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MODELING CRIME TRENDS:
A CRIMINAL OPPORTUNITY

PERSPECTIVE

LAWRENCE E. COHEN

A macrodynamic social indicator framework is used to demonstrate how accurate
crime rate forecasts can be produced. Trends in reported robbery, burglary, larce-
ny, and auto theft rates for the United States are modeled, using annual data for the
years 1947-72. The poverty ratio and unemployment rate, two variables considered
important predictors of crime in the traditional criminological literature, fail to
account for the index crime trends in this analysis. A "criminal opportunity
perspective" is used to formulate several substantively meaningful "social produc-
tion functions" for the above crime rate trends, showing how relatively moderate
social changes can generate rather dramatic increments in the crime rate. For ex-
ample, I consider how the participation of women in the labor force, the incidence
of persons living alone, and the presence of lightweight durable goods provide of-
fenders with opportunities favorable for carrying out the above illegal acts.

Stochastic equations estimating these production functions indicate that the
null hypothesis of no autocorrelation of disturbances is consistently accepted. Ex
post forecasts of 1973-75 reported crime rates used to gauge the accuracy of the
models usually err within a few percentage points.

The data presented here indicate the efficacy of including criminal opportuni-
ty factors in crime rate forecasting designed to supply policy makers with technical
information relevant to organizational goal criteria.

In recent years, the American system of criminal justice has been sub-
ject to widespread criticism for failing to control crime and promote justice.
This criticism is at least partially related to the inability of the police,
courts, and correctional agencies to handle effectively the volume of cases
brought to their attention. For example, Schrag (1971:1) notes that because
of insufficient personnel, many offenses reported to the police cannot be

~ investigated; the volume of cases before the courts encourages the use of
plea bargaining to reduce the time and cost of trial; and overcrowded pris-
ons may influence judges to accord alternative dispositions to persons con-
victed of felonies. While it is highly questionable that any failure of the
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American. criminal justice system is solely, and perhaps even mainly, at-
tributable to a lack of resources, there is little question that few crimi-
nologists and criminal justice planners anticipated the dramatic increases
in reported crime that have occurred in this country since 19601 (Wilson,
1975:59).

Whatever their shortcomings, official crime statistics are important
social indicators which may affect the costs, operation, and planning of
criminal justice systems.2 Systematic planning is an essential aspect of any
program’s effectiveness and cannot be carried out adequately in the
absence of data. Such planning is particularly appropriate in connection
with the treatment of offenders and the prevention of crime. The accurate
forecasting of official crime trends may allow officials to project the services
and personnel needed to handle effeotively expected caseloads of persons
under sentence (i.e., probation, prison, parole, etc.), and, hence, make it
possible to allocate resources or reorganize criminal justice administration
as necessary. In addition, accurate forecasts depend on identification of the
key correlates of specific types of crime. Identification of such correlates, if
properly interpreted, can aid policy makers in determining what can be
done to control crime and at which subgroups of the population policies
should be focused.

In this paper, a macrodynamic social indicator f- ,mework3 using both
traditional and more recent criminological approacf is employed to dem-
onstrate how such forecasts can be produced. In particular, I specify and
estimate several forecasting equations for reported rates of robbery, burgla-

1. Although the Uniform Crime Reports’ data severely underestimate the amount of
crime in the United States, they do at least provide a rough indication of trends in the volume
of several major felonies from one period of time to another. A major concern of recent crimi-
nological inquiries is an examination of the possibility that trends in official crime statistics
reflect in part trends in rates at which offenses are reported to the police. This concern has
motivated extensive victimology research designed in part to determine the factors that impel
some citizens to report crimes to the police and inhibit others from doing so. Although there is
not the space here to review this research effort in detail (see Nettler, 1978, and Hindelang,
1976, for such a review), some evidence bearing upon trends in crime rates can be abstracted
from this literature. One such consistent finding is that the strongest determinant of citizen
reporting to law enforcement officials is the seriousness of the offense (Skogan, 1976:145;
Hindelang, 1976:401). This general finding indicates that the upward trend in official crime
rates since 1960 in the United States may reflect increases in both the volume and seriousness
of offenses. Although I have no way to decompose official crime rates into these components,
one may wish to interpret these rates as generated largely by both.

2. Official crime rates may also affect public opinion. See, for example, Hindelang et al.
(1976: tabs. 2.1 to 2.24).

3. Social indicators can be defined broadly as measures of social conditions, while social
indicator models are formal systems designed to explain changes in social indicators. Macro
social indicator models consider how one macro social change affects another, employing
macro-level data and applying macro social theory in modeling changes among these social
indicators (see Land and Felson, 1976).
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ry, auto theft, and larceny under $50.4 My general strategy is tu fit various
equations to changes in these rates in the United States for the years 1947-’
72 and then to make ex post forecasts for the years 1973-75, comparing
the latter with the actual rates observed for these years in orderto gauge the
accuracy of the models. Before turning to such forecasts, I shall first note
some earlier efforts to build models of crime rate changes.

MODELING CRIME TRENDS

Most previous attempts to model crime trends have used correlates
found to be associated with the risk of committing Index crimes (in cross-
sectional studies) as exogenous variables in their analyses. For example, the
most common form of crime rate trend modeling considers how the chang-
ing age structure accounts for some portion of the trend in recorded crime
rates (see, e.g., Christensen, 1967; President’s Commission, 1967; Sagi and
Wellford, 1968; Ferdinand, 1970; Wellford, 1973). Studies of this type con-
sistently show that the change in age structure alone can account for only a
relatively modest share of the increments in crime rates since 1960 in the
United States.

In addition, one finds in the literature a few multivariate analyses of
crime rate trends. For example, Fox (1976) takes both the property crime
rate and the violent crime rate in the United States since 1950 as functions
of the proportion of the population consisting of young nonwhites, the con-
sumer price index, and the rates at which crimes are cleared by arrest. This
model specification, however, ignores the growth in the numbers of white
offenders over time, and the unfavorable performance of the Durbin-
Watson statistics indicates a high risk of misspecification.

Other efforts to model crime trends in the United States (Land and
Felson, 1976; Brenner, 1976a, 1976b) also fail to produce clear and consis-
tent substantive explanations for these dramatic changes, although they do
achieve high R2 values (as is often the case in time series analysis).

Recent empirical evidence indicates that variables other than offender
characteristics and economic factors are key determinants of crime rates,
insofar as they increase or decrease the opportunities for crimes to occur
(see, e,g., Gould, 1969; Mansfield, Gould, and Namenwirth, 1974; Sparks,
1977; Hindelang et al., 1978; Cohen and Felson,1979; Cohen et al., 1980;
and Cohen and Cantor, 1980). In the aggregate, these studies suggest that
the opportunities for crimes to occur in the United States (in terms of in-
creases in the supply of stealable property and changes in patterned role-

4. Although this study emphasizes the modeling of property crimes, it is generally ap-
plicable to modeling of other violent crimes besides robbery (for some insights on the latter
type of application, see Cohen and Felson, 1979).
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structured behaviors, routine activities, and characteristics of targets,
which, in general, reduce capabilities to guard property effectively) have
increased greatly in the post-World War II era.

Together, these studies imply that various social and economic

changes in the United States have greatly increased crime rates by increas-
ing the rate of concurrence in space and time of three conditions: the pres-
ence of criminally motivated offenders, the presence of suitable personal or
property targets, and the absence of effective guard ians of offenders or
targets (whose presence is able to prevent the violation from occurring).
Various trends in the social structure can alter crime rates by affecting the
likelihood of this concurrence in time and space, without necessarily requir-
ing changes in the rate of criminal inclinations among the population.

For example, a central contention of Cohen and Felson’s (1979) &dquo;rou-
tine activity approach&dquo; is that changes in production activities after World
War II in the United States have greatly affected &dquo;target suitability&dquo; and,
in turn, the theft rate, by offering more valuable, visible, accessible, and
portable targets. Simultaneously, changing activity patterns in post-World
War II urban society (i.e., women’s participation in the labor force, more
frequent and longer vacations, recreation and leisure activities away from
home, etc.) have contributed to declines in the tempo of primary group
activity within households. Declines in the tempo of this activity remove
individuals from home, thus exposing them and their property to increased
risk of criminal victimization, which then becomes translated into higher
crime rates.

A general hypothesis that can be derived from the aforementioned re-
cent body of literature (which will be referred to from now on as the &dquo;crimi-
nal opportunity perspective&dquo;) is that the concentration of patterned or rou-
tine activities in or near households, particularly familial households, varies
inversely with the rates of criminal victimization. Specifically, this concen-
tration will tend to increase the opportunity for individuals and families to
function effectively in preventing violations from occurring and to reduce
the exposure of potential targets to potential offenders (see Cohen et al.,
1980).

Thus, social change in the structure of routine activities will tend to
affect certain crime rates by altering the likelihood of offender-target con-
currence in the absence of guardians. For example, increased labor force
participation rates for women could tend to reduce their capacity to guard
their households against burglary during working hours, while increasing
their exposure of person and property to crimes outside the home. In addi-
tion, the formation of single-adult households could tend to expose occu-
pants to greater risk of victimization by increasing the probabilities that
they will engage in activities unguarded by family members and that they
will be less able to guard their households and other property from potential
offenders. Thus, in creating more single-adult households, higher divorce
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rates and college enrollment rates may expose more people to greater risk of
victimization. An expanding economy may also result in greater exposure of
people to victimization as they go about their work and leisure activities.

The criminal opportunity perspective could also be interpreted as con-
trasting sharply with predictions drawn from standard cross-sectional
analyses of how crime rates vary with unemployment trends and poverty.5
For example, one could argue from this perspective that periods of high
unemployment tend to remove some persons from work activity and there-
fore to reduce their physical exposure to criminal victimization outside the
household or neighborhood. In addition, one might argue that an economic
downturn, by reducing overtime work and the money available for leisure,
contributes to the concentration of routine activities within or near house-
holds. Thus, the criminal opportunity perspective might lead one to expect
an inverse relationship between unemployment and crime rates. This is
precisely opposite the relationship between unemployment and crime rates
reported by Brenner (1976a, 1976b), whose theoretical orientation specifies
a positive impact of socioeconomic variables upon crime rates (e.g., as un-
employment rises, so does crime). In general, prosperity will tend to pro-
duce greater numbers of things to steal, as Gould (1969), Mansfield et al.
(1974), and Sparks (1977) have all noted. In particular, an improvement in
the position of members of the lower socioeconomic levels in society may
enhance property crime rates, since such persons are more likely to live
near potential offenders (Hindelang, 1978). Since offenders tend to find
their targets relatively near their own residences (Reiss, 1976), it follows
that improvements in the economic position of the lower strata may tend to
increase their risk of victimization and hence contribute to crime rates. This
interpretation could account for some positive correlations between socio-
economic and crime rate trends observed by Brenner (1976a, 1976b), which
he found theoretically puzzling.

Whether the criminal opportunity perspective is more or less useful
than more traditional approaches in explaining crime trends is an empirical
question. The criminal opportunity approach, however, implies a statistical
interaction among the key determinants affecting crime rates. In effect, this
represents a social production function for predatory crimes with estimated
coefficients that indicate increasing returns to scale. This production func-
tion is similar, but not strictly identical, to the production function found in
the economic literature on the theory of the firm.6 If the three aforemen-

5. For an excellent summary of other theoretical orientations that may affect the trans-
mission and persistence of these behaviors, see Nettler (1978, chs. 9-16).

6. For a general discussion of production functions in the theory of the firm, see any
microeconomic textbook (e.g., Henderson and Quandt, 1971). Whereas economic production
functions combine quantities of labor and capital to produce quantities of output commodities,
social production functions for direct contact predatory violations combine the basic three
components mentioned above (presence of offender, presence of target, and absence of guard-
ian) to produce criminal acts.
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tioned variables (offenders, suitable targets, absence of effective guardians)
interact to produce crime rates, and if the function has increasing returns to
scale, this implies that increases in each variable by a fixed percentage in
the larger society can produce an increase in the crime rates greater than
that fixed percentage (i.e., the effects are multiplicative, not additive). Such
social production functions for crime rates can help to explain how relative-
ly modest social trends can account for relatively large changes in crime 

‘

rates.

In general, the criminal opportunity perspective leads us to expect
that the dispersion of activities away from households increases the chance
that perpetrators will carry out offenses successfully and that the items
taken will be relatively costly. Therefore, we might expect this dispersion to
produce explosive growth in not only the occurrence but also the seriousness
of predatory violations, and, hence, in reported crime rates. Before testing
this perspective empirically, I begin in the next section with a more conven-
tional examination of how economic conditions and the age structure of the

population may affect official crime rates.

ECONOMIC TRENDS, AGE STRUCTURE, AND
CRIME RA TES: EIGt~’~’FI~‘I ~’’IA.~ EQ UA TIONS
Estimated annual crime rates as well as a number of other social in-

dicators which the preceding discussion leads me to associate with trends in
official crime rates were collected from United States government sources
(see appendix for sources). In the present section, I specify eight initial
difference equations to explain trends in the reported crime rates which
capture variables from both the traditional criminological orientations and
the criminal opportunity perspective. Since some readers may not be famil-
iar with difference equations and other dynamic equations, I begin with a
brief discussion of why they are applicable here. (For a general method-
ological discussion, see Land, 1979; Land and Felson, 1976. For a more
detailed mathematical discussion, see Goldberg, 1958.)

Because of the normative and social context in which most crime oc-
curs, crime rates may persist over time, with various social changes having
a delayed impact upon crime rates. A useful way to model social change
under these circumstances is to employ linear first difference equations of
the following form:

Â Yt-l,t = yt - Yt-1 = a + byt-,
or, adding yt_t to both sides,

Yt = a +b*yt-1, (b* = 1 + b),
where for convenience the effects of all independent variables are sum-
marized in the constant, a, and subscripts are used to index timepoints.
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This type of equation can be estimated empirically by expanding the con-
stant in terms of explidit independent variables, adding a stochastic dis-
turbance term, and employing ordinary least squares. A significant coeffi-
cient ~~*) for the lagged variable can be interpreted as the &dquo;delayed effect&dquo;
of the independent variables upon the dependent variable. For details of the
arguments leading to this lag structure for modeling crime rates, the reader
is referred to Land (1979). Substantively, in the present context, the lag-
term coefficient will tend to zero if changes in the exogenous variables have
fairly rapid impacts on the index crime rates. However, if the index crime
rates studied herein respond more slowly than the base period of the model
(single years in the present paper) to changes in the exogenous variables,
then the lag-term coefficient will be greater than zero; in other words, in this
case the effects of changes in period t in the values of the exogenous vari-
ambles on an index crime rate are &dquo;distributed out&dquo; over several subsequent
periods as opposed to being fully realized in period t. This suggests the ex-
istence of complex social learning and diffusion processes that affect the
transmission and persistence of these criminal behaviors. 

;

In these equations, I use the Durbin-Watson {D jW) coefficient seek-
ing to accept the null hypothesis that autocorrelation is absent. While
Durbin’s h statistic was constructed explicitly to, test for autocorrelated dis-
turbances in equations that contain lagged dependent variables, simulation
studies have shown that h does not perform very well in small samples and
that the D/W statistic is as good as, or better than, h in small samples when
its &dquo;upper bound&dquo; is used to define the critical region of the test (Taylor and
Wilson, 1964; Kenkel, 1974). I also try to avoid employing too many predic-
tor variables in any one equation or variables lacking many timepoints in
order to conserve degrees of freedom (df). Because of the special interest
here in the forecasting ability of these equations, I report their standard
error of estimate (SEE) and estimate the equations on the years 1947-72,
saving the years 1973-75 for forecast testing in a later section,. Since high
values for the multiple RA (corrected for degrees of freedom and ad-
justed for the mean) are easy to obtain for spurious reasons, it is essential
to pay close attention to substantive interpretations of coefficients and au-
tocorrelation of disturbances as evidence that equations may be
misspecified.7

7. For further information about time series statistical analysis, I refer the reader to
any of the standard econometrics references (e.g., Goldberger, 1964; Johnston, 1972; Theil,
1971; Christ, 1966). Tables of critical values for Durbin-Watson statistics can also be found in
these texts. The reader will note that well-specified equations allow the acceptance of the null
hypothesis of no autocorrelation of disturbances. Many equations have Durbin-Watson
statistics in the intermediate range, allowing neither acceptance nor rejection of that
hypothesis. Further discussion of the uses of forecasting to evaluate a dynamic structural equa-
tion model is found in Christ (1966:543-78).
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I begin by applying some traditional variables deemed important in
cross-sectional analyses of crime as influencing trends over time. Two in-
dicators are considered. First, the poverty ratio in year t is measured by
taking the ratio of the income of the bottom fifth of the population to the
median income, with higher poverty ratios indicating an improvement in
the relative economic position of the lower socioeconomic strata. This ratio
reflects at least in part the income inequality for this segment of the income
hierarchy and is capable of declining during periods of prosperity, if these
periods benefit the bottom strata less than other income levels. Second, the
unemployment rate in year t (the proportion unemployed among persons
ages sixteen and older) is taken as a determinant of crime rates. If the more
traditional criminological approaches to modeling crime rates are useful in

TABLE 1. Forecasting Equations Employing Poverty Ratio
and Unemployment Rate as Predictors

- - __~ ~ ~~ _ _ ~ _ ___~ _ ~ ___ _

aSignificantly nonzero: p < .05.

bSignificantly nonzero: p < .10.

creject null hypothesis of no autocorrelation of disturbances; 5% significance.
dAccept null hypothesis of no autocorrelation of disturbances; 5% significance.
eNeither accept nor reject null hypothesis of no autocorrelation of disturbances; 5% sig-

nificance.
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accounting for longitudinal trends, we can expect crime rates to vary in-
versely with the poverty ratio and directly with the unemployment rate. On
the other hand, if a criminal opportunity approach better accounts for these
relationships, we can expect a direct relationship of crime rates with the
poverty ratio, and an inverse relationship with unemployment rate-

Table 1 presents four initial equations for trends in each Index crime
rate in the United States. I present nonstandardized regression coefficients
in these analyses, since each variable has a scale with substantive meaning
and need not be converted to standard deviation units. In parentheses, I
report t ratios for each coefficient. Equations are numbered across columns
and referred to in the text by these numbers. The positive coefficients for
the poverty ratio equations (1)=(4) indicate that, as the relative income of
the lowest-income group improves, property crime rates rise, although none
of these coefficients has statistically a significant t ratio. The negative sign
of the unemployment coefficients indicates that property crime rates tend
to decline rather than rise with business downturns, although only two of
the four coefficients are significant and then only at the .1 level. The lagged
coefficients are each greater than one, indicating explosive growth in prop-
erty crime rates and no equilibrium point implied. Two of the equations
(larceny and auto theft rates) have Durbin-Watson coefficients which lead
me to reject the null hypothesis that autocorrelation of disturbances is
absent, indicating some degree of misspecification of the model. On the oth-
er hand, equation (1) has an intermediate D / W value, while equation (2)
has one which allows me to accept the null hypothesis that autocorrelation
is absent. These equations are more supportive of a criminal opportunity
perspective than of traditional approaches which postulate a positive rela-
tionship between poverty and crime rates. On the other hand, the weakness
of relationships for the exogenous variables and the risk of autocorrelation
of disturbances suggest a need for further specification attempts.

Table 2 presents forecasting equations for Index crime rates employ-
ing age structure and gross national product (GNP) as predictors. The age
structure variable (the proportion of fifteen through twenty-four year olds
in the population) lacks a coefficient significantly different from zero for
any of the equations (5)-(8). On the other hand, GNP consistently has a
positive, and statistically significant, effect upon these four crime rates. The
Durbin-Watson statistics indicate mixed results, with one equation allowing
acceptance, one rejection, and two allowing no decision about the presence
of autocorrelation. In each equation in Table 2, the significantly negative
constant term implies that crime rates could go to zero even if significant
numbers of persons ages fifteen through twenty-four and a significant GNP
were present. I hope to be able later on to produce other equations which do
not imply that crime rates would vanish under these conditions. Although
equations (1)-(8) may give us a &dquo;sketch&dquo; of the trends during this period,
it can be expected that more direct and careful specifications will produce
clearer findings on both substantive and statistical grounds. In particular,
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TABLE 2. Forecasting Equations Employing Age Structure
and GNP Predictors

See notes to Table 1.

I believe it is fruitful to take a closer look at the trends in consumption of
durable goods and routine human activity patterns as these relate to crime
rates. This task is taken up in the next section.

SOCIAL PRODUCTION FUNCTIONS
FOR CRIME RATES

In this section, I fit several social production functions for reported
crime rates to empirical data. These functions are in the following general
form:

where Rt and Rt-, denote the reported crime rates for years t and t-1,
respectively; X1t, X2t, ... , X nt denote the n predictor variables of Rt in
year t; and a, 0,’Y 1, l’ 2, ... , ’Y n are constants. By taking the natural log of
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both sides of equation (9), subtracting l~t Rt-1. from both sides, and adding
a stochastic disturbance term, et, the following difference equation can be
estimated with ordinary least squares:

Tables 3-6 present equations (11)-(20), which operationalize the im-
pact of offender, target, and guardianship trends upon crime rates in terms
of changes in the age, property, and routine activity structure and, hence,
the criminal opportunity structure of society.

I deal here with only one offender-related variable, the proportion of
the population ages fifteen through twenty-four in year t. Although some
other age categorizations have been attempted, this one serves the fore-
casting goal well. Trends in the structure of property are measured in terms
of three variables. First, to estimate the volume of property suitable for
theft, the total consumer expenditures in year t for durable goods other than
automobiles, both in current dollars for year t and in terms of 1958 dollars,
are used to estimate the volume of property at risk of theft. Second, I con-
sider the number of automobiles per capita that can be expected to affect
auto theft rates. Third, I use the weight of the lightest televisions advertised
in the Sears Catalog as a rough indicator of general trends in the weight of
consumer goods, affecting their ease of illegal removal. (Sears-Roebuck is
the nation’s largest retailer and relabels goods manufactured by standard
companies.)8

Three different measures of the concentration of routine primary
group activities within family-based households are also considered. First,
the labor force participation rate of married women with husbands present
measures changes in the timing of activities which expose these women, as
well as their homes and automobiles, to greater threat of predatory crime.
Second, an &dquo;activity ratio&dquo; is constructed that adds to the number of female
labor force participants with husbands present the total number of house-
holds that are not husband-wife households. This sum is then divided by
the total number of households to provide an estimate of household ex-
posure to risk of crime either because people live alone (without a spouse)
or because, despite the presence of a spouse, labor force participation re-

8. This measure was obtained by taking the weight of the lightest televisions listed in
Sears catalogs for each year of the analysis. The post-World War II era appears to have
spawned a revolution in the design of small durable products, which has fed the opportunity
for property crime. The weights of many consumer durables were also examined through Sears
catalogs, and these goods also indicate a similar decline in weight parallel to that of televisions.
For example, the lightest television listed for sale in 1960 weighed thirty-eight pounds, com-
pared with fifteen pounds for 1970. Similar change was noted for radios, record players, slide
projectors, tape recorders, toasters, and so on, during the period under study.
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TABLE 3. Forecasting Equations for Robbery Rates

See notes to Table 1.

moves both the wife and husband from the household during working hours.
Finally, I take the unemployment rate in year t as a predictor, pursuant to
the discussion under modeling crime trends. I also note that the nonauto
durables expenditures variable described above may capture some of the
change in activities insofar as it measures the circulation of people and
goods over space and time. All of these variables as well as all four crime
rates are transformed into logarithmic scales in order to operationalize
equation (10). While many more equations were attempted than are pre-
sented here, I describe at least two equations for each crime rate whose
trend is evaluated in tables 3-6.

Table 3 presents two forecasting equations for the robbery rate. In each,
the activity ratio has the highest t ratio of the exogenous variables, while the
lagged term has the highest t ratio for any coefficient in the equation. These
equations indicate that age structure has a statistically significant, but sur-
prisingly small, impact upon the robbery rate, with t ratios under 2.0. The
significant constant is positive, indicating that some robbery would persist
even if the other variables went to zero. The equations have standard errors
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of estimate of about j08 naturallog units, which indicates approximately an
8 percent error expected for any given robbery rate estimate. Equation (11)
allows acceptance of the null hypothesis of no autocorrelation, with a
Durbin-Watson value of 1.83. Equation (12) adds the unemployment rate in
natural log units as a predictor, with some improvement in the Durbin-
Watson coefficient. Substantively, equations (11)-(12) are quite interest-
ing, for they indicate that robbery rates increase with greater proportions of
adolescents and higher activity ratios, yet are fairly slow to respond to
changes in these variables because of the strong lagged term. The estimated
coefficient for the latter indicates an adjustment of the robbery rate of
about .23 units per year to changes in its equilibrium value because of
changes in the exogenous variables. Equation (12) suggests a relatively
small impact of unemployment upon robbery, but one in the direction pre-
dicted by the criminal opportunity perspective. The main contribution of
the unemployment rate is to reduce the risk of autocorrelation of dis-
turbances still further by taking into account how the business cycle affects
routine activity patterns and, hence, criminal opportunity.

TABLE 4. Forecasting Equations for the Burglary Rates 

’

See notes to Table 1.
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Table 4 presents the burglary rate equations, which differ from prior
equations in two respects. First, equations (13)-(14) are not difference
equations since the lagged crime rate is omitted. Second, I lag both property
structure predictors (nonauto durable expenditures and weight of portable
televisions) two years to allow time for these changes to work their way into
everyday life styles.9 Equation (13) indicates strongly significant positive
effects of the proportion ages fifteen through twenty-four and the activity
ratio upon the burglary rate. Although the two property structure variables
have somewhat smaller t ratios, their substantive interpretation indicates
that as the weight of durable products such as televisions declines, burglary
increases, while increased nonauto durable consumption also apparently
feeds the burglary rate. The constant term is positive and highly significant,
indicating that some burglary would remain even if the other variables were
zero. The D/W statistic easily allows us to accept the absence of auto-
correlation of disturbances. Equation (14) omits the consumer expenditures
variable, after which the inverse relationship of the weight of light television
sets becomes statistically significant, while the t ratios for the age variable
and activity ratio variable increase to 5.98 and 5.64, respectively. The D /W
statistic (D / W = 2.458), although slightly smaller, still allows acceptance of
the null hypothesis that autocorrelation of disturbances is absent. The stan-
dard error of estimate for equations (13)-(14) makes a 4 percent error in
the burglary rate forecasts likely. Finally, I emphasize that equations (13)-
(14) are algebraic rather than difference equations, because they omit the
lagged coefficient for the dependent variable. Prior analyses indicated that
the latter coefficients were essentially zero for burglary equations, so that
the impact of the independent variables upon the burglary rate occurs
within the period of approximately a year. Equations (13)-(14) are particu-
larly useful for demonstrating that the high Wh values obtained by these
modeling procedures are not necessarily the spurious result of the inclusion
of lagged terms which capture the trends.10

I turn now to the automobile theft rate, for which Table 5 presents two
equations. Equation (15) indicates that the rate of auto registrations per
capita has virtually no net effect upon the auto theft rate. This finding dif-
fers from that of an earlier study by Mansfield et al. (1974). The fact that

9. For a theoretical justification of a two-year lag term and an excellent analysis of how
consumers change and maintain their current stock of consumer durables, see Juster, 1961.

10. While it is also possible to obtain high R2 values with aggregate data for spurious
reasons, and the high R-2A values obtained here may in part reflect the strong trend in crime
rates, it is my contention that these values are of little importance to the theoretical argument.
The signs of the indicators, the relative magnitudes of the coefficients, and the projections here
are the crucial factors demonstrating the comparative strengths of the theoretical perspectives
identified herein. Thus, while it is possible that the R-2As would be smaller if the trends were
weaker, the evidence supporting the theoretical perspective advocated here would be no
weaker. This analysis also indicates that the results reported here are not due to multi-
collinearity among the independent variables, nor do they appear to be affected by use of a
multiplicative, rather than an additive, form of the equations.
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TABLE 5. Forecasting Equations for Auto Theft Rates

See notes to Table 1.

a different time period is examined and other variables omitted in their
study are included may account for the discrepancy. I experimented with
alternative time lags and estimates of the number of new or fairly new cars
per capita, but was still unable to connect auto registration trends to auto
theft trends controlling for the other variables. Equation (16) trims away
the auto registration variable and indicates that approximately half of the
effect of the independent variables upon the auto theft rate occurs in year
t, while the other half of their effect is delayed over a longer period of time.
The almost zero constant coefficient in equation (16) implies that, if zero
values for the independent variables were to occur, there would be no re-
ported auto theft. I

The age structure effect in equation (16) is statistically significant, yet
its t ratio is much lower than the t ratios of the two activity-related vari-
ables. The highest t ratio in this equation (10.2) is for the effect of the labor
force participation rate of married women with husbands present, for whom
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the risk of auto theft probably increases as they leave their neighborhoods
to go to work. The coefficient. for unemployment has a goc~d-~ized ~ ratio
(5.6) and a negative sign, indicating that persons not working (or working
less during a business slump) may be less likely to expose their automobiles
to illegal removal. The standard error of estimate of equation (15) implies
an approximately 3.6 percent expected error in auto theft rate predictions
(i.e., .036 log units). The Durbin-Watson statistic (D/W = 2.04) indicates
that autocorrelation is absent

TABLE 6. Forecasting Equations for Larceny ($50 and over) Rates
Based on 1947-70

See notes to Table 1.
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The forecasting equations (17)-(20) for the larceny ($50 and over)
rate are presented in Table 6. i~ulik~ previous equations, these are esti-
mated on years 1~47--7~, for reasons to be explained in the following sec-
tion. I examine the impact ofnonauto durable consumer expenditures upon
the larceny rates, in both current and constant 1958 dollars, lagging each of
these variables two years to allow time for new consumer goods to circulate
in the society (see Juster, 1961, for a justification of this lag period). I use
current dollars for this equation in order to allow for the fact that the $50
and over criterion is specified in current rather than constant dollars. In
these equations, I again include as a predictor the labor force participation
rate of married women with husbands present, as I believe that these wom-
en are more likely to risk loss of personal belongings as well as automobile
accessories and contents as they carry out their work obligations. I also
include the unemployment rate as a predictor, since I expect dips in the
business cycle to reduce the tempo of activity outside homes exposing prop-
erty to risk of larceny and theft. As before, a young age structure is expected
to contribute to high rates of larceny and theft. All coefficients in equations
(17)-(20) are of the expected sign, except the constants. Age structure (the
proportion fifteen through twenty-four) has insignificant t ratios and hence
was dropped from equations (18) and (20). Equations (1’~)-~(20-) for $50 and
over larceny rates all easily allow acceptance of the null hypothesis of no
autocorrelation of disturbances. The standard error of estimate for these

equations ranges from .045 to .047 log units, which indicates a less than 5
percent error can be expected in any given year when forecasting larceny
rates. I am not completely satisfied with the negative constant values in
equations (17)-(20); however, I note that in equation (19) the constant is
not significantly different from zero, despite its negative sign.

In general, equations (11)-(24) appear to perform rather well on both
substantive and statistical grounds. Yet the major test of the equations is
how well they perform when forecasting reported crime rates. This question
is taken up in the next section.

SOME EX POST FORECASTS
OF PROPERTY CRIME RATES

In this section, I consider how these forecasting equations perform and
can be expected to perform. I anticipate that, for statistical reasons alone,
certain random errors will manifest themselves in the forecasts. On the oth-
er hand, I hope to minimize systematic error indicating serious mis-
specifications in the models. The central concern here is with the pattern of
forecasting error over several timepoints and equations, since any particu-
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lar forecasting success- or f~ilure could easily be interpreted as a statistical
fluke.

In the absence of up-to-date social indicators data, it is difficult to
make forecasts for the near future and to evaluate those forecasts quickly.
However, one can go back a few years to make forecasts of crime rates
which have already been reported, then compare these forecasts with the
reported values. This procedure, (called ex post forecasting) can also help to
evaluate the quality of the equations. This technique is used in this section
for equations (11)-(20) and years 1973-75, data permitting.

This investigation must take into account some reporting changes for
crime data. Two published sources of time series on official index crime
rates in the United States are Social Indicators 1973 (hereinafter called
SI-73) and the Uniform Crime Reports. In the latter, the FBI presents fair-
ly consistent time series estimates for the years 1960 to the present, while
the former contain FBI estimates of time series for the years 1947-72. Each
of these sources presents estimated index crime rates derived from weighted
averages of state-city size-specific rates. At various times, the FBI re-
calculates these estimates based upon new and presumably better informa-
tion. Unfortunately, the SI-73 time series have not yet been updated, and
are somewhat inconsistent with UCR estimates. Hence, data from 1947-72
cannot be used to make forecasts for more recent years without some ad-

justments. For robbery, burglary, and auto theft rates, the inconsistencies
between SI-73 and UCR are minor, and the correlations between time series
from the two sources for the years 1960-72 are .9999 for each of these three
rates. As an adjustment procedure, I calculated regression equations taking
the SI-73 rate as the dependent variable and the UCR rate as the indepen-
dent variable for each of these rates, then substituted the UCR estimated
crime rates for 1973-75 in each of these equations to provide estimated
extensions of the SI-73 time series data to 1973-75. Lines b, h, and n of
Table 7 present these estimates, which are quite close to the UCR version
for the same years (presented in lines a, g, and m of the same table).

The main reason for estimating these forecasting equations (11)-(16)
on the data for years 1947-72 is to leave 1973-75 for ex post forecasts. I
present these forecasts (reconverted from log units into rates per 100,000
population) in lines c, d, i, j, o, and p of Table 7, with the forecasting dis-
crepancies (i.e., errors) presented, respectively, in lines e, f, k, I, q, and r of
the same table. These errors were calculated by subtracting the estimates of
lines b, h, and n from the forecasts based upon equations (11)-(~fl). Thus, a
positive error indicates that a crime rate forecast has exceeded the FBI
estimate of the reported crime rate, while a negative error indicates that a
crime rate forecast fell short of the FBI estimate. Table 7 indicates that the

robbery rate forecasts were too high for 1973 and 1975 and too low for 1974;
the burglary forecasts appear too high for 1973 and too low for 1974 and
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1975; the auto theft forecasts appear to be too high for all three years, but
only slightly so. These forecast errors do not systematically worsen over the
three-year period. 

°

Still another problem affecting the analysis is that the FBI has ceased
collecting $50 and over larceny data, making it difficult to link past and
future experience for this type of crime. Nonetheless, it is possible at least
to assess how well the equations forecast larceny for 1971-72, for which
estimated rates of larceny $50 and over were still available. I therefore esti-
mated equations (16)-(20) only on data from the years 1947-70. Table 8
indicates that 1971 forecasts were too low and 1972 forecasts too high for
these larceny rates. The twenty-five forecast errors contained in tables 7

TABLE 7. Estimated and Forecast Robbery, Burglary, and Auto Theft
Rates, 1973-75

aIn natural log units. All other numbers in this table reconverted to conventional rates
per 100,000.

bBased on two years rather than three.
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TABLE 8. Estimated and Forecast Larceny Rates
($50 and Over), 1971-72

aEstimated rates: 1971 = 909.2,1972 = 882.6. Source: SI-73.

and 8 range from an error of only 4.1 auto thefts per 100,000 for the 1975
forecast of equation (16) (a discrepancy of only 0.9 percent) to an error of
171.8 burglaries per 100,000 for the 1974 forecast of equation (14) (a dis-
crepancy of 12.1 percent). The mean forecasting discrepancy was 4.9
percent over these twenty-five forecasts. An examination of tables 7 and 8
indicates no clear patterns or trends in the forecast errors.

Although any one equation may sometimes forecast poorly for a given
year, the overall pattern of forecast errors is within the range of sampling
error. This can be demonstrated in two ways. First, I calculated three-year
averages (or two-year averages if necessary) for annual forecasts and esti-
mates of crime rates. The forecast errors between these average forecasts
and estimates were calculated as before. The fourth column of Table 7 and
the fifth and sixth columns of Table 8 present these results. For these two-
to three-year averager forecast errors were only 3 or 4 robberies, 50-75
burglaries, 10 auto thefts, and 10-23 larcenies per 100,000 population in the
course of a year. Although any given year may indeed witness some signifi-
cant forecasting discrepancies, these errors appear to even out as more fore-
casts are made.

A second method for assessing the overall performance of the forecasts
is to compare the root mean squared error (RMSE) for the forecast years
with the standard error of estimate (SEE) for the years upon which the
equations were estimated. I find that these statistics are not vastly different
from one another, although the RMSE for burglary rates appears somewhat
higher than the SEE. The forecast performance of these equations offers no
particular reason to suspect that these equations are greatly misspecified.
On the other hand, these statistics do not offer evidence that any one version
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of the forecasting equations is a major improvement upon another. One
might nonetheless use these results to select one equation front each set as
more desirable than the other equations until further forecasting experience
proves otherwise.

What forecast errors are observed here are hardly large when one con-
siders that FBI estimates are always based upon incomplete data,
judgments about which data to discard, and inconsistent reporting by dif-
ferent areas. Much opportunity for computation and publication error is
also present among the many agencies collecting and reporting these crime
data. Taking all these factors into consideration, these equations appear to
have performed quite well in empirical forecasting.

CONCLUSION

The goals in this paper were both theoretical and practical. Theo-
retically, I attempted to provide an account for how social change can pro-
duce changes in criminal opportunities and, hence, in crime rates. My prac-
tical goal was to provide reasonably accurate forecasts of crime rate trends.
I have shown that the traditional cross-sectional inverse relationship be-
tween socioeconomic variables and crime rates does not necessarily apply to
annual changes in the particular crime rates examined here for the post-
World War II United States. On the other hand, consideration of changes in
criminal opportunity appears useful for specifying equations which (1)
perform well statistically, (2) forecast recent crime trends as well as most of
the best econometric models, and (3) conform to substantive knowledge
about human activity patterns. I also find evidence that structural vari-
ables producing crime rates interact statistically and appear to demonstrate
increasing returns to scale, thus indicating that dramatic increases in crime
rates can result from modest changes in trends of predictor variables.

Despite the satisfactory performance of these forecasting equations,
the more traditionally used variables (age, unemployment, poverty, etc.)
might prove more fruitful in explaining crime trends during other periods of
history, within specific communities, or for particular subgroups of the pop-
ulation. In addition, the variables traditionally used in cross-sectional anal-
ysis may have their impact upon the constant term or the lagged en-
dogenous coefficients in these equations, and much additional modeling
and forecasting experience is needed to test the robustness of the findings
reported here. Nonetheless, these equations offer one explanation for why
these rates have increased so dramatically in the United States since 1960.
Furthermore, it should be emphasized that a criminal opportunity per-
spective has implications extending far beyond the empirical evidence re-
ported here. Although the objective of this paper clearly has not been to test
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these implications systematically with a variety of types of empirical data
(e.g., cross-national, cross-community, individual), this perspective has led
to empirically estimated structural equations for national trends in crime
rates that possess standard errors of estimates on the estimation sample peri-
od, and root mean square errors on the forecast sample period, that are
comparable to most of the better contemporary econometric models

The results clearly indicate the efficacy of including criminal op-
portunity factors in explanations and forecasts of crime trends. Although
law enforcement agents, criminal justice planners, and policy makers may
have different notions about what impact forecasting can and ought to have
in the decision-making process, consideration of such forecasts as those pre-
sented here can be useful in policy-making routines without reducing flex-
ibility in policy choice. When linked to relevant organization goals, such
forecasts can provide technical input emerging from systematic procedures
which can aid decision makers in the calculation of optimal policy choices.
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APPENDIX:
Sources of Data

Crime Rates 
° °

Federal Bureau of Investigation, Crime in the United States: Uniform
Crime Reports (Washington, D.C.: Govt. Printing Office, 1947-76); Office
of Management and the Budget, Social Indicators 1973 (Washington, D.C. :
Govt. Printing Office, 1974).

#

Population Ages Fifteen through Twenty-four
Bureau of the Census, Current Population Reports (Washington, D.C.:
Govt. Printing Office), Series P-25, nos. 311, 519, 643, 721. Hereafter, all
such publications are listed under Census Bureau and are following by the
year of publication only.

Female Labor Force Participation Rate, Husband Present

Census Bureau, Historical Statistics of the United States, 1975; Census Bu-
reau, Statistical Abstract of the United States, 1972-76; Bureau of Labor
Statistics, Special Labor Force Reports (Washington, D.C.: Govt. Printing
Office).

Unexnplvyment Rate

Census Bureau, Historical Statistics of the United States, 1975; Bureau of
Labor Statistics, Manpower Report of the President, 1976 (Washington,
D.C.: Govt. Printing Office).

Poverty Ratio

Census Bureau, Historical Statistics of the United States, 1975.

Autos per Capita
Census Bureau, Historical Statistics of the United States, 1975; Census Bu-
reau, Statistical Abstract of the United States, 1972-75; Census Bureau,
Current Population Reports, Series P-25, nos. 311, 519, 643, 721; Motor
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Vehicle Facts and Figures, 1976, (Detroit: Motor Vehicle Manufacturers
Association of America). 

Weight of Lightest Televisions

Sears Catalog (Chicago: Sears-Roebuck, various years).

Nonautomobile Consumer Expenditures, Constant 1958 Dollars

Data Bank used by Bert G. Hickman and Robert M. Coen, An Annual
Growth Model of the United States Economy (Amsterdam, The Nether-
lands : North Holland,_ 1976).

Activity Ratio 

Abbott L. Ferris, Indicators of Change in the American Family (New York:
Russell Sage, 1970); Census Bureau, Historical Statistics of the United
States, 1975; Census Bureau, Statistical Abstract of the United States, 1970-
77 ; Current Population Reports, Series P-25, No. 313; Employment and
Training Report of the President, 1978 (Washington, D.C.: Govt. Printing
Office).
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