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On the Feasibility of ~
Identifying the

Crime Functionin a
Simultaneous Model of
Crime Rates and

Sanction Levels

FRANKLIN M. FISHER and DANIEL NAGIN

I. INTRODUCTION

In recent years, considerable social science research' activity ha§ bgen
directed toward empirically estimating the deterrent impact of cnmlpal
sanctions. With few exceptions, the analyses have four}d a negative
and often statistically significant association between crime rates and
sanction measures such as clearance rates,’ interpr.etablle asa measure
of probability of apprehension given crime; the ra}t.lo of uppnspnments
to crimes, interpretable as a measure of probability of 1mprlsor}ment
given crime; and time served in prisoq, a measure of severity of
punishment given imprisonment (e.g., Gibbs 1968; Ehrlich 1973; and
joquist 1973). ) .
. V?lhile thesz negative associations are consistent with th-e hypothesis
that deterrence exists at a measurable level, several reviews (Green-

i i is Professor of Economics, Department of Economics, M:_as-
::::llennsMI'ns?t?::rot{ “Technology. and Daniel Nagin is Assistan_t Professor of Policy
Sciences. Institute of Policy Sciences and Public Affairs, Duke University.

NOTE: Contributions by Daniel Nagin were partially supported by PHS research grz}m
no. 1 RO1 MH 28437-01 from the National Institute of Mental Health, Center for Studies
of Crime and Delinquency.

\The clearance rate is the proportion of reported crimes that are eventually “solved.” In
general, crimes are solved by the arrest of a suspect.

361

We

MRS

g

PERTICIENE R

4
g
i
]

DA AN

S A N e

Ty

RPN PR A T

362 COMMISSIONED PAPERS
berg 1977; Gibbs 1975; and Nagin, in this volume) have questioned
these results on several grounds. The key issues raised by Nagin are:

1. The processes underlying the generation of data on crimes and

sanctions offer alternative explanations for the observed inverse asso-
ciation betweep crime and sanctions. Variations, either across jurisdic-
tions or over time, in police practices in the recording of offenses re-
ported to them by the public or in the subsequent unfounding? of re-
corded offenses may in themselves generate an inverse association
t?etween published crime rates and any sanction variable using pub-
lished _counts of crime in its denominator (e.g., clearance rate, prison
co_mmltments per crime). Jurisdictions that record fewer r:eported
crimes and/or unfound more recorded crimes will tend to have lower
crime rates and higher measures of such sanction rates. Overt manipu-
lation of clegarance and crime reports will serve to generate an even
laxjger negative association between crime rates and the clearance rate.
High f:learance rates and low crime rates are used as indicators of an
e_ffectlve police department. Police departments may use their discre-
tion not to record or to unfound a reported offense to manipulate reduc-
tions in published crime rates. Concurrently, by offering suspects le-
.rueincy if they admit to previously unsolved crimes, the police can also
inflate clea:_ance rates. The negative association between clearance
rates 'anfi crime rates may simply reflect the varying intensity across
Jun§d1f:tlons with which such practices occur.

Similarly, 'the observed inverse association between prison commit-
mentg per crime and the crime rate may also be a reflection of the plea
Pargaln}ng process. Plea bargaining will have the effect of understating
in publlsped statistics the actual number of prison commitments for
more serious offenses because the commitments will be recorded for a
less serious offense (e.g., assault charges may be disposed of as disor-
derly conduct). If plea bargaining is more prevalent in judicial systems
that are overgrowded by increased crime, an inverse association be-
tween commitments per reported crime (a measure of probability of
imprisonment) and crime rates will be induced that is not a reflection of
deterrence.

2. The inverse association between crime and sanctions also re-

2An oﬁ'ens.e is said to be “‘unfounded"’ when (a) circumstances following the report show
that no crime actually occurred (e.g., a reported theft is in fact a case of misplaced
property) or (b) there is good reason to believe that no crime occurred (e.g., it is sus-
pected that an offense is reported merely to implicate another individual in wrongdoing).
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flects, at least ir part, incapacitation effects rather than deterrent ef-
fects. In places where the probability of imprisonment is larger and/or
time served is longer, a greater proportion of the criminal population
will be incarcerated, ceteris paribus. The crime rate ‘wiil thereby be
reduced by physically restraining a greater proportion, of the criminal
element from committing crimes.

3. Motivated by a belief that crimes and sanctions mutually affect
one another, many recent analyses have postulated .j«iimultaneous Sys-
tems in which crime is presumed to affect sanctions and sanctions are
presumed to affect crime. To separate empirically the mutual effects, a
priori restrictions must be imposed on the behavior of the system.
These restrictions have taken the form of selectively excluding signifi-
cant exogenous variables from one equation in the system while includ-
ing them in one or more of the other equations in the system. The
restrictions are made on the assumption that a variable fias a direct
causal effect on the dependent variable in the equation in which it is
included but has no direct effect on the dependent variable in the
equation from which it is excluded. If these exchisions are seriously in
error, then the estimated coefficients are as unsuitable for inferring the
effect of sanctions on crime as those estimated by nonsimultaneous
estimation procedures. The restrictions used to identify the crime-
generating function are often implausible, consequently raising serious
doubts as to the interpretability of the estimatsd parameters.

The purpose of this paper is to pursue tlie identification problem
raised in (3) by addressing the question of whether it is possible to
identify and estimate the deterrent effects of sanctions under a main-
tained hypothesis that crimes and sanctions mutually affect one
another.

When two factors x and y are simultaneously related, a regression of
y onx and x ony cannot tell us the magnitizde of the respective effects
of x ony and y on x, since their mutual effects on each other will be
confounded in both of the respective regression coefficients. For
example, one cannot estimate the causal effect of price, P, on quantity
demanded, gy, by simply regressing g, or. P because P also affects the
quantity supplied, g5, which in equilibriumn equals g;. Statistical proce-
dures exist that provide methods for identifying and estimating the
mutual effects of simultaneously related variables provided certain
conditions are satisfied. It can be shown, however, that if those condi-
tions are not satisfied, then there is no way the eff2cts can be esti-
mated. Before discussing these methods, we shall first discuss the
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tions affect crime.

Economists have argued that for a given level of resources devoted
to the criminal justice system (cJs), increased crime rates saturate the
resources of the ¢Js. The effect of the over-utilization of crs resources
Is a reduction in the level of sanctions delivered per crime, S. Specifi-
cally,. if we define a relationship S = A(C,E) that defines S as a functibn
of crime rate, C, and c1s resources, E, then the resource saturation
hypothesis would predict that 42/6C < 0 and Sh/3E > 0.

‘A specific example of the resource saturation hypothesis is a pre-
dicted negative effect of crime rate on the clearance rate, holding E
constant.. Although the police will clear more crimes in absolute terms
when crime rates increase, the percentage cleared (i.e., the clearance
rate) will decrease (Figure 1).

’I_’he resource saturation hypothesis is explored in analyses done by
Avio and Clark (1974), Carr-Hill and Stern (1973), and Ehrlich ( 1973)'.
In each of these analyses the structural equation defining sanction level
showed a negative and significant association of crime rate with the
dependent variable, sanction level. However, because of problems re-
lated to identification of the sanction functions (in addition to those
related to the identification of the crime function), their results indicat-

ing a negative effect of crime on sanctions must be regarded as tenta-
tive.

reasons for believing that crime affects sanctions as well as that sanc-

CRIMES CLEARED

CLEARANCE RATE

CRIME RATE (C) CRIME RATE (C)
FIGURE 1 Relationship between number of crimes cleared and clearance rate per crime

for a fixed level of resources under the assumption of decreasing marginal productivity
for police resources.
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Blumstein and Cohen (1973) and Blumstein et al. (1976) have offered
still another reason for believing that crime rates will negatively affect
sanctions. They have hypothesized that society is willing to deliver
only a limited amount of punishment. As crime rates increase, a rela-
tively constant level of punishment is maintained by adjusting the
standards defining criminal behavior, reducing the probability of sanc-
tions being imposed or the severity of sanctions imposed or all of these.
This might involve a general reduction in sanctions in response to an
overall increase in crime or a more selective response that is limited to
specific crimes. While Blumstein, Cohen, and Nagin have provided
empirical support for the ‘‘limits on punishment’’ hypothesis, their
results are also tentative and require further investigation.

Both the ‘‘resource saturation’’ and ‘‘limits on punishment’’ hypoth-
eses predict a negative effect of crime on sanctions. Some have argued
the plausibility of increased crime rates causing a toughening of sanc-
tions. This hypothesis is raised, for example, by Forst® and Avio and
Clark (1974). Empirical evidence supporting this position is scant.*
Avio and Clark (1974) observed a positive association between crime
rate and sentence length. The enactment of the New York Repeat
Offender Law and the Massachusetts Gun Law also support the
“toughening’’ position.®

The possibility of simultaneity between crime and sanctions, no mat-
ter what its cause, raises serious obstacles to empirical analysis and
requires that simultaneous estimation be used to estimate the deterrent
impact of sanctions in the simultaneous association of crime and sanc-
tions. The separation of the two effects cannot be achieved unless a
priori assumptions about the specific nature of the simultaneous rela-
tionship are invoked. These assumptions, which are called “‘identifica-

tion restrictions,”” are the keystone of simultaneous equation estima-

tion, for data alone are not sufficient for estimating the structural
parameters of a simultaneous system ‘‘no matter how extensive and

complete those observations may be’”’ (Fisher 1966, p. 2).

In the next section, the identification problem will be discussed and
its basic role in simultaneous equation estimation illustrated.

IPrivate communication.

sHowever, to the extent that identification problems arise, empirical evidence either way
must be viewed with caution.

sWhile this evidence is consistent with the *‘toughening” hypothesis, in each case the
sanction pertains either to sentences or to statutory definition. It is not clear that these
official declarations materially alter the level of sanctions actually detivered (e.g., actual
time served). If criminals react primarily to cues on actual sanctions, then the “‘toughen-
ing’’ hypothesis would require evidence of & positive effect of crime on actual sanctions.
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II. THE IDENTIFICATION PROBLEM

Simulit. imati
regres ;gio'i:cf;lssmumon procedures were developed because classical
cations in 4 simqu lteas are inadequate for estimating the structural
% and o are cimuita neous system: In particular, when two variable
chown belom tauch r:,eopsgy determined as indicated by the system (1§
Simple regression of ariables are referred to as endogeneous), then a
ettt £ 5 e ¥y on x, will generate a biased and incor;sistentG
Tkewss o reéressi g:r:):;neter deﬁr}mg the direct effect of x, on y,, and
estimate of o th X, ony, w1.ll generate a biased and incons'i’st

» the parameter defining the direct effect of y, on x,: o

y=a +bx,+€t (la)

X, =c + dy; + u, (1b)

The res i i i
e Structgf;txl:’:r:;gl::ssxobn coefficients are not consistent estimates of
and el parame Se:lr)sl and d because the mutual interaction of x
stochastic disturbe?nces, : ;roxdaisurg?ng;at e'it};'ler e Spendent of the{
stochasti . R € influences y,, and si '
puenc ls.e;;,e ;;; ;:re:nc:}ot be the case that x, and ¢, are uncone?:;a.l
ot op - regression of ¥y on x, will confoupd the effect of x, on y, with
, On Y, will not produce a consistent estimate of .7 '

8An estimator is sai i if i
o estim ]muitiiael]c; tc;}:z T:r:rlrs‘tlent if its probability limit exists and is the true parame
, ilar to saying that with i o .
parameter can't i milar with a sufficiently lar,
e esumated with high probability with any desiredypre<§:icszv:m/’1re1 leh:-'

timator !hat 1§ Inco y
nsistent will also, general b tase T converse often not the
IS s B il y D€ b sed. he nve 18

"The re i i i
spective covariances of x, with g and y, with u, can be shown to be:

!
Ore = l__—bd' [da'ez + o'ut]

_
Oy = l—bd [ho'u2 + quc]

where:

o = covariance of x, and ¢
Oy« = covariance of y, and u,
of = variance of ¢
al = variance of 4,
0w = covariance of 4, and ¢,

Since o = 0
re = 0and g, = i
dice et eszin:gzes gfz;)re r;specnvely.necfessary conditions for regression to pro-
and d, regression is an inappropriate estimation technique,
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Indeed, in the present case, not only will ordinary regression .tech-
niques produce inconsistent parameter estimates, but no consistent
estimator of those parameters exists. There is no consistent way to

imate them-from the data. The problem can be seen in Figure 2

St !
. nts of equations (la) and

which presents the non-stochastic compone
(1b). '
Because x, and y, mutually affect one another, we will observe c?nly a
single equilibrium point (xe.Y0)- (If the stochastic terms were intrc-
duced, then the equilibrium points would be scattered abput [xo,y?].)
This single equilibrium point does not provide sufficient information
for estimating either of the two equations, (1a) and (1b), that produced
it. For example, the equilibrium (x,,y,) could just as well have been
generated by the system shown in Figure 3.

Indeed, there are an infinite number of such systems that ;ould have
ed (x,,y,). There is no way to use the data to distinguish Fhe true
system from the others. Algebraically, this amount_s to observmg that
any linear combination of equations (la) and (1b) wx!l p_roduce an iden-
tical equilibrium (x,,y,). There is no way of distinguishing the true (1a)

or (1b) from any such linear combination.

generat

xt=c+dyt

Yt
Yol
|
l ye=at bx,
' FIGURE 2 A simplified model of a
o simultaneous relationship between
t two variables.

FIGURE 3 Example of an alternative
system that generates the same equi-
librium point as shown in Figure 2.
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Nevertheless, estimating structural equations involving simuly
n?ously related variables is often possible.® Under certain condit‘u lé-
discussed below, simultaneous estimation procedures do rolS'r:;‘
methods for consistently estimating the true structural equati:ns 1;1 .
gen_erated the observed associations among the simultaneously rejat ad‘
van'fibles: However, the true system must satisfy these conditio e‘f
tl}e identification problem just exemplified is to be avoided and con
sistent estimation is to be possible. o
. The necessary conditions for estimating the true structural equatio
involve the imposition of a priori assumptions about the behavior of t}?\
system. Most commonly, these take the form of assuming that va :
ablt.es whose values are determined outside the system (“exogenotrjl.
van.ables“) or values of endogenous variables determined in pri %
periods (*‘predetermined variables™) directly affect one or more o? tlr?f
.endo_genogs variables but not all of them. Sucit restrictions aid in thL
identification of the structural equation from which the ‘exogenous .
predetermined variable is excluded. The exclusion of a variable f;o(r)r:
one or more equations, however, does not aid in the identification of
the stfuctural equations that do include that variable.

Tq lllustraye how such exclusions can identify a structural equation
.co.nsxde.r again system (1). As the system is specified, neither equatior;
is |d.ent.1ﬁed and neither can be estimated consistently by any method
::&; ég:i.xcate;it;arlicg, the impossibility of estimating the system is z;
e 1on of there being an infini i
penerate (oo g infinite set of equation systems that could

Suppose, however, that an exogenous variable, T, is suspected to

have an effect on y,, but is known t
o have no effect onx,. Eq. (1
then be re-specified as: - B4 (18) could

Ye=a +bx, +le+5r (1a")

Additignally, assume for concreteness that f<0s
In Flgure 4, the non-stochastic component of (1a’) is presented as a
function of x, for three different values of T,. Consistent with the as-

sumption that f < 0, Figure 4 shows that for any given value of x,, v, is
smaller for larger values of T, b .

P .
Ordma.ry least squares regression, however, remains inconsistent even though consis-

tent estimators exist.

0 : .

lAn assumption _off > (?WOlll]d do just as well; an assumption, however, of f = 0 would
eave both equations unidentified as before.

——q\mq
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/ ye=atbx, +fTy

e

ye=atbx,+fTqy

\

Ye
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T1>Ta> T3

Xt
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longer be identified.?
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WIf f is nearly equal to zero. then (1b) is &
movement in the equilibrium over variation:
practice to estimate (1b).
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s ye=atbx, +fTy

ye=a+bx,+fTy

Yt
Ye=a+bx,+ 1Ty

Ty>Ty>T3

.

FIGURE 4 y; as a function of x; and
Xt an exogenous variable, T}.

In Figure 5, eq. (1b) is superimposed on (1a’) for the different values
of T,. The three points where (la’) and (1b) intersect indicate the
equilibrium values of x, and y, for the three different values of T.

If these three equilibrium points were observed and connected, then
the structural equation (1b) for x, would be uniquely determined. Note,
however, that (1a’), the structural equation for y,, is still not identified;
no variables included in (1b) are excluded from (1a’).

The fact that (1a’) is not identified can be seen in Figure 6, where an
alternative set of structures for y, would generate identical equilibrium
values of x;, and y,. Again, there are an infinite number of versions of
(1a") that would generate the observed equilibria; however, there is

1y a single version of {1b), the true one, that could do so.

It is important to stress, however, that the identification of (1b) is
predicated on f, the coefficient of T, being different from zero. If f
were equal to zero, the situation would revert to that in Figure 2; a
single equilibrium point (x,, y,) would be observed; and (1b) would no
longer be identified.!?

T3

Y3 tm———

4] _..____.i_

4
t 2

FIGURE 5 The identifying role of an

= ¢ +d . N . .
L.t fererave exogenous variable, T, in a simplified
3 o*2ox model of a simultaneous relationship
xt between two variables.

191f £ is nearly equal to zero. then (1b) is still identified but there will be very little
movement in the equilibrium over variations in T,. Thus, it may be very difficult in
practice to estirnate (1b).
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| 4c ) SR,

Ve Y2 f—em e — .x
AT St N N, l

\ xp=c+dy, FIGURE 6 An alternative set of Y

PR functions that generates the same
x, equilibrium points as shown in
Figure 5.

When more than two variables simultaneously affect one another
the conditions for identification become somewhat more complicateci
(see Fisher 1966). Before outlining these conditions, a simplified mode]
of the simultaneous relationship between crime and clearance rates will
be examined to illustrate the importance of proper identification for
making correct causal inferences.

Suppose, in system (1), x, is the clearance rate in period ¢, and y, is
the crime rate in period 7. Also, suppose that unbeknownst to us,
clearance rates do not in fact affect crime rate (i.e., b = 0), but in-
creased crime rates do decrease clearance rates (i.e.,d < 0). Under the
assumption of b = 0, a graphical characterization of the unobserved
(and as was shown unidentifiable) system is given in Figure 7.

Suppose, however, that the average sentence in period ¢, T,, does
affect crime rates, with longer sentences reducing the crime rate. Thus,
the augmented specification of the crime rate equation would be as in
equation (la’), which is repeated below:

Ye=a +bx;+fT,+¢ (1a")

The presumed effect of 7, on ¥, is illustrated in Figure 8.

CRIME RATE (y,)

FIGURE 7 A simplified model of the
relationship between crimes and sanc-
tions in which sanctions do not affect
crimes but crimes do affect sanctions.
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FIGURE 8 The crime rate as a func-

tion of the clearance rate and the

CLEARANCE RATE (x,) average sentence (7).

In Figure 9, the clearance rate function is superimposed on the crime
functions in Figure 8. As was shown previously, the clearance rate
function is now identified. By connecting the observed intersections in
Figure 9, the exact specification for the clearance rate function can be
determined. The crime function, however, remains unidentified and it
will remain unknown and unknowable to us that, indeed, higher clear-
ance rates do not deter crime.

Suppose, however, it were arbitrarily assumed that sentence, T,,
affected clearance rates and not crime rates. Then the mechanics of
simultaneous estimation would have allowed an equation for the crime
rate to be estimated. That equation, however, would be identical to the
one obtained by drawing a line through the equilibrium values of x, and
yi. Thus, the estimated relation would actually be the relationship de-
scribing the effect of crime rate on clearance rates and not clearance
rate on crime rates, and so would be comipletely wrong. In this case, we
would conclude that clearance rates have a deterrent effect on crime
when in fact they have none.

The very real possibility of making erroneous causal inferences when
a model is identified through erroneous assumptions underscores the
point that identification is not a minor technical point of estimation. If
an equation is not identified, one cannot estimate it. If one tries to do so
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x FIGURE 9 The ider.tifying role of
°© xp=c+dy, average sentence (T%) in a simplified

model of the relationship between
crime and sanctions.
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using false restrictions to identify the equation, one can draw com-
pletely erroneous conclusions from the estimated relationship.

' It is thus essential that when exclusion restrictions are used for iden-
tification, the restrictions must be carefully justified on the g priori
grounds that the excluded variables do not directly affect the value of
the 'endogenous variable on the left side of the equation from which
they are excluded. If a variable is excluded from an equation merely to
fgcilitate estimation, then the coefficient estimates will remain incon-
sistent and thus unsuitable for inference about the behavior of the
system. Moreover, identifying restrictions must be assumed g Driori
apd the nature of the problem is such that restrictions needed to iden.
tify can never be tested using data generated by the model under inves-
tigation, 1!

In analyzing the mutual association of crime and sanctions, the pos-
sibilit‘y of making erroneous causal inferences about the causal effect of
sanctions on crime is particularly high. Since there are good reasons for
believing that crime has a negative causal effect on sanctions, we
wguld expect to observe a negative association in the data between
crime and sanctions even if sanctions do not deter crime. Such negative
associations are well documented in the deterrence literature (e.g.,
Ehrlich 1973; Sjoquist 1973; Tittle 1969). Having observed the negative
association, we are left with the delicate problem of determining the
gxtent to which it is produced by the negative deterrent effect of sanc-
tions on crime as opposed to the negative effect of crime on sanctions
(if the latter effect is indeed negative).12

In view of the importance of the identification problem, we shall
review some of the restrictions that have been used by some authors to

identify the crime functions so that the validity of their findings on the
deterrent effect of sanctions can be put into perspective. When evaluat-
ing the validity of such restrictions, one should keep in mind that
crime-function restrictions presume that the variables involved affect
either sanctions, police expenditures per capita (a variable commonly
hypothesized to be simultaneously related to crime), or other endogen-
ous variables included in the model, but do not directly affect the crime
rate itself.

Ehrlich (1973) identified his crime function by excluding from it (but

including elsewhere in his model) the following variables:

”ngever, other data generated in other ways (by experiment, for example) can be so
used, :

12 4 . « . .
I.ndeed,‘ ina complf:x model, such an observed negative association could occur even if
neither direct effect is negative because of relations among the disturbance terms.
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The crime rate lagged one period

Police expenditures per capita lagged one period
Unemployment rate of civilian males aged 35-39
Percent of males aged 14-24 '

. Percent of popuiation living in SMsAs

. Males per female

. A southern regional variable

. Mean years of schooling of population over age 25
. Total population.!?

- R A N =

In Carr-Hill and Stern (1973), the crime function is identified by
excluding:

. Total population ~
. Proportion of reported crimes that are violent
. A measure of the proportion of the population that is middie class.

W D

Avio and Clarke (1974) estimate a model in which crime rates, clear-
ance rates, and police expenditures per capita are simultaneously de-
termined. The crime function is identified by excluding:

Population density

The total population

Police expenditures lagged one period

. Motor vehicle registration per capita lagged one period
. Crimes against persons lagged one period.

[ R o e

In all these papers, identification of the crime function relies on the
exclusion of socioeconomic variables (sEs) and lagged endogenous
variables from the crime function. It is difficult to imagine any plausible
argument for the exclusion of the SEs variables. Intercorrelation among
these ses and demographic correlates of crime makes it difficult to
determine which among them do have a causal association with crime,
but it is simply not plausible to assume that such sEs variables do not
have a direct effect on crime, while also assuming that each does di-
rectly affect either sanctions or police expenditures per capita.'*

1]n his Ph.D. dissertation, Ehrlich (1970) estimated a crime function that includes the
above unemployment, age, and education variables and found a negative and generally
significant association between crime rate and sanctions. This crime function was iden-
tified in part by the exclusion of the remaining variables listed above, a different but still
apparently arbitrary set of identification restrictions.

“Indeed, Ehrlich’s own theoretical model specifies that unemployment in particular
does have such an effect.
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Further, two of the analyses also use the exclusion of lagged en.
dogenous variables to identify the crime function. For the estimation
procradures employed, the use of such restrictions to identify rests
cx:umally upon an assumption of no serial correlation in the stochastic
disturbance terms in the equations, because these estimation proce-
d}xres treat lagged endogenous variables as uncorrelated with current
dxsturbapces. If current and lagged disturbances are correlated, this
assumption cannot be true. (This point will be discussed in greater
detail below.) While methods exist to handle serial correlation, the
ana:lyses discussed do not use such methods. There are cogent reasons
wh!ch will also be discussed, for believing (a) the assumption of nc;
s.ena.] correlation to be incorrect and (b) there is positive serial correla-
tion in the disturbances for the type of data used in these analyses.

Assur.ning that crime and sanctions are simultaneously related, our

conclusion is that it is most unlikely that the authors mentioned have
successfully identified and consistently estimated the deterrent effect
of sanctions. Consequently, one can have little confidence that the
e§timated sanctions coefficients are consistent. Moreover, the mag-
mtudp p'f the inconsistency seems likely to be substantial since the
restrictions used to identify seem unlikely to be even approximately
correct (see Fisher 1961). Consequently, the resulting parameter esti-
mates cannot be used for causal interpretation.
. A c;rucial question is then: Can the crime function ever plausibly be
u':lenuﬁed, i.e., can we ever hope to find variables that influence sanc-
trons but have no direct effect on crimes? This question, which is the
central topic of this paper, is the focus of the next section. The question
qf the feasibility of identifying the crime function requires an apprecia-
tion of some more generalized identification concepts. Thus, before we
turn to the topic of feasibility, we shall develop these concepts.

III. SOME MORE GENERALIZED IDENTIFICATION
CONCEPTS

The prior discussion has focused on the requirements for identifying
the structural equations in a system where only two variables are si-
multaneously related. We shall now generalize to a situation where M
variables simultaneously affect one another.

Suppose we specify the interrelationship of the M variables by:

Y s e
o RS Ay R
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Yy =apys +apyst ... + Gyy + bixy
+ b12x2 +...+ bl‘va + €

Y2 = anYy; + Yz + . . .+ GupYy + buxy

+ baaXet+ . . .+ boyxy + € 2
Vi = Ay + Yt . o o F Gum-Yu-1 T banXy .
+ ngxg + .. .‘+ bMNxN + €
where:
y; = the it" endogenous variable ( =1, . . . , M)

ay = the coefficient defining the magnitude of the direct
(*‘causal’’) effect of y, ony;
x; = the j* non-endogenous variable (j =1,...,N)
by = the coefficient defining the magnitude of the j*®, non-
endogenous variable’s direct effect ony;
¢; = the stochastic component of the /™ structural equation.

As was shown previcusly, when variables are simultaneously re- -

lated, the empirical observations of the system’s behavior, no matter
how well measured or extensive they may be, are not sufficient for
consistently estimating the structural relationships. Consider the first
structural equation in system (2). Estimation of the relationship would
require generating M — 1 + N parameter estitnates. However, the
limits of empirica’ information are such that only N independent pieces
of information can be obtained “from the data to estimate the
N + M - 1 parameters of this equation. This corresponds to the fact
that only the N non-endogenous variables, thg x;, can be varied inde-
pendently. The M endogenous variables, the y;. are determined (except
for stochastic effects) once the x; ar¢ set. If there were no stochastic
effects, we could think of performinlg experiments (or having nature
perform them for us) by setiing the vhlues of the x; and observing the
effect on the y;. There would be, howeler, only N independent ways of
setting the N non-endogenous x;, and further experiments would be
redundant. .

In the stochastic case, the corresponding fact is that we are entitled
to assume (at most) that each of the N non-endogenous x; is uncorrel-
ated with the disturbances, ¢, and in particular with the disturbance
from the first equation, €. The y; cannot be so uncorrelated.
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If M = 1 so that there were no simultaneity, then these N zero
COI‘!:&IBIIOI‘IS would suffice to allow the consistent estimation of the first
(and on}y) equation by ordinary regression. In that case, only exogen-
ous variables worild appear on the right side of that equation and the N
zero correlations would satisfy the necessary conditions for ordinary
regression to generate a consistent estimator—namely, that the regres-
sors be uncorrelated with the disturbance. Where M > 1 and there is
simultaneity, these N zero correlations are not enough to recover the
M — 1 + N parameters of the first equation.

Another way of putting it is to say that analysis of the data can at
most only tell us about the full effects (direct and indirect) of the x; on
the y; (fmm the “‘reduced form™ in which the equations are solvedjfor
the y; qnly in terms of the x; and ). The direct effects of the x;onthey;
(the 5} and the direct effects of the yi on each other (the a;;) cannot be'
r§cov4ereq from the data without at least M —1 additional independent
piece:s of information for each equation.!s Such additional information
ml:.?:’t come from outside, a priori considerations. ¢

¥ be sntuat.ion is completely isomorphic to the logical impossibility of
firiding a unique solution to a system of linear equationsin M + N -]
lznknpwns, when only N independent equations are available. A unique

1splutlon can only be obtained if M — | additional independent equa-
tlons., cpmparable to our restrictions, are imposed. The identification
restrictions in simultaneous equation estimation provide the M — |
gddltlonal restrictions that sufficiently augment the empirical informa-
tion to allow the estimation of the structural equation.

The M — 1 additional equations in the system of linear equations in
M+ N - 1 annowns are as important in specifying z unique solution
as t'he N original equations. Similarly, the identification restrictions are
as important in the determination of the coefficients as the observa-
tional information.

The ad<-iitional M — 1 restrictions can be (but need not be) generated
by assummg.that M — 1 of the parameters in the equation are zero. The
M — 1 restrictions could be generated if we assumed a,, = 0 (f =
2, ..., M), which is to assume that y, is not simultaneously related to
any of the othery;’s. Since the x;’s are assumed to be uncorrelated with
el,'the coefficients of the first equation could then be consistently
estimated by ordinary least squares.

Suppose, however, that we conclude that priori considerations
allow us only to assume that (M — 1) — k, where 0 <k <M — 1, of the

9 ary n | on. l T
Ihlq 1S 3 necess: but not Suﬂlcle t COIldlth 1 ’()l Idell“ilca"
( ) n ora fu" dlsCUSSK)H

'%See Fisher (1966) for a complete discussion.
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a,;'s are zero. We must still estimate k + N parameters, which can still not
be done using only the N pieces of empirical information available.'?
The additional & pieces of information can be generated if a priori
considerations would allow us to assume plausibly that k of the N
non-endogenous x; do not enter the first equation but do enter one or
more of the other equations (i.e., k of the b,; = 0 but b;; # 0 for some
# 1). By assuming that k of the b,; are zero, it becomes unnecessary to
estimate them. Thus the N pieces of empirical information can be used
to estimate the remaining N parameters consistently. It must be em-
phasized, however, that the remaining N parameters will only be con-
sistently estimated if the a priori considerations that led to the assump-
tions that M — 1 — k of the ay’s and k of the b,;’s were zero are cor-
rect.'® Thus, any empirical conclusicn hinges critically on the validity
of those a priori premises.

When only M — 1 restrictions can be imposed and the equation in
question is identified, it is said to be *“‘just identified.’’ This terminology
derives from the fact that if we can generate only M — 2 restrictions,
then the equation will not be: identified (i.e., unidentified). Being short
only a single restriction means that there exists more than one, and in
general an infinite number of equations that are consistent with the
data. All such equations are observationally equivalent to e true one.
Thus, it must be remembered that from the perspective of the existence
of a consistent estimator, one is no better off having M — 2 restrictions
than zero restrictions. In either case, no consistent estimator will exist
and no causal inference can be made about the equation fory,. In some
of the models to be examined in the next section, this point will return
to haunt us.

Sometimes it is also possible to generate more than M — 1 restric-
tions and to identify the equation in more than one way. In such in-
stances, the equation is said to be ‘‘over-identified’ and, since we have
more than N pieces of information to estimate less than )V parameters,
estimation, of course, remains possible.

Before turning to the next section on the feasibility of identifying the
crime function, several important points must be made. In order of
importance, they are: First, if an equation is just identified, then the
restrictions used to identify it cannot be tested with the data being
analyzed. The untestability of the restrictions follows from the fact that
a model cannot even be estimated unless we assume they are true;

'In the earlier discussion. M = 2 and k = 0; thus, we needed only one identification
restriction.

18Fjsher (1961) shows that \l1¢ magritude of the inconsistency in parameter estirnates is
directly related to the degrue of “*carrectness’ of the identification restrictions.
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[e.g., the clearance rate’s specification (1b) cannot be estimated unles
we assume th?t T, does not enter (1b). Since we cannot estimate (ib) 1;
T, does enter it, then we cannot test whether it should enter (1b).]

A related point follows when a model is over-identified, that is .when

there are alternative ways to just-identify it. One can estima,te the
model under a variety of subsets of just-identifying restrictions, with
faach of th.e resulting model estimates being contingent upon the ,valid-
ity .ot: the just-identifying subset used. If one has little or no faith in the
validity of any one of the subsets, then even if one gets the same results
under each subset (for example, sanctions do not deter crime), then
one cannot conclude that those results are valid. o
‘ Segor}d, any additional restrictions beyond a set of M — 1 just-
identifying ones can be tested. Those tests are, however contini,rent
up.on.the vahd.ity of the M — 1 just-identifying restrictions’. If one has
fal.th in th_e yahdity of these M ~ 1 restrictions, then one can have faith
in thg Yahdlty of the empirical tests of the additional over-identifyin
_restn_ctxpns. But, if one has little faith in the validity of the jusf
identifying restrictions, one can have only little faith in the validity of
the test of the remaining restrictions. One implication of this point is
that if one generates a set of over-identifying restrictions—but in this
set.tlfere: does not exist a subset of just-identifying restrictions whose
validity is unquestionable (or nearly so)—one cannot gain a valid test
of the set of restrictions by exhaustively testing each restriction under
the assumption that the remaining ones are correct.?

IV. ON THE FEASIBILITY OF IDENTIFYI
PN NG THE CRIME

In‘thls sectif)n, we shall examine the central issue of this paper: Can the
crime funcpon be plausibly identified? We shall proceed by first exam-
‘ining 'the simplest model in which a single crime type and sanction type
are sgmultaneously related. Several categories of just-identifying re-
stngtlons, none of which are mutuaily exclusive, will be analyzed for
thelr_ strengths " and weaknesses. The single-crime-type, single-
sanction-type model overly simplifies the real phenomenon of multiple
crime types and multiple sanction types. However, to date no analyses
have :attemptcd to estimate models in which more than one crime and
sanction type are simultaneously related. More important for our pur-

10 . . .
There do exist methods for testing an entire set of over-identifying restrictions symmet-

pcally; however', such tests are not very strong as indications of which restrictions are
incorrect. See Fisher (1966, Chapter 6).
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poses, such simple models will serve to highlight the strengths and
weaknesses of some different categories of just-identifying restrictions.
These points will remain valid in analyzing more complex models.

We shall then consider the more complex but more realistic models
in which (a) a single crime type is simultaneously related to multiple
sanction types and (b) multiple crime types and a single sanction type
are simultaneously related. We shall not consider under a separate
heading the most complex model in which multiple crime and sanction
types are simultaneously related because the problematic feasibility of
identifying such a model will become clear from the discussion of the
preceding two model types. The principal focus of our discussion will
be the identification of simultaneous models. The mutual association of
crime and sanctions may, however, occur with time lags rather than
simultaneously. In the Appendix we shall point out the difficulties with
results based upon path models, which are a specific class of lagged
models, and then discuss the difficuities likely to be encountered in
estimating more general classes of lagged models.

None of the models that will be discussed will explicitly include sEs
variables. While sEs variables should indeed be inciuded in a specifica-
tion of the crime function, we do not envisage the exclusion of ses
variables being plausibly used as identification restrictions. Such ex-
clusions would have to be predicated upon a priori considerations that
allow one to assume that the excluded sgs factor directly affects some
other endogenous variable in the system but not crime. Currently we
simply do not have a sufficiently well-developed and validated theory
of the socioeconomic factors affecting crime and sanctions plausibly to
assume that some SEs factor can be excluded from the crime-generating
model but included elsewhere in the system. Some new insight in this
regard would, of course, be very useful.

The absence of explicit consideration of sgs effects should not be
interpreted as indicating that we believe these effects to be inconse-
quential; their effects are undoubtedly substantial, but the mechanism
of their operation is simply not understood well enough plausibly to
employ SES variables as identification restrictions. Thus, our discus-
sion omits SEs variables only for expositional convenience. Most med-
els would include such variables, at least in the crime function. How-
ever, it is the exclusion of such variables from the crime function (but
not from other equations) that would aid identification.??

2Naturally, no model is likely to iriclude all relevant sgs variables. Omitted sgs effects
become part of the disturbance terms. We shall later discuss at length the behavior of
omitted SEs factors on these stochastic components of the model since appropriate speci-
fication of such behavior is crucial to making consistent estimates of the param-
eters,
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A, SINGLE-CRIME-TYPE, SINGLE-SANCTION MODELS

1. Models Using Expenditures as an Identifyving Omitted Variable
Suppose we specify the following model:

Ce=f(5) + ¢

S = h(C,, E) + e

where:

S(S,) and h(C,, E,) are linear functjons?!

C; = crime rate in ¢

§; = sanctions per crime in ¢

E; = criminal .justice system (cJs) expenditures in ¢

€ = stochastic error (f = 1,2) whose properties are to be discussed.

]

In tl}is model, which is also characterized b
10, C, is determined by S,,and §
Qas expenditures variable, E,,

. d by the flow chart in Figure
¢ 1s determined jointly by C;and E,. The
. enters the equation for S, under th

theory that increased resources devoted to the crs, as meastured by E :

will decrease the resource saturation i .
. effect of any given lev i
Ci(i.e., Oh/6E, > 0). As noted e e G mime.

arlier, the resource saturatio i
. n theory is
one of the primary theories u i i T
nderlying simultaneous mod i
and sanctions. els of crimes

.In this sy§tem, there are two endogenous variables, C, and §,. The
crime equation includes one right-side endogenous variable, § .'.Esii-
fnatlon of eq. (3a) will thus require that one identification rest’ricrtion be
;r;lepvczzid. [th.thin Atlhe czontext of the identification rules laid out in the

§ section = icti
Pentity oo (3a),3 and therefore we need M ~ 1 = 1 restriction to
. In thxs.system, E, is not included in the crime function. This exclu-
sion, \yhlch can be used to provide the necessary single identifying
restnctlop to estimate eq. (3a), is predicated upon the theory that E,
affect.s crime only insofar as it affects the capability of the cJs to deliver
sanctions. For sanctions delivered by the courts (e.g., conviction, im-

*In this analysis, we assume for sim
the sanctions function can ajd in id
form of the nonlinearity and sure t
equation, Such precise informatio
tainly not so in this case. (See Fis

plicity that all functions are linear. Nonlinearities in
entification, but only if one is sure of the functional
hat similar nonlinearities are not present in the crime
n on functional forms is seldom available and is cer-
her, 1966, Chapter 5, for extended discussion.)
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FIGURE 10 Diagram of model using expenditures as an identifying
variable. The possibility that Cz.q, E¢-1, and other variables affect
expenditures at ¢ but are owmitted from the crime equation does not
aid in the identification of the latter. This is because these variables
do not appear anywhere in the sanctions-crime loop and have no
effect captured beyond takiig expenditure- as exogenous to that
loop. Another way of putting it is that the omission of such vari-
ables from the crime equation does not help to distinguish it from
the sanctions equation since the variables do not appear in that
equation eidher.

prisonment) or regulated by corrections (e.g., time served in prison),
such an assumption seems reasonable. However, if E, is police expend-
itures and S, is defined as the clearance rate, then the assumption that
E, has no direct effect on C; is suspect.

The level of police expenditures is likely to influence the visibility of
police, since in two identical communities, the one with greater ex-
penditures is likely to have a larger police force. Police visibility may
have an independent deterrent effect beyond S;, where S, is measured
by clearance rate, because the potential criminal’s perception of ap-
prehension probability (which is the ‘“true’’ measure of S, we are seek-
ing when S, refers to police-delivered sanctions) undoubtedly derives
from multiple cues from his environment. A potential criminal cannot
observe the actual apprehension probability, but rather can only meas-
ure it roughly. One such measure is the frequency with which he and
fellow criminals with whom he has contact experience apprehension.
Perhaps this frequency can be approximated by the clearance rate. The
criminal’s perception of apprehension probability, however, does not
have to be based solely upon these undoubtedly inaccurate frequency
estimates. He is likely, in making his estimate of apprehension proba-
bility, to react to additional cues from the environment—such as the
intensity of the police presence.

To the extent that police visibility provides an independent cue of
apprehension probability and thus acts as an independent direct deter-
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rent distinct from the indirect effect of an increased police presence on
clea.rance.rates and hence on crime, then E, should appear directly in
th§ equation for C,. Such an appearance, however, would leave the
crime function unidentified.

Putting such considerations aside and presuming the exclusion of E
frqm the cr@me equation to be valid, that exclusion will identify the(
crime equation if either of the following statements is true:

1.. Expenditures are fully exogenous. To assume that E, is exogen-
ous is to assume that neither C; nor §, in the current period or in prior
penod.s ?ffects E,. An assumption of exogeneity seems untenable be-
cause it is likely that the level of crime affects the level of expenditures
at l.egst across jurisdictions and probably over time. The observed‘
positive gssociation between police expenditures per capita and crime
rate provides some evidence for the likelihood of such an effect (see
for example, McPheters and Strong 1975). '

2. Expenditures are influenced only by lagged crime rates and are
therefore predetermined, although not fully exogenous. This s=ems
more rfeasonable than does full exogeneity. Due to the governi ~
bud_getmg cycle, the level of E, is specified before the beginnir, .
Penod t. That level, although probably influenced by the crime rat; is
influemced by rates in prior periods, for example, C,_,. Thus, E i; a
predetermined variabie.2? T ,l

Granting that E, is predetermined, a further crucial assumption must
be m-ade about the behavior of the stochastic components, €. We must
specify the behavior of these stochastic terms over time. We could
assume tl.]at. the errors are independent over time, or we could make a
less resmcpve assumption that they are serially correlated. For exam-
ple, we might assume that they follow a first-order autoregressive
process, characterized by: '

€ = pe_, + & 4
where: |

p; = a parameter
L . .
8/ = non-serially correlated disturbance term.

"-'l_t shou!d b'e noted that if C, does influence E, directly, perhaps because the budget is
adjusted in s in reaction to C,, then E, becomes determined simultaneously with C,and S,.
and.t_he crime function is no longer identified even if E, does not appear in it. Some
additional restrictions involving a nonendogenous variable are necessary.
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Such assumptions about the serial relationships among the € are
critical for identification. In our previous discussion on the limits of the
empirical information in a simultaneous system, we stated that the
maximum number of independent pieces of empirical information
available for consistently estimating each structural equation was N,
where N equals the number of non-endogenous variables in the system.
This was because of the assumption that there are N non-endogenous
variables that are uncorrelated with the stochastic disturbances and
thus that can be varied independently. If that assumption fails for J, of
the non-endogenous variables, then the number of pieces of empirical
information for consistently estimating each structural equation is re-
duced to N-J,. In effect, an additional J, of the variables become en-
dogenous. )

When using predetermined variables for identification, the possibil-
ity that the disturbances are serially correlated must be given special
consideration. If the ¢ are serially correlated [for example, a first-order
autoregressive process as in eq. (4)], then the predetermined variables
will necessarily be correlated with at least some of the stochastic com-
ponents. In particular, E, will be correlated with ¢! because €} is corre-
lated with ¢!, and E, is a function of C,_,, which is in turn a function of
€.

When serial correlation among the disturbances is thought to be
present, estimation still remains possible if one correctly specifies the
specific structure of the presumed serial correlation. If one is not cer-
tain of the specific structure of the serial correlation, and one rarely is,
then the less restrictive the assumption the better. For example, the
first-order autoregressive assumption is less restrictive than assuming
no serial correlation because the latter will occur for the special case of
all the p; zero. However, if the model is estimated under an assumption
of no serial correlation, then the possibility of serial correlation of some
specific type cannot be tested. Even less restrictive assumptions about
the nature of the serial correlation (higher-order processes, for exam-
ple) can be made, but some specific assumptions must be made.

Excepting a capital punishment analysis by Ehrlich (1975), all simul-

taneous analyses have employed estimation methods that generate
consistent estimates only when there is no serial correlation of any kind
among the disturbances. If the exclusion of a predetermined variable is
used as an identification restriction, as with E, in the model under
consideration, the validity of using that restriction when using these
methods turns on the assumption of no serial correlation. If the as-
sumption is incorrect, then the parameter estimates will be inconsis-
tent.
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The assumption of no serial correlation among the disturbances is
not only fundamental in cases like this; it reflects implicit assumptions
about real effects stemming from factors influencing crime or sanction;
Fhat are gaptured in the disturbances because they are not expliciti
mclmlieq in the mode:l. Deciding whether the assumption of no seria)ll
;:Scr:;efzgt%r: scian plausibly be maintained thus requires consideration of
. In the crime function shown in eq. (3a), the variables not explicit]
m.clu_ded would include all sgs variables that affect crime. Howevery
t!‘us is because of the simplistic nature of eq. (3a) adopted for exposi:
tlopa] purposes. As already remarked, in practice, if eq. (3a) were to be
estimated, some SEs variables would be explicitly included. Neverthe-
less, some part of the stochastic disturbance, €/, would still consist of
SES effects. It is impossible to include all the ses variables influencin
crime both because we do not know all of them or cannot measurtge
them and because there are likely to be many of them, each with a
small effect..In addition, if included sEs variables affect érime in ways
only approximated by our choice of functional form in eq. (3a), then
departures‘ from that approximation influence the disturbance ter‘m

From this perspective on the factors generating €, isit reasonabl;z to
assume no serial correlation in €'? The answer, we believe, is no. Many
of the.sss variables influencing ¢} change only gradually over time
Thus,' if the realized values of these variables in period ¢ are such tha;
the dls.turban.ce is positive in period r, it is likely that their realized
values in period r+1 will lead to a positive disturbance as well. Hence
we.sho_uld expect positive serial correlation in €/. One possible charac-
E:)ryxzzﬁﬁx;l m1>g}6t be the first-order autoregressive process shown in eq.

When using data with a cross-sectional component, the most com-
mon ter of data utilized in deterrence analyses, the likelihood of serial
cc?rrelatlgn 1s particularly high because there is likely to be particularly
w1§le variation in the values of excluded variables across the sampling
units (usually states). Put simply, locations whose actual crime rate is
hxgh(_zr than predicted by the systematic part of the equatibn in one year
are hke.ly to remain so in the next year.

The mpla.usibility of an assumption of no serial correlation requires
tha.t estimation be done under a less restrictive assumption about the
sen:al correlation of the stochastic terms if inconsistency is to be
avoided. We shall not address the question of what sort of assumption
on the nature of the seria] dependence is plausible. The question de-
serves further attention, but it can be said that the less restrictive the
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assumption, the better. One possibility, given enough data, would be to
allow for an autoregressive relationship of order vy, where:

€= 3 pue; + B ®)

i=1

Estimation under any assumption of serial dependence, however, re-
quires the use of data with a time-series component. For example, the
¥ order autoregressive assumption would require that the time-series
component in the data be at least y + | periods. Pure cross-sectional
data cannot be used.

To sumunarize, we conclude that the exclusion of the expenditures
variable cannot be used plausibly to identify the crime function, at least
with cross-sectional data. To do so at best requires the very implausi-
ble assumption of serial independence in the stochastic components.
To estimate a model under any assumption of serial dependence re-
quires time-series data and thereby precludes the possibility of using
only cross-sectional data.

Moreover, as we have seen, the use of the expenditures restriction,
no matter what one assumes about the nature of the serial dependence,
hinges upon the assumption that E, does not directly affect crime. If S,
and E, are defined in terms of court-related activities only, this seems
plausible. If E, and S, pertain to the police, however, then the assump-
tion that E, does not directly influence C, is questionable. Expenditures
on police will be closely linked to the visibility of police in the commu-
nity, and police visibility may indeed be a very important factor in
deterring crime. Further, if expenditures on courts and expenditures on
police vary together, then one may simply be fooling oneself about
identification in specifying and estimating a model in which E, relates
only to courts.

2. Models Using Prison Cell Utilization

In the system shown below, C, is again a function of S, and §, is a
function of C,. Additionally, S, is specified to be a function of prison-
cell utilization, U,, defined to be the ratio of the prison population in ¢,
P,, to total prison cells in ¢, X,.

Ce=fS:) + € (6a)

St =hC,U) + € (6b) -

B s i L UL CP PPN
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where;

P, = thc.a prison population in period ¢
K, = prison cell capacity in period ¢
Ul = Pt/Kl

As before, SEs variables are omitted for expositional convenience
To our knowledge, no deterrence investigation has included U, in thé
equation for sanctions. The rationale for its inclusion again invglves a
resource utilization argument and, indeed, this model can be taken as a
snmp}g example in which the resource saturation hypothesis is made
explicit. As prisons become increasingly crowded, pressure will be
exertefi to reduce utilization, U,. In the short term (e.g., a year) this
reductngn can only be accomplished through a reduction in prison
popu}atnon, P,, since expansion of existing cell capacity, X,, would
require considerably more time.2? T

One recent example of this effect of resource saturation at work is
Federal Judge Frank Johnson’s order to the Alabama Corrections De-
partment tc? release a sufficient number of prisoners to alleviate prison
overcrowding (see Criminal Justice Bulletin 1976). Judge Johnson’s

- order resulted in the reduction of both the probability of imprisonment

given cc_mviction and time served given imprisonment.

In this single-sanction and single-crime-type model with only two
endogenqus. variables, identification of the crime function requires that
one restriction be imposed; the absence of U,, prison cell utilization in
¢, from eq. (6a) provides the necessary restriction. To see this, consider
a log-linear specification of eqs. (6a-b): ,

" InC, =B, +BnS, + ¢ ' (6a’)
InS; =+, + »InC, + v.In (-K{;) + €
¢
= Y -+ '}’lln Cl + ')’211'1 Pg - 72ant + €¢2 (6b')

In additiop, if we speciﬁcally define S, to be the probability of impris-
onment given a crime and assume that an imprisoned individual is
Incarcerated for a single period,?* P, will be:

28 . .

To the dggree that crime does influence X, ¢ by leading to more prison cell construction,
:l‘lat feffect is longer-term, perhaps 5 to 10 years.

T;n]xs :nodel is clearly an oversimplification. In general, prison terms are often consid-
erably longer than a year, so that the prison population is not solely a function of the
curren.t valpes of C,, S;, and JY, but also depends on past incarcerations. This makes no
::issenllal difference to the points under discussion, however, save that past incarcera-
ions could be used as an omitted predetermined variable in identifying the crime func-
tion under the assumption of no serial correlation.
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P( = Cl‘
InP,=1n

where:
N, = total population in 725
Substituting eq. (6¢') in eq. (6t

+
ln St — Yo + ’>’1 7.
-y -,
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P, = C.S;N, (60)
1nP,=lnC,+1nS¢+lnN¢ (60’)

where:

N, = total population in 2%

Substituting eq. (6¢’) in eq. (6b') and rearranging terms:

€

(6b")

lnS¢ =

Yo B F Yo+ Lo n(NK) +
-y 1-% 1-v -7

The exclusion of In (N/K,) from eq. (6a’) provides the necessary
restriction for identification.?®

The validity of this identification procedure hinges upon the assump-
tion that U, does not directly affect crime. This assumption will fail if
potential criminals have information on crowding in prisons and view
the level of U, as a partial measure of the severity of punishment. If,
indeed, U, has such an effect, then it should be included in the crime
equation and the exclusion of N /K, cannot be used validly to identify
the crime function.

3. Inertia Model: Lagged Sanctions

In the system shown below, the equation for S, includes S,-,. Its inclu-
sion could be argued on the grounds that sanctioning practice, being
bound by tradition, will adjust slowly to changes in the crime rate or
indeed to any other factors influencing sanctions. As a result, S, will be

25The variable N, is entered because C, is expressed as crimes per capita, while P, is the
total number of prisoners. ) .
26t might appear that we might separate In (NJ/K, into two variables by writing
In NV/K,) = In N, — In K, and then use the exclusion of both In K, a'nd In 1\(, from the
crime equation to achieve not merely identification but over-identification. This a.pparent
achieving of something for nothing does not succeed, however. Perhaps the easiest way
to see this is to observe that the restrictions stating that both In X, and In N, do not appear
in the crime equation can be written equivalently as the restriction that the coeﬁ‘mgnt of
In K, in that equation is zero plus the restriction that the coefficient in that .equan.on of
(~In N, is equal to that of In X,. This latter restriction, however, is also .satlsﬁed in the
sanctions equation and hence does not help at all in telling the two apart; if we used only
that restriction we would not have identification. (This is an example of the fact referred
to in a previous footnote that counting restrictions provides only a necessary, not a
sufficient condition for identification.) To put it another way, In K, and In N, do not
independently affect In C, and In S;. There is only one piece of useful information to be
gained from using them, not two.
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B. A SINGLE-CRIME-TYPE, MULTIPLE-SANCTION MODEL

Our focus has been on simple models in which only a single sanction
and single crime type are simultaneously related. We row turn to a
model in which a single crime type is simultaneously related to several
sanction types. . '
In this model we attempt to capture some of the interrelationships
between crime and the cJs subsystems—police, courts, and correc-
tions. These interrelationships derive from a model of the cs put for-
ward by Blumstein and Larson (1969) that characterizes thq cis as a
flow process. A very simplified version of their conceptualization is
shown in Figure 11. ‘
Society generates crime, which is an input into the first of the pic-
tured subsystems-—the police. The police arrest suspects, some of
whom are charged, while others are subsequently released without
charge. The charged individuals are inputs to the courts subsystem.
The courts in turn adjudicate the charges and some of those charged

Society

Crime

Police

Not Arrested

Arrested
and Charged

Courts
Not Imprisoned
(Guilty or Not)
Guilty and
Imprisoned
Corrections
Released FIGURE 11 A simplified flow model

of the criminal justice system.
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are found guilty and imprisoned and turned over to the corrections
subsystem. Others are not imprisoned, either because the charges do
not lead to indictment or, if indicted, the indictment is dismissed or the
defe.ndant is acquitted—or, possibly, the defendant is convicted but
not imprisoned. Finally, those individuals who are imprisoned are sub-
sequently released to society either on parole or after having served
their sentence.

Th.e actions of each of the subsystems have implications for the
possible penalties confronting a potential criminal; similarly, the
amount of crime in the society has implications for the magnitudes of
the flows through the subsystems.

In the models to be discussed, we attempt to capture these interrela-

tionsl.lips between crimes and sanctions. Let us introduce the following
notation:;

C; = total crimes in ¢

P{ = probability of apprehension and charge given a crime in ¢
PF4 = probability of conviction given charge in ¢

P{!° = probability of imprisonment given conviction in ¢

T, = time served in period ¢

Ef° = police expenditures in ¢

E} = judicial expenditures in ¢

Efr = prison expenditures in ¢

A¢ = number of charges in ¢
G, = number of convictions in ¢
I, = number of imprisonments in ¢

U, = prison utilization in period
M1, €, v} = random disturbances

Co=fAPA, P4, PG T) + (8a)
P = g(Ef°, C,) + € (8b)
PflA = gy(E{, A;) + € ' (8¢c)

since A, = PAC, (ignoring sampling variation)

PF = gy(E{, PAC,) + & (8¢c")
'° = gEf", G, Uy + € (8d)

since G, = Pf4 PAC,

e
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PUI® = g(EY, PF4PIC,U) + & (84"
T, =g Ef",U) + & (8e)
Ef° = hy(Cyy, EP2) +vi (8f)
E{ = hy(A, E{_) + v} (8g)
Efr = hy(Uy., EEL) + v} (8h)

A crucial feature of this model is the distinction among the different
types of sanctioms. By differentiating among such sanctions as the
probability of apprehension and charge, the probability of conviction
given charge, the probability of imprisonment given conviction, and
time served given imprisonment, the effect of each type of sanction
can, at least theoretically, be measured. Different categories of sanc-
tions are possible or greater refinement in the number of sanction types
could be made. The crucial point, however, is that, a priori, there are
good reasons for believing that the magnitude of the deterrent effect
associated with each sanction type may be different. For example, the
disutility of a conviction given charge is likely to be greater than the
disutility associated with charge, since the stigma of conviction is
greater than that associated with only being charged.

The likelihood of differential deterrent effects associated with dif-
ferent sanctions has both important technical implications for estima-
tion and significant policy implications. For the purpose of estimation,
if two types of sanctions, for example P4 and P64 have different
effects, then it is inappropriate to estimate a single parameter for the
conglomerate effect of P¢ = P4P%A4. Further, from a policy perspec-
tive, we would not want to aggregate the two, since it may be useful to
know the relative magnitudes of the separate effects. By comparing
effects with costs, we can determine where resources should be allo-
cated. If, for example, identical increases in expenditures on police and
courts would achieve the same percent increase in P and PF4| respec-
tively, then crime reduction would be pursued more efficiently by al-
locating the additional expenditures to the sanction with the larger
deterrent effect.

The second crucial feature of the system, which has significant im-
plications for estimation, is the simultaneous relationship of C, with
each of the sanction variables, due perhaps to resource saturation con-
siderations. Thus, given police resources, Ef° (which are themselves
affected by the number of past crimes), the probability of arrest, P¢,
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depends on the current number of crimes, C,, faci ice.z’
Further, although C, only affects P# directly,hthe I:Eelt: eofp (glc:l.so
iffect the wprkload of the courts and corrections subsy;tems

downstream.‘ from the police. The probability of conviction give
charge, !",G"‘, is likely to be affected by the workload of the courts An
:ut At,hwa be determined by the product of C, and P{. Since C, is ’als’(;
" e);z?e dfeszzed to be affected by PF4, PE/4 and C, will be simultaneously
Similarly, the probability of imprisonment given conviction, P}/ is
affected by G,, the number of convictions in . Since G, is the ivrotduct
of C,, P#, and PF4, P{/¢ is simultaneously related to C:. Time served
T, 2 and P/¢ are also hypothesized to be affected by the utilization o%
prison capacity, U,, because we expect utilization to have its p;redomi-
qant effect on Judges and parole boards who most directly control th
size of the prison population. Since U, is affected by the size of th:
prison population, which is just the number of currently im yrisoned
crxmmals (and thus depends ca C,, P#, P8, and P}'6) T wilfJ Iso b
simultaneously related to C,. S o
As the moc.iel is specified, none of the sanctions is in a direct simul-
ta(r}::ous relatlopship with any other (e.g., P# directly affects PS4, but
P d.pes not directly affect P#). In terms of the problem of ide;'atit:vin
tpe crime function, the validity of this assumption about the imen-'elag-
tl(?nshlp among the sanctions is not relevant; the model could be gener-
alized to allpw such direct simultaneous relationships without alterin
our concl.usmn about the identifiability of the crime function (8a) ’
The crime rate, C,, is determined by four sanction variables .all of
which are .presumed to be simultaneously related to C,. Theref‘ore at
least four independent restrictions are necessary to ide’ntify the cri‘me
fancuon. Four such restrictions are provided by the exclusion of EP

E{,Efr, and U, (prison cell utilization). o
The req’ai-rement‘s for plausibly using these restrictions to identify the

crxme.functl-on have already been discussed. The key issues are worth

restating. Since the expenditures variables are predetermined rather
than EX0genous [egs. (89)-(8g)], it is dangerous to assume no serial
correlanor_x in the ¢/. Some more general assumptions about the nature

o_f that senai'dependence are necessary; whatever the explicit assump-

tl.OI'l, c.lata W.lth a time-series component will be needed. The restric-

tions involving the exclusion of the police expenditure variable, EF°.

27 . . .
. ;21 :arhzer sectllons. C, was crimes per capita. Defining C, as total crime instead of the
rate would not affect our conclusion for this model; all state variables to be

discussed, A, G,, EF°, E/ p . "
redefined as rates, . +£E{ and Ef" could be normalized by total population and thereby be
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and U, are particularly vulnerable to criticism, since being a measure of
the intensity of the police presence in the community and the severity
of punishment, respectively, it can be argued convincingly that each
should also be included in the crime function. However, since the four
restrictions are just-identifying and thereby necessary for estimation,
we cannot test the validity of the restrictions involving Ef° and U,
even assuming away the serial correlation problem just discussed.

In this muitiple-sanction model, identification of the crime function
requires the joint use of both the expenditures and cell-capacity iden-
tification restrictions, whereas in the one-sanction models, either one
was sufficient to just-identify. The necessity of using both categories of
restrictions to identify the crime function points to still another prob-
lem. As the number of endogenous sanctions increases, the difficulties
in identifying the crime functions increase also. In the context of a
multiple-crime-type model, which will be discussed next, this difficulty
can become fatal to identification.

C. A MULTIPLE-CRIME-TYPE, SINGLE-SANCTION MODEL

Our discussion thus far has been limited to the consideration of single-
crime-type models. We now consider the problem of identifying each
of the crime equations in a multiple-crime-type model. A multiple-
crime-type formulation is of interest because each crime type will in-
crementally impact a single set of cJs resources. An examination of
their joint effect has important implications for identification.

A two-crime-type, single-sanction characterization of such a
phenomenon is given below, along with the model’s equivalent flow
diagram, in Figure 12.

Cl =fi(S}) + € (9a)
CP=fSH) + & (9b)
S} = gY(E,,C}HCESH) + € Bc)
S? = g¥E, C}CESYH + € (9d)
E, = i(E,.,,C},,CP ) + € (%e)
where:

C! = crimes of type i per capitain?

S/ = sanctions per crime of type/int

E, = cJs expenditures in 7.
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-1 t-1 FIGURE 12 Flow diagram of multiple-

crime-type, single-sanction model.

A's indicated by egs. (9¢c) and (9d), S/ is a function of total resources
avallablq to t!le aJs (Ey), the demands placed on these resources by each
of the crime inputs (Cf, i = 1,2), and the level of the sanction imposed
for the_: other crime type. The resource saturation theory would predict
!:hat increases in E, would act to increase S/ (8g'/8E, > 0)
Increases in the prevalence of either crime type would act to reduce S;
(c")g'_/éjq1 < 0,/ = 1,2) and increases in S/ would decrease S/, i # j
(0g'/8Si < 0) because the additional resources required to increase
S{ would be drawn from those used to maintain Si

' Alternative theories of the effects of crime on sanctions might make
dlft'erent predictions, but the crucial point is that sanctions for each
crime type are influenced by the level of both types of crime, because
each crime type impacts the common set of cJs resources. ’

Consndenng £gs. (9a)-(9d) as the simultaneous system and treating E,
as predetermined by eq. (9¢), the number of endogenous variables, M
is 4. Hence, at least three restrictions are necessary for the identif"lca’-
tion oif each crime function. One such restriction is provided by the
exclqsnon of E, from egs. (9a) and (9b) under assumptions outlined

previously. A second is provided by the assumption that crime of one
type has no direct effect on crime of the other i ype. The final restriction
necessary for identification of each crime function, however, rests ad-
fimonally upon the assumption that sanctions for one crime type do not
influence the level of crime for the other crime type (e.g., S} does not

AR
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affect C3). In the context of property crimes, (e.g., larceny and bu'r-
glary), the possibility of such a cross-effect is quite c_onceivable and is
indeed consistent with the basic principle that underlies the deterrence
hypothesis—namely, that behavior is influenced by iqcentives.

I such cross-effects exist, then the two crime functions become:

}=FSLSY) +é (%a’)
Ct=f¥SLSH)+ & 9b’)

These more general versions of the two crime functions are no longer
identified; there are now only two, not three restrictions on thefn.
Since estimation requires the imposition of three identification restric-
tions on each crime equation, identification would require that an_addl-
tional restriction be imposed. For this simple two-crime-type, single-
sanction model, the prison cell utilization identification might also be
imposed. ‘ _ _

This, however, is really only an illusory solutior_l 'to the 1dgnt1ﬁcatxon
problem in a multi-crime-type setting. The addition of still anotk'ler
crime type (e.g., robbery) with §¢ affecting C¢, C? and C?, and C? being
affected by S¢, S, and S would increase the number of endogenous
variables (M) by two (C? and S7) but would increase the number of
restrictions on each crime equation by only one (because C? doeg not
directly affect C¢ or C?). Hence we would };-ave moved from a _]U.St-
identified case of M = 4 with three restrictions to one of M = 6 w.xth
only four restrictions, and identification would fai!. In genera.l, identifi-
cation of the crime functions in a multi-crime, single-sanction model
seems even more difficult than in the single-crime-type case.

The difficulties in finding sufficient restrictions become even more
acute when multiple sanctions are introduced into the.model. If, for
example, ¢ were divided into the four sanction types dlsgussed in the
single-crime-type, multiple-sanctions model and the sanctions for each
of the three crime types all had cross-effects on the other crime types,
the number of endogenous variables would be 15. Thus, 12 identifica-
tion restrictions would be required to estimate each of the crime func-
tions, in addition to the automatic restrictions that only one type of
crime appears in each such function. .

In general, a model with n crime types and m sapctlon types would
require n X m non-automatic restrictions to idenflfy the crime ttunc-
tions. Hybrid versions of the model would require fewer additional
restrictions. For example, one might plausibly assume tt'xat Cross-
effects only exist among subsets of crime types (perhaps distinguishing
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between property and violent crimes). From a practical perspective,
however, such an approach offers little help since, for example, even a
two-sanction model for the four index property crimes (i.e., robbery,
burglary, larceny, and auto theft) would require eight non-automatic
restrictions to identify each of the separate crime functions.

In view of the difficulty in generating plausible restrictions, the esti-
mation of the generalized multi-crime-type, multi-sanction model in-
cluding cross-effects of the sanctions does not appear feasible. To the
extent that the generalized model is viewed as the only plausible
characterization of the simultaneous association between crime and
sanctions, an argument as to the impossibility of valid identification is
even more compelling than in the case of the simplified models dis-
cussed earlier.

The apparent infeasibility of identifying the generalized model hinges
upon the assumption that the sanctions for C/ directly affect C{. It may
be that such cross-effects are, at most, very weak. The difficulty is
that, using aggregate, non-experimental data, we cannot test for this.
Moreover, a model estimated simply assuming no cross-effects.would

always remain suspect for having assumed that cross-effects are not
operating.

V. CONCLUSION

Idertification is the sine qua non of all estimation and especially of
simultaneous equation estimation. It establishes the feasibility of de-
termining the structure of a system from the data generated by that
system. Without identification, estimation is logically impossibie.

Researchers who have employed simultaneous estimation tech-
niques to study the deterrent effect of sanctions on crime have failed to
recognize fully the importance of this issue. The restrictions that they
(implicitly or explicitly) use to gain apparent identification have little
theoretical or empirical basis.

In this paper we have examined a variety of plausible approaches to
the identification of the crime functions in a system in which crime
rates and sanction levels are simultaneously related. Our conclusions
with regard to the feasibility of identification, while not wholly nega-
tive, are certainly soberly cautious. In particular, it appears very
doubtful that work using only aggregate cross-sectional data can ever
succeed in identifying and consistently estimating the deterrent effect
of punishment on crime. If we are to know that effect and, particularly,
if we are to rely on that knowledge for policy purposes, that knowledge
must come from analyses of a different sort. In particular, analyses
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using aggregate non-experimental data must have a time-series compo-
nent in the data (i.e., pure time-series or a time-series, cross-section),
and the estimation procedures must account for the possibility of serial
correlation in the stochastic components of the specification.

TECHNICAL NOTE: LAGGED MODELS OF THE MUTUAL
ASSOCIATION OF CRIME AND SANCTIONS

The principal focus of this paper is the estimability of simultaneous
models of crime and sanctions. In a simuitaneous formulation, the
mutual interaction is assumed to occur contemporaneously during the
period of observation. For an observation period of a given length, a
necessary requirement for a phenomenon to be simultaneous is that the
impact of the actions taken by the system’s actors (e.g., criminals and
the cJs) be transmitted sufficiently fast so that each actor can react to
the actions of the other actors within the observation period. Thus, a

critical parameter is the length of the observation period. If the period

is sufficiently short, then any mutual association can be modeled as
non-simultaneous, whereas, if the period is sufficiently long, all such
associations can be made simultaneous. In the context of the mutual
association of crimes and sanctions, in which observations are gener-
ally made annually, the association is simultaneous if within a 1-year
period potential criminals receive cues on the current level of sanctions
being delivered by the cJs and if the level of crime in the current period
also works to influence the sanctions delivered by the cJs.

If information does not flow this quickly, an alternative characteriza-
tion of the mutual association involves lags. In the single-crime-type,
single-sanction model, such a characterization could take the form

’ Cg a + bS,_l + € (lOa)
Se=c+dCpy + (10b)

If the parameters of this model are to be estimated consistently by
regression, the disturbances, ¢ and u,, must not be serially corre-
lated.2®

28The parameters of one of the equations could be consistently estimated if there is not
serial correlation in that equation’s disturbance. In general, however, if ¢ and u, are
correlated either with their own past values or with each others’ past values, consistency
will not be present. In such general cases, the covariances of S,-, and C,_, with ¢ and u,
will be complex expressions involving both the serial correlation behavior of ¢ and u, and
their covariance.
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In our prior discussion, we elaborated upon the reasons for believing
that there is, in fact, serial correlation. Hence, we would have very
little confidence in any causal inferences drawn from parameter esti-
mates that are generated by ordinary least squares.

Our pessimism about using regression is reinforced by the fact that in
the simplest case, where there is only serial correlation in ¢, the serial
correlation ‘will result in an over-estimate of the deterrent effect of
sanctions. Suppose that ¢ follows a first-order autoregressive process
with parameter p. Let o® denote the variance of ¢. Additionally,
assume that d < 0 (i.e., increases in C,, decrease §,). Under these
plausible conditions, if €,_, > 0, then C,_, will be larger than predicted
by the structural component of eq. (10a). This larger-than-predicted
value of C,_, will drive down the value of §,-,, since d < 0. In addition,
since €., > 0, g will tend to be positive because cov (g, € ;) =
pta® > 0. With ¢ > 0, C, would be larger than that predicted by the
structural component of eq. (1Ga). We would then observe large values
of C, being associated with small values of S,_,, even if b = 0. This
negative association, however, would drive the estimate of b to a nega-
tive value,

Attempts to analyze models of the type given by eqs. (10a) and (10b)
have been limited to the sociological literature on deterrence (Logan
1975, and Tittle and Rowe 1974). In these analyses, S, is defined as
arrests per crime. Tittle and Rowe found a negative and often signifi-
cant path coefficient between §,_, and C,, a result that is consistent
with the deterrence hypothesis, while Logan found no such associa-
tion.

The path coefficient estimate of the association between S,_, and C,
is estimated in a way that is analytically equivalent to regression esti-
mation of b in the model shown in eq. (10a). Therefore, these path
coefficients suffer from all the ambiguities that we have discussed.

Models in which the mutual association between crime and sanctions
occurs with a lag, however, are attractive because they offer an intui-
tively attractive characterization of this mutual association. Informa-

tion on the sanctioning behavior of the cJs is probably transmitted very
slowly through the kinds of cues that have been discussed. An assump-
tion that information lag on sanctions is greater than a year may, there-
fore, be plausible in most instances.?® Under such an assumption that
C, is a function of sanctions in prior periods, we could maintain the
assumption that C, affects S, [e.g., C,_, is replaced by C, in eq. (10b)],

28In specific instances where official statements are published announcing changes in
sanctioning practice (e.g., the case in which the District Attorney of San Francisco
announced that prostitution would no Jonger be prosecuted), the assumption of a I-year
lag would be untenable.
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and the model would remain non-simultaneous—but there would still
be a catch. For such a model to be consistently estimated by ordinary
regression, there not only must be no serial correlation, but also ¢ and
M must be uncorrelated.

Thus, whatever the specific nature of the model employing a lagged
structure, estimation must use methodologies that allow for the possi-
bility of serial correlation and non-zero covariance in the stochastic
terms if the estimated coefficients are to be plausibly regarded as an
estimate of the causal effect of sanctions on crime.
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