianapolis (372) B B - L - - - - 2 2
Jackson (381) X X X X B B B 3 7
Kansas City (Lok) B B B B B B - 6 6
Loﬁisville (483) - -~ TS B - - - 1 1

B: Sample point included in both Gross Return 85 and Gross Retirn 121 versions of the model.

X: Sample point included in only the Gross,Return 121 version of the model.



SMSA (Number)
Madison {506)
Miemi (529)
Mi}waukee (538)
Neshville (570)
Newpért News (602)
New York (607)
Norfolk (611)
Omaha (634)
Philadelphia (657)
Phoenix (662)
‘Rockford (736)

San Diego (T7T)
South Bend (828)
Syracuse (869)
Tucson (906)

Wichita (956)

1966
X

B.

1967

=

1968

x

1969

X

1970

X

1971

1972

X

Total 85

Total 121

0

1

ny

=R

[@]

85

B: Sample p01nt 1ncluded in both Gross Return 85 and Gross Return 121 ver81ons of the model.

X: Sample p01nt 1ncluded in only the Gross Return 121 vers1on of the model.,

B3



Explanatory
~Variables:

Al
BETAZ21
BETA31
BETA41
GAMM11
PIl
PI2

P13
P14

A2
BETA32
BETA42
GAMM21 -
A3
BETA43
GAMM31
A4
GAMM41

DEPENDENT VARIABLES:

BSHARE
RSHARE
LRSHAR

LSHARE

12

Coeffici

.432
.768
~2.659

. 409

.260
~.030
.363

76.98

.g4g
lg18
“alg4

~. 050

~1.766

~.289

~.440
3578.2

R~SQUARED

.407

.145
©.149
.417

"Appendix Table 3

Estimated»Paramete:s:

1 OBSERVATIONS
ent Test Coefficient
- Statistic o
.597 .264
.812 .269
~2.778 ~4.313
.398 ~.110
. 1.386 ~.879
~1.468 .38
2.821 . .754
1.727 122.544
.58 ~2.751
.659 .073
~.313 .228
~.139 ~.818
~1.136 ~7.876
~.441 ~1.126
"'635 - "v767‘
7.916 3353.62
~2.580 ~421.847
STANDARD ERROR ,
OF REGRESSION MEAN R-SQUARED
1.124 2.42 .572
.388 .34 .453
.772 2.13 .323
54J.28 3647.47 .458

1

85 OBSERVATIONS

Test
Statistic

-~ =~5.964
- 4.176
1.613
- ~4.313
~-.897
3.969
.981
4.605
2.288
~4.685
1.968
1.295
~3.952
~3.629
~1.524
~.927
6.591
~1.834

STANDARD ERROR

OF REGRESSION
.985
.171

.728

238.09

e s e g B B gl Bk S s B e LA B Y S Y —-.—.-—---cn—--—...-n—-««e-«—n-—.-««n«.u——--—u-...”-.—w--——.—--.—.u-.-—.-—-n;-«.—-.--.-—-—.-..-..-.—-.-.:.--—m—u—..—.p—.-—-

coefficients have been

multiplied by

1@ ﬂﬁﬂ to facxlltate presentatlon. o
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vAppendix Table 4
“

Typical'Eiasticity

Calculation:

"BETALl/ (( Al + BETA11*#5.12 + BETA21*4.29 + BETA31%3.31 +

'BETA41*%.952) + PI1*73816.3/7691.7) + PI1/DENOM,

- ETA21

BETA21/(( A2 + BETA21*5.,12 + BETA22%4.29 + BETA32%3.31 +

BETA42%,952) + PI2*%73816.3/7691.7) + PI1/DENOM,

Where DENOM
' BETAll
BETA22

o

~1 =~ PIL*LNWBUR -~ PIZ*LNWROB -~ PI3*LNWLAR - PI4*LNLEGW,
-~ BETA21 -~ BETA31 ~ BETA41 -~ GAMM11l -~ PI1,
~ BETA2]l -~ BETA32 -~ BETA42 -~ GAMM21 -~ PI2.

The means at which the elasticities are evaluated have been
substituted in the expressions. Those mean values are:

MEAN
MEAN
MEAN
MEAN
MEAN
.MEAN

RN

OF
OF
OF
OF
OF
OF

LNWBUR : 5,12
LNWROB : 4,29
LNWLAR: 3.31
LNLEGW: 7.952
REXINC: 7691.70

REILNI: 73816.2




- ETAll

ETA21

ETA31

ETA41

ETA22

ETA32

"ETA42

ETA33
ETA43
ETAL2
ETAL3
ETAL4
ETA23

ETA24

ETA34

ETA44

41—
. Appendix Table 5
Estimated Direct and Cross Elasticities

121 OBSERVATIONS

Estimated
Coefficient
.594
.871
024
- -.000
.299
.086
~.080
.190
~. 000
.010
.021
~.492
.939
~.240
-.111
07

1

s
Statistic
7.99
.60
.811
-2.86
4,26

~5.28

PN e B e S T S S B A G PR D A S B S S T S B ST ey AP S e TGS ST B D B T s SR S S Sy B S T S S ST e S e VN B SR ey R S T S SR S B G Db W S e

lExamples of the formulae used to

can be found in Appendix Table 4.
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AppendiX‘Table 6

; SR LT Estimated bi:ec;ﬂand Cross Elasticities’
. | 85 ORSERVATIONS
~ Estimated | T
Coefficient ‘ Statistic
ETALL . .873 | 9.24
ETA21 | | .568 4.06
BTA3l | - 892 1.61
ETA4L -.001 - ~4.61
 BTA22 | .466 7.18
v Em3z | | 025 ' 1.96
Q,j ETA42 o0 1.16
ETA33 .272 ' 5.71
ETA43 | ~.000 ~1.95
ETAL2 | . .o76 - 412
ETA13 .78 |  1.60
ETAL4 f . -.667 | ~8.74
ETA23 i .156 s - 1.96
EBTA24 2 .479 e - 1l.26
BTA34 -39 -ls7
ﬂ; ,'ETA44 S j . .052 : L 1;a5k
L ’"E;;;};I;ZSE“}ZS;"ESZ;E;ZZ;;S"EZ"ZQIZZI;EZEE;;Z;I;;ZIZIZI;"s'
e can be found in Appendlx Table 4.
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Appendix Table 7

Direct and Cross Return Elasticities

85 Observations

Return

Bdrglary Robbery Larceny Legal
‘Acﬁiviﬁy | ’
‘Burglary .873 076 | g ~.667
Robbery .568 .466 .156% g |
Larceny v | .B25% : .272 ’ e
Legal ~.001 v ~.000% | »

Note: A "*" peans the coefficieht‘is éignifiéant

at the 5% level. All other coefficients
are significant ‘at the 1% level. -
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Appendix Table 8
wlasticities of Per Capita

Crime Rates: Changes in Employment!?

Crime Direct Direct Plus Direct Plus
Effect? Own Return Imputed Loss
Burglary C =.667 ~.667 ~1.064
(8.74) (8.74) (11.2)
Robbery ——— e . ~1.13
: (7.18)
Larceny | —_—— —-——- ~1.28
‘ (4.79)

lgstimates which appear in this table are based on the
@odel estimated with 85 observations.

Only effects which were judged significant at the ten
percent level for Type One Error were used in these.
calculations. Test statistic suitable for determining

. the significance of the elasticities are presented
- beneath each elasticity in parenthesis.
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Appendix Table 9

The Effect of Sanctions on Per Capita
Crime Rates: Elasticities of Clearance Probabilities
and Average Sentences?

-Deterence Clearance Average
Variable® Probability Sentence
Crime ' S T
Burglary ~.278 ~.062
(9.24) (9.24)
_Robbery ~.238 ~-.158
(7.18) 0 {7.18)
Larceny ~-.186 ~.154
(5.71) . (5.71)

lEstimates which appear in this table are based on the
model estimated with 85 observations.

The estimated coefficient divided by its estimated standard
error appears in parenthesis. This test statigtic should

be compared to the Standard Normal Density to determine
significance levels. Note that the values of the test ,
statistic are the same going across a row. This is because

"the same estimated coefficient enter both calculations

with the differences caused by multiplication with the
mean values of different independent variables. These
different mean levels cancel when the ratio is taken
to produce the test statistic.
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Appendix Table 10

STATES INCLUDED IN NCCD
TIME TO RELEASE DATA

1967-197h

Alabams, Nebraska
Arizons Nevada
Arkansas New Mexico
California New York
Connectiecut North Carolina
Delaware North Dakota

District of Columbisa

Ohio

Florida Oregon
Georgia Pennsylvania
Idaho Rhode Island
Illinois South Carolina
Indians South Dakota
Towa Tennessee
Kansas Texas
Kentucky Utah

~-Maine Vermont
Massachusetts Virginia
Michigan West Virginia

. Mississippi Wisconsin
Missouri Wyoming

i
3
i
i






