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ABSTRACT

Althouoh property crirr° has previously beer discussed in 

a rubber of empirical oarers, property crime by juveniles 

has been iqr.ored despite the fact that the laroer proportion 

of property crime is committed by duveniles.

This paper is an empirical exploration of the 

relationship between economic factors and arrest rates for 

four types of crime: robbery, buralarv, larcenv, and motor

vehicle theft for luveniles under If and between 16-19 years 

of ane. Two sets of data have been used. First, 1971 

cross-sectional data for the United States and second, a 

pooled cross-sectional time-series for the fivp borouqhs of 

New York City for the 1970-1960 period.

Results of this paper indicate that economic factors are 

imrortant in determination of property crire amcnc 

luveniles. The results also indicate th3t probability of 

beino arrested has stronq deterrent effects on the number of 

offenses committed by luveniles. Income factors indicate 

hiaher incidence of property crime in areas with hiqher 
income inequality. Plso, economic factors indicate that a 

hiaher expected return to crime increases the number of 

offenses. Urban areas show a hiaher rnte of property crime 

which miaht reflect the existence of slums and also the 

hiaher concentration of wealth and business activities in 

metropolitan areas.
v



Findinos o* this Daoer suaaest that an increase in 
expected cost of ounishmant would be an effective policy 
tool in reduction cf property crime. R lonq run solution,

however, calls for an increase in the availability of leaal 

earnina opportunities in terns of both quality and auantity 

work.

Vi
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Chapter I 
INTRODUCTION

Traditionally, socioloqists and criirinoloqists have 

approached criminal behavior as the outcome of irrational 

force? which cannot be subjected to theoretical analysis 

- within the framework of economic rationalism. Consequently, 

rehabilitation was viewed as the only crime deterrinq DOlicv 

worth of consideration. Joel Never exnresses this 

traditional view in the followino statement:

Certainty of punishment and detection may deter 
the normal person who thinks about his actions and 
consequences, but the criminal mind does not 
ODerate like a normal mind. The criminal often 
acts irrespective of the conseouences, learninn 
little from experience and livinq for the 
present.1

An alternative to this traditional aporoach appeared in 
the 1960's with the introduction of the economic model of 

crime which assumec that the individual is rational. The 

rationality of the individual does not imply that the 

potential offender is able to perform sophisticated 

calculations, nor does the model assum® perfect knowledqe or 

complete and correct calculations. The attribution of

rationality to the individual does implv, however, that when, 

considerinq behavioral options, a potential offender uses 

information about the costs and benefits attached to various

* Mever, Joel. Triminoloay and Police Science." Journal 
Qi CtLttiaal Law. (1968).

-  1 -
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alternatives. Crime in this model becomes lust another 

manifestation of economic behavior 

involvina choices and thus suhlect to scientific 

examination within the framework of economic theory.

The foundation of the economic model of crime rests on 

the traditional approach to the supply of labor as a problem 

of allocation of time between leisure and work, i.e., 
different tvoe? of Le2 i.£.i*ite activities. In the economic 

model of labor supply, the individual maximizes his utility 
based on two constraints, income and time. Illeqitimate 

activities in this model are iqrored, probably as a result 

of "the attitude that illeqal activity was too immoral to 

merit any systematic, scientific attention."2 Parallels then 

emerqe between the leqitimate and illeoitimate allocation of 
time. As Fhrlich states the case for the economic model of 

crime, "even if those who violate certain laws differ 

systematically in various respects from those who abide by 

the same laws, the former, like the latter, do respond to 

incentives."3

2 Becker, Gary, S. "Crime and Purishment: An Fconomic
Approach.” jQ££nal of Political E£2QQ!I!V» 78:2 
(March/April 1968):169-217.

3 Fhrlich, Isaac. "Participation in Illeqitimate 
Activities: An Economic Analysis." Journal of Political 
EC2D2tBy. PI (Kay/June 1973) : 521-65.
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Thouoh the model Itself was at the micro level (based on 

Individual maximization of utility) , the policy implications 
of the model were at the macro level (how police expenditure 

and other criminal dustice incuts would brinq about an 

optimal level of crime). For example, Pecker says that the 

purpose of writinq his article, ’Trime and Punishment", was 

to answer questions such as how many resources and how much 

punishment should he used to enforce different kinds of 

leaislation.

rcarv S. Pecker's work is the cornerstone of the economic 

model of crime. Pecker essentially arques that potential 

criminals are similar to law abidinq citizens in that they 
rationally maximize their own utility suhject to the 

constraints -prices and income- that they face in the 

marketplace and elsewhere. In Becker's words, "some persons 

become criminals not because their besic motivation differs 

from that of other persons, but because their benefits and 

costs differ."♦ In Becker's view punishment is an important 
part of the cost consideration. Unlike the socioloqists' 

view which focuses on rehabilitation, the economic rcdel of 

crime brinos punishment into the cost calculus for the 
potential criminal. Becker arques that the expected cost of 

punishment is an important factor in prevention of crime. 
The cost of beina involved in illeoitimate activities

* Pecker, Garv, S. "Crime and Punishment: Rr Economic
Approach." JQUtnal of E2litical ES2Q2EiX» 78/2 
(March/April 1968) :1S9-217.
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includes not onlv foraone incore which could have been 
earned in leaitimat? activities, but also the expected cost 

of punishmen*. The expected cost of punishment, L, is qiven 

bv L=o,f, where p is the probability of punishment and f is 

the cost of punishment.

The relative effectiveness of p and f depends upon the 

attitude of the criminal towards risk. If the individual is 

risk neutral, both o and f have exactly the same effect. If 

the criminal is 
risk averse, the effect of f is hiqher than p. Finally, in 

the case of a risk lover, d is rore effective than f.

Recker believes that p is more effective than f, e.q., to 
catch one criminal out of 10 and sentence him to 2 years 

will be more effective for crire prevention than to catch 

one criminal out of 100 and sentence him to 20 years. In 

both cases, however, L (thu expected cost of punishment) 

will be the same. Becker holds, therefore, that the

criminals on averaqe are risk levers, and crime does not
oav.s An estimation of costs and returns to crimes of

r(U) = r U(Y-f) ♦ (1-n) U (Y)
3E(U)

3E(p)
9E(U)
3E(f)

= U(Y-f) - 'J (Y) < 0

= -p U'(Y-f)<0

3E(U) p
  rc =(-U(Y-f) ♦ U (Y) ) (p/U)dp I I'
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theft (robbery, burqlary, larceny, and motor vehicle theft) 
have been shown in Ehrlich’s empirical study which Indicates 
that the expected net qain in burqlary and larceny is 
positive, while the expected net qain in robbery is
neoative. Therefore, robbers appear to be risk lovers 
relative to burqlars and thieves.

Althouoh Becker was the first to systematically
demonstrate the effectiveness of p over f in his economics
of crime model, some earlier criminolooists thouqht
similarly. For example, in 1965 Lord Shawness commented:

Some judoes preoccupy themselves with methods of 
punishment. This is their lob. But in preventinq 
crime it is of less siqnificance than they like to 
think. Certainty of detection is far more 
important than severity of punishment. *

In order to trace the development of the economic model 
of crime and to assess the present status of that model, the 
literature on this subject will be reviewed in two

= £ =D O' (Y-f> (f/0)(I f U I

U(y) - U ( Y - f ) . - L ^  pU'(Y-f) or c \  e 
U ^  U p <  f

or U(Y)-U(Y-f) >
 J $  U ’ (Y-f)The term on the *lett is the averaqe chanae in utility

between Y-f and Y. It would be qreater than, equal to, or
less than s 
U* (Y-f) as U"^0.

• Becker, Gary, S. "Crime and Punishment: An Economic
Approach." Journal of Political Ee c q q e y» 78/2 
(March/April 1968).



cateaories -aeneral and luvenile.
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1.1 GENE&fil

Isaac Ehrlich's 1973 paper, "Participation in 

Tlleaitimate Activities," is important as an initial example 

of the use of the economic model in an empirical analysis of 
crime. Ehrlich's theoretical model is based on an 

individual who wants to maximize his utility, with income 

and time as the constraints. The individual's choice is to 

allocate a fixed amount of time (total time minus a fiyed 

amount of time for consumption) between leqitimate and 

illegitimate activities. Ehrlich reports the results of 
three cross section multinle rearession analyses usinq FBI 

index crime rates for states within the U.S. for 19U0, 

1950, and I960, respectively. Kis independent variables ar? 

a aroup of economic variables which have been sucoested by 

his theoretical model. They include the lepal and illeaal 

income opportunities available to offenders, expected cost 

of punishment (probability of arrest, convictions, and 

severity of punishment), and finally, the probability of 

unemployment. Besides these independent variables, he 

introduces some other variables which are not sucqested bv 

his theory:
a. Percent of all males in the aoe qroup of 1U-2U.
b. percentaoe of norrwhi'tes in the population.
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c. Percentaae of population in standard metropolitan 

statistical areas. Several assumptions are made and

■Justified in order to extend the theoretical model to the

aaareqate level thus facilitatina the use of eqqreqate data 

as indicators of individual-level phenomena. Ehrlich’s 

findinos are summarized as follows:

1. The probability of arrest and conviction has siqnificant

neaative effects on the crime rate.
2.The deterrent “ffect of the severity of runishment has 

been confirmed for almost all offenses.
3. The predicted positive siqn for illeqal income, and the 

predicted neaative siqn for leqal income have baen confirmed 

for property offenses.
. The remainder of the variables (except the percentaqe of 

nonwhite variable, which shows a positive siqn) have 

i n d e t e r m i n a t e  coefficients and insiqnificant t-values.

One n.a1or problem in Ehrlich's study is that he used

available anqceqate-level data with a theoretical model

based on individual behavior. Ehrlich, himself points out:

If all individuals were identical, the behavioral 
function, except for chance in scele, could be 
reqarded as an aqqreqate supply function in a 
aiven period of time.

The problem for "bplich, then, is that his data do not

account for individual differences amono people pertaininq

to their leaitimate and illeaitimete opportunities.
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Contrastina to Ehrlich's model of crime, which assumes 

independent utility functions, Dar.ziqer and Wheeler7 araue 
for interdeoendencv of utility functions. They hold that 

the relative level of leqitimate returns is an essential 

factor in the economic model of crime. Therefore, they 
include in their model not only the aan in absolute income 

of individuals, but also a measure of the aaD in relative 

incom®. Their theoretical model is based on wealth 
maximization. Ustna a sample of 57 larqe SMSA's for the 

period of 1960-1961, Danziaer and Wheeler concluded that an 

increase in income resultlno frcm economic qrowth would 

lead to hiaher crime rates if the distribution of income is 

held constant. To decrease the crime rates, therefore, one 
can choose harsher punishment or redistribute income. Which 

of these policies should be chosen depends on the social 

welfare function which Danziaer and Wheeler do not discuss.

The aroument of Danziqer and Wheeler that the envy of the 

poor for the rich is one of the reasons for crimes committed 

by the poor aaainst the rich may be plausible. However, it 

is empirically difficult to prove. A poor person h2 s a 

lower opportunity cost of boinq put in prison than does a 

wealthy person, and hence the potential profit to commit 

crime is hiaher for the poor. Separatinq this effect from 

the envy effect discussed bv Danzioer and Wheeler, however,

7 Oanziaer, Sheldon and Wheeler, Pavid H. "The Economics of 
Trims: Punishment or Income Redistribution." Review cf
SC2iai E22Q221X. 33 (Pet. 1975) .
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Althouch most of the economic analyses of crime havp been 

based on individual theory of mevimiration of utility by 

usinq aqareaate data, Ann Witte uses a sample of data 

collected at North Carolina prison.* Witte, buildino on the 

theoretical work of Block and Heineke (1975) as w»ll as 

Pecker and Ehrlic*, finds some support for the deterrent 

value of punishment implied in the economic model of crime. 

Witte collects data from a study of the post-release 
activities of 691 men imprisoned in North Carolina in 1969 

or 1971. Her results show that certaintv and severity of 

punishment are neoativelv associated with criminal activity 

and that certaintv of punishment has a qreatar deterrent 

effect than severity of punishment. Witte believes that 
drua addiction amonq her samrle qrcuo interfered with 

provino the neoative relationship between leqitimate 

opportunities and crime rate.

T think a malor problem with individual data used bv 

Witts is the non-random nature of her sample. Nonrandom 
samolino provides estimates of theoretical structures which 

clearlv cannot be used for inferences concerninq members of 

societv who have net already revealed their preferences for 

criminal activities.

* Witte, Ann, P. "Estimating the Economic Model of Crime 
with Individual Data." the. Siertgily Journal of Economic. 
99 (February I960):57-89.
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1.2 j u m u i s

Belton H. ^leisher f 1**56) completed one of the earliest 

empirical studies in the economics of tesnaqe crime. He 

tried to demonstrate the effects of the economic factors 

-unemployment and income- on -Juvenile crime. Recording to 

Fleisher's model, -Juveniles activities are determined by 

three factors: (a) benefits, (b) costs, (c) tastes, whether

leaitimate or illegitimate. In his model, supply and demand 
determine -Juvenile behavior. He defines supply and demand 

in the followinq way:

"demand which shows the tendency or propensity of people to 

commit delincu^nt acts", and by supply of offense, he means 

"the number and value of opportunities for the commission of 

such acts." Because his discussion is about -juvenile crime, 

his data are aqe specific. He used arrest rates and court 

data which show the aqe of offenders. Fleisher used 

multiple recression analysis in order to separate the 

effects of economic factors from sociolocical end taste 

factors.

Fleisher uses two sets of data in his analyses: 

cross-sectioral and time- series.9 The focus of the latter

9 His cross-sectional analyses use three sets o* data which 
ar.» as follows:

a. Court appearances of males aard 12-16 durino the 
vears

1958-1961 for the census tract communities in 
Chicago.

b. Court appearances of males 12-16 for ’45 suburbs of 
Chicago
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was the effect of unemployment on delinquency, while thp 
focus of the former was the effect of income on luvenile 

delinquency. Fleisher's model predicts a positive

correlation between unemployment rate and luvenile

delinouency. If the unemployment rate ooes up, not only
will the leoitimat** earning opportunities for youth ao down 

but also the luvenile's family income will decrease, both of 

which results would lead to an increase in delinquent acts. 

He also included some other factors in order to find the 

true effect of unemployment on luvenile crime. He used a 
dummy variable to distinauish war and peace periods and a 

trend variable to eliminate the lono-term factors 

influencina actual criminality.

In ^leisher's cross-sectional analyses, which focus on 

the effect of income, he separated the demand effect of 
income from the supply effect. In order to separate these 

two effects, the families have been ranked accordinq to 

their incomes and divided info ouartilcs. The mean incomp 
of the second lowest quartile (MFINC2) has been used as a

prorv for leaitimate earninas. The mean income of the
hiahest cuartile has been used as a proxy for

with population of 10,000 or more durine 1958-1961.
c. Arrest statistics for 101 cities of the U.S. with 

population of over
25,000 or more durinq 195P-1961.

His time-series analyses is based on two sets of data:
a. Uniform Crime Reports for the U.S. (1932-19fl).
b. Data published by the cities of Poston, Chicaqo 

Cincinnati throuah approximately 1932-1961.
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illegitimate earnina opportunities. Suppose crime (Y) is a 

linear function of income and some other variables:

(1) Y = a ♦ b MEINC2 ♦ c MEINCU ♦ . ♦ .

If we add to and subtract from the riqht hand side of this 

equation c MFINC2, we will net

(21 Y = a ♦ (b *c) MEINC2 ♦ c (KEIN2U - MEINC2) ♦ . ♦ .

Fleisher called the coefficient of the mean income of the 
poor families (which are expected to be hiahly delinquent) 

the demand effect of income. The coefficient of the 

absolute income qar between rich and poor, (c), was termed 
the supply effect of income. Fleisher arques that the sian 

of c has to be positive; as the absolute income aap bt^ween 

rich and poor (MEI^TH - aoes up, holdirq MEINC2

constant, the illeoitimate opoortunitie®- for delinouents 

would increase leadinq to hiqher criminal activity. The 
sian of (b ♦ c) is ambiquous. This ambiauity results from a 

predicted neaative sian for the coefficient of MHTNC2, b, in 

equation (1). In eouation (1), when the income of the poor 

ooes u d ,  so do both the leaitimate earninq opportunities and 

the opportunity costs of becomina involved in illeqitimate 

activities. Therefore, an increase in ^FTNf:2 would brinn 

about a decrease in crime commited by the ooor.

Fleisher adds to the above-mentioned economic factors, in 

his cross-sectional analyses, the followinq variables:
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a. The proportion of females over fourteen years of aae who 

are either separated or divorced (SFDVFM).
b. A mobility variable which is the proportion of the 

population over five years of aae th3t resided in a 

different county five years prior to the census.

o. The race factor which is the non-white proportion of the 

population.
d. The proportion of owner-occupied dwelino units.

e. Median number of years of schoclinc of the adult 

population.

In his tirre-series analyses, Fleisher finds a siqnificant 

positive relationship between crime rate and unemployment 
for vounc duveniles. His war variable (a dummy variable 

eaual to 1 for war time and zero otherwise) shows positive 

effects for Juveniles and neaative effects for adults. The 

positive effect of the war variable is expected fcecaus® of 

lower parental supervision durino war time. Alongside this 
war variable, Fleisher includes a tine-trend variable to 

account for chanqes such as arowina number of aaencies 

reoortinq crimes to the F.B.I.'s Uniform Crime Reports, or 

improvements in police efficiency in arrestinc offenders 

over time. This time-trend variable shows siqnificant 

positive correlation with crime.
To summarize Fleisher's results, in both his time-reries and 

cross-sectional analvses the effect of unemployment on 
iuvenile crime has been confirmed thounh in the latter the
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effect is less siqnificant. Incone variables show the 

expected sions, i.e., if income of the poor qoes up, crime 

decreases: if the income qap widens, crime increases. The

sicnificancp of taste variables and family structure are 

sensitive to the model specification. Fleisher claimed, 

however, that his purpose was to estimate the impact of 

economic variables rather than socioloqic3l factors. In 

oeneral, the race variable does not show siqnificant 

t-values, but the mobility and north-south dummy both show 

sionificant correlation with crime. The dummy variable 
which separates northern states from southern states shows 

lower decree of criminality in the southern states than in 

the northern states.

Sinqell's results differ from those of Fleisher. Singell 

(1°67) tried to find the effect of unemployment on juvenile 
delinquency by usina two sets of data, cross-section3l and 

time-series. In his cross-sectional investiqetion, h*» used 

census tract data for Detroit for the year 1961. He 
estimated the supply cf offense function with delinquency as 

a function of unemployment in linear and double loq forms. 

His dependent variable was the total contacts with the Youth 

Bureau of the Detroit Police Department divided by the aqe 

specific population. Althouoh he found a positive

relationship between the unemployment rate and delinquency, 

the t-values were found to be insignificant. Fleisher on 

the other hand found the t-values siqnificant. Sinaell
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assumes homogeneity of the census tract population and thus 

uses onlv unemployment as the explanatory variable. This 
assumption remains questionable, however. The unemployment 

coefficients mioht be biased in that the dependent and 

independent variable mioht be affected by a third variable 
excluded in Sina“ll*s model. ft set of socioeconomic 

variables, for example, mioht interact with each other 

oroducino a positive correlation between unemployment and 

delinouency.

Sinaell claimed that median family income should have a 

very hiqh correlation with other socioeconomic factors. 

Therefore, he rateoorized his cross-sectional data accordina 

to median family income and ran separate simple reoressions 

for each cateoorv. These results showed unemployment to be 
insionificant and, thus, inconsistent with his hypothesis 

which assumes unemployment to be a direct cause of

delinouency. Usino the same cateqorization with his
time-series data for th° same oeoqranhic area during the 

period 1950 throuqh 1951, he showed a positive relationship 

between the unemployment rate and delinouency, thouoh 
t-values were still insionificant. Unlike Sinqell’s

cross-spctional analysis, the time-series results show a 

very low P-scuared for both linear and double loq forms. He

arcojnts for the poor results in his time-series analysis by 

citina the followino two reasons:
a. Unavailability of data for youth unemployment.

b. Prolonged periods of youth unemployment resulting
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in vouths not even considering a legitimate 

1ob end, therefore, not counted as unemployed.

Desoite the weakness of evidence, Finoell concludes that 

a decrease of one Dercent in unemployment would lead to a 

decrease in delinouency rates from one-fourth to one-sixth 

of 1 Der cent.

Watcher (1970) redefined Fleisher'? family structure 

variable with the implication of rendering Fleisher's 

economic variables insignificant. The 7H census tract 

communities in Chicaao, which Fleisher himself singled out 

as the most useful data, were selected by Weicher in his 

study. Weicher introduced FAMILY, the ratio of persons less 

than 18 years of aoe who are living with both parents to all 

persons under 18 years, where Finisher had used SPTVFM, the 

proportion of females over fourteen vears of aoe who are 
separated or divorced. Fleisfer introduced SPPVFM to 

represent the proportion of broker families in the community 

eauatino broken families with less parental supervision and 

guidance. Ueicher claims that a better variable for 

indicating broken homes would be FAMILY, which could be 

calculated directly from census data. The statistical 

results after substitution of FAMILY for FPDVFM show that 

unemployment and income of the hichest cuartile (MFINCU) are 

not significant anymore. FAMILY by itself, however, does 
show a significant effect on luvenile delinouency.
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Weicher, like Fleisher, also analyzed delinquency within 

Chicaao on the basis of subarojps of communities stratified 

by SPDVFM. Weicher's results show that the incidence of 

delinouency is hioher for the subqrouD with lower SPDVFM. 

Therefore, Weicher concluded that economic variables are 

sionificantly related to delinouency only where delinquency 

itself is relatively unimportant. The explanation is that 

for the hiqh SPDVFM subaroup, unerplcyment is likely to be a 

normal phenomenon, therefore, it does not represent a 

deviation of current income from normal income to the same 

extent as it does in the low SPFVFM subqrouc. Weicher's 
results provide no hasis to show any "effect of income on 

delinouency".

An article written in 1«75 ty Phillips, Votey, and 

Maxwell addresses the issue of the relative merits of the 

unemp]ovment rate as compared to the labor force 

participation rate as a measure of economic opportunities 

and, hence, as a predictor of crime. Their theoretical 
model is based on the concept of minimization of the cost of 

crime to community. Their data set pertains to California 

counties for the vear 1956. They aroue that labor force 
participation as well as unemployment must be considered 

when relatinc labor market opportunities for youth, to their 

arrest rates. The reason is that youth have low labor force 
participation rates and, therefore, the unemployment rate 

has less weicht because a considerable fraction of youth is
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out of the labor force. Another important reason for 

considering youth labor force participation rate is that the 
unemployment rate reflects the cyclical and short-run 

conditions in the labor market, where participation rate 

caotur° secular chanqes, includinq the influence of past 
unemployment. On the other hand, the problem with this 

approach is that due to a hiqh decree of multicollinearity 
between labor force participation and unemployment, t-values 
are insionificant. Therefore, relative significance of each 

variable is unknown. The relatively larae R-sauared in 

their equations causes the authors to conclude that 

"changing labor market opportunities are sufficient to 

explain increasinq crime rates for youth” in the U.S. during 

the period 1952-1067. Another problem with this analysis is 

its failure to explain why both the labor force 

participation rate for women and their crime rates have been 

increasinq over time.io

Juvenile crime has be=»n ignored for the most part by 

economists since the empirical work of Fleisher despite the 

fact that statistics indicate that £ laraer proportion of

10 Actually, however, the economic model of crime indicates 
that the relationship between crime retes and labor force 
participation for women is ambiguous. If LFPR for women 
increases because of a hioher leqal wage, more time would 
be scent at leoal activities (substitution effect). 
Therefore, a negative siqn for LFPP could be predicted. 
On the other hard, if labor force participation is higher 
due to low marginal utilitv out of housework activities, 
more time would be allocated to markpt work leaving more 
time for both legitimate and illegitimate activities 
(scale effect).
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pronarty crimes is due to -juveniles.

In this study, an attemot is made to improve the economic 
model of crire as determinina the econoric ^actors affectina 

luvenile crime. f.’ot only will data from the 1970*s be used, 

allowing a comparison with Fleirher’s sample of the 19S0,s 

and 19CH »s, but also the model will exrlicitly lncoroorate 

time for schooling as a relevent to -juvenile variable with 

respect to their time allocation.



Chapter II 
THEORETICAL MODEL

He assume each individual has an expected utility 

function qiven by equation (1) .

(1) E(U) = ( 1 - d )  U (Y1, tc) ♦ p U (Y2,tc)

where Y1 is income when not apprehended 

Y2 is income when apprehended 

p is probability of beina apprehended 

F is the discounted value of punishment 

tc is consumption time (fixed) 

tw is work time
tl is time spent in legal activities 

ti is time spent in illeaal activities 

ts is time for schooling

Let T be the total amount of time. Tinea tc is beinq held 

constant the amount of time available for work is fixed and 

therefore:

T - tc = tw ♦ ts = tl ♦ ti ♦ ts

Let us also assume that the waoe rate in the legal market 

(HI) and waoe rate in the illeqal market (Hi) are constant. 

Hance:

(2) Yl = Ul.tl ♦ Hi.ti ♦ sfts)

-  20 -
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and

(3) Y2 = Yl-F = Ul.tl ♦ Mi.ti - F ♦ P (ts)

Where R is the Dresent discounted value of net return to 

schooling.
If we substitute equation (2) and (3) into (1)

(U) F(U) = (l-p) Ul[ Ui.ti+Wl .tl+R (ts)] ♦ p U2[ Wi.ti 

♦Wl.tl-F*R (ts)] .

(5> ftT^* (1"p> W»1 (Wi-Ul) ̂ pU'2 (Wi-f-Ul) =0

(5) 17“  = (1-P)U*1 (r-Wl) ♦pU'2(r-Ul) =0

, 3U . 3 UWhere Ul*= — —  U'2-----
1 3Y1 3Y2

First order-condition is:

(7) _  W1 - W1 p U*2
W1 - Wi - f = (1-p) U'l

The left hand side is the slope of the opportunity boundary

which shows the r3te at which income can be transferred

between the two states of the world. The right hand side is

the slope of the indifference curve which shows the rate at

which the individual is willina to make such a transfer.

Also note that condition for eauation (7) holds if



(9) W i - W l <  f»» 9PWhere f -
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Otherwise reqardless of the attitudes of the individual 

toward risk, he would become specialized in crime.12

The first-order condition also gives us the follovinq 

result:

(9) r = Wl

Where r is the derivative of S with respect to ts. The 

equation (9) qives us the equilibrium value of time for 

sohoolina (ts). In addition to ts, however, the marginal 

return to schoolina would be also affected by the time spent 

in illeqal activities because the probability of carryinq a 
criminal record will be higher. Therefore, expectations of

i i

One of the assumptions of this model is that the
second derivative of pjnishment with respect to ti, F",
is positive. In other words, runishment increases with 
an increasinq rate. The rationale for such 3n assumption 
is that as an individual becomes more involved in 
criminal activities, the probabilitv of getting involved 
in more serious crime goes u p .  An individual, for 
example, miqht start his criminal activities with grand 
larceny and as time passes he miqht aet involved with 
more serious crimes like burqlary or robberv.

*2 The second-order condition will be satistified if the
principal minors of the Hessian determinants of the 
second partial derivaties alternate in sion. A necessary 
but not sufficient condition is that
(l-o) UM (Ul-Wl) ♦ pU"(Wi-Wl-f) ♦ p(** (-FM) <0

If the individual is a risk averse, then UH1,U,,2<0 and 
since FM>0, the first principal minor would become 
neo3tive. If the individual is a risk-neutral l",l,U"2 = 0, 
and U ,2>9, the first prircipal minor would become
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aainful leqal employment must be lower implying a lower 

marginal return to schooling function (see Figure 1). Under 

downward shift of the marginal return to schooling function, 

the individual will be willinq to continue allocating the 

same amount of time to schooling if the legal wage was lower 

so that the opportunity costs of school attendance would 

diminish to match the lower expected return out of schoolina 
due to employment impediments that his criminal record 

entail. On the other hand, with the legal waee fixed, the 

eouilibrium amount of time for schooling will be lower.

wi

V I

r(t!2) r(til)
tswhere til<ti2

FIGURE 1
In this case even for a given value of U1 (the legitimate 

wage rate), an increase in ti will result in a lower 

allocation of time for schooling by an individual.

negative again. In the case of a risk-lover UM1,UM2>0, 
therefore, the first principal minor would become
negative if the valje of -pU'2F" would dominate

(l-o)U"l(Vi-Vl) ♦ o,J,,2(Wi-Hl-f)

If (l-o)nMl(Wi-Ul)*p'JM2(Ui-Wl-f)>-FMpU,2 there would be a 
corner solution, and the risk-lover would become 
specialized in either legitimate or illigitimate
activities.



2U

Considerinq the first-order condition, the offense 
function for an individual could be developed as:

(11) In C = aQ* a ^ n  Hi ♦ a 2ln HI ♦ a3ln f ♦ a^ln p ♦ a^ln r
+ ui

where C=crime rate per a oiven period of time

Pased on equation (9), we assume time for schoolinq as a 

loqlinear function of HI and r

(12) In S = bQ♦ bjln HI ♦ b2ln r ♦ U2

Now solvinq for r in equation (12) , we obtain equation (13)

- I  - i  - t  “ •(13) In r = b2 inS - bob2 - bib2 InWl - h2U2

or (1U) In r = >iln S -Y2 -Y3ln Ul -YjUT

Substitutino (1«) into (11):

(15) In C = a0+ aj In Hi ♦ a2 in HI ♦ a3 In f ♦ a^ln p

a5y)ln S - a5Y3ln HI - a5Y,U2 Ul>3

One assumption is that Ul and U2 are not mutually 
correlated. If, on the other hand, covariance of Ul and 
U2 is not zero, the system is called a system of 
seeminqlv unrelated repression equations. The reason for 
a non zero covariance between Ul and U2 could be that 
those individuals with a tendency for crime might have a 
taste aoainst schoolinq. This neqative correlation 
between Ul and U2 coul1 be the cause for another source 
of biasdness for the estimated coefficients in the 
reduced form of offense function (see A. Zellner, 
•'Estimators of Seeminqlv Unrelated Repressions: Some
Exact Finite Sample Results." ^og^nal of the American 
Statistical assecietian. vol. 59, December 1963).
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Since a5<0, yi >0, we expect time for schooling to be 

neqatively related to the crime rate. Further, In S is 
positively related to U2 because b 2>0, this implies that the 

Cov (lnS,-a ̂ t'2+tyX). **

Therefore,

f*= 6 ♦ COV

Where is the actual estimation of the partial elasticity 

of the crime rate with respect to S, and B is the true 

partial elasticity of S. Given the Covariance of S and 
error term is positive and , this introduces simultanous 

eouations bias which biases the impact of S toward zero. 

The important point of this conclusion is that because the 

covariance of S and the error term (-«%yu2*u 1) is positive we 

may obtain insiqnificant partial elasticity for the S 

variable. However, it may indeed be that the true parameter 

is statistically siqnificant. In essence, under the above

Proof: COV (In S-.-asY,U2+U1) =

E (In S-ffTs) [(-a5Y,U2^Ul) -(-a5 YJU2 + U1)] =

F [ In S (AUJ?*'»1)-In 5 (AU2hTi)-In S(RU2+Ul)+ln S(AU2+U1)] = 

Where P = -^5y,>0
E In S (AU2+U1) -In S (0) -frTs (AU2+U1) ♦In””? (0) =

E In S (A'J2*U1)-fn~~S E(AU2+U1) = E In S (AU2+H1)

Since F(ln S. U1)=0, therefore,
E In S (AU2 + U1) = A E InS (InS, 12). Since both A and E(lnS, U2) 

are positive, therefore, Cov(lnS,-a U2+l’l)> 0.
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condition, the probability of makinq a type II error, i.e., 
S is statistically siqnificant when it is not, becomes zero.

If we assume all individuals are identical, the aggregate 

f j d p I v  of offense will be the same as an individual's, but 

with a different scale. Therefore, the agqreoate supply of

offense could be assumed to be a multiplicative function of

the following form:

ft® ft * ft̂ ft ̂ ft*4(1 6) o/N = p . (A/?r. w r . w r . sD

where 3/N is the offense rate

A/0 is the probability of being arrested
VI is the illeoitmate wage rate 

HI is the legitimate waqe rate 

S is time for schoolinq
P is a vector of socioloqical variables not included 

in the model
If we multiply both sides of equation (16) by A/0, we have:

8° 1+8 ’ 8 2 8 3 8 “(17) A/N = R . (A/0) . Hi . HI . S

Instead of offense rate, the arrest rate is now the 

dependent variable since the aae should be known in our 

analvses.

The difference between equation (17) and (16) is only in 

terms of the elasticity of probability of being arrested, 

but all other variable coefficients would be unchanged.
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Suppose absolute value of the elasticity of d  in eouation

(16) is less than one, then elasticity of p in equation (17)

would be positive which means as probability of being

arrested qoes up, everything else beinq held constant,

arrest rate will qo uo. In qeneral,

y B2 B3 6“A/N = h-. (A/D) . Wi . W1 . S

Note that the theory predicts a negative sign for p in

eouation (16) but the siqr. of p in equation (17) is

ambiguous.



Chapter III 

DATA

This study uses two sots of data: first, cross-sectional

data for 50 spates of the U.S. for tha year 1971, and 

second, pooled cross-sertion3l time-serias data for five 

boroughs of New York Citv for the period 1970-1980.

A. Cross-Sectional Data for the United States:

The dependent variable in this set of data consisting of 

50 observations for the year 3971 is '’arrest rate" for four 

tvpes of property crimes (robberv, burglary, larceny, and 

motor vehicle theft). The F.B.I. Keens the arrest records 

for only 10 y*»ars prior to the current year. Therefore, 

’’arrest rate" data refer to 1971. Most of the data for the 

explanatory variables of the model were collected from the 

1370 census. Information on variables like aae or income 

distribution, which are not available on an annual basis, 

was gathered from the census. Since variables of that Kind 

are unlikely to chanqa drastically from year to year, the 
blendina of census 1970 data with crime statistics of 1971 

can be defended adeouatelv.
B. Pooled Cross-Sectional Time-Series Data for New York 

Citv: The cross-sectional time-series data for the five 

boroughs of New York City (Bronx, Brcoklvn, Manhattan, 

Oueens, and Staten Island) for the period of 1970-1980, 

yield 55 observations. There are no data available for

-  29 -
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arrests prior to 1970 for New York City. Therefore, by 
usina cross-sectional time-series data, we are able to 

auament the number of observations over the alternative of 

usina time-series data only. Another advantaae is that 

"since cross-section for different y°ars are pooled, the 

specification incorporates variations in independent 

variables amonci counties at a moment in time as well as 

variations over time. Thus, it mitiaates tha

multicollinearitv problems that almost certainly would arise 

in time- series".**

The P.P.I. provided unpublished 1971 arrest data for the 

cross-sectional study. Arrest rate data for New York City 

have been collected from unpublished data sources prepared 

for the F.B.I.*s Uniform Crime Report by the New York Citv 

Police department. Dependent variatles are arrest r a t e s  

(for both the U.S. and New York City) rather than offense 

rates. Conseauently, the real offenses committed by 

duveniles most likelv are beinq underestimated for thn 
followina reasons:

1. Police miqht be reluctant to arrest "juveniles.

2. One perpetrator miaht commit many crimes.

*5 Jacobowitr, et al. "Variation in Infant Kortalitv Rates 
amono Counties of the United States: The Poles of Public
Policies and Proorams." [i^n.og£a£hy, ro.U ( November 
1991) .
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3. Crimes miqht not be reported. Nifelski shews in his 
study, for example, that "in delinouency cases, the system 

is a filter where, of every 500 possible luvenile arrests, 

it is estimated that there are two hundred police contacts 

resulting in 100 arr°sts, of these, only UD youths are taken
in, only twenty acpear before a iudqe, and only 2 or 3 are

sent to correctional facilities."**

In offense data (crimes reported to the police), the 

characteristics of offenders are unknown. Consequently, 

economic factors which shape the environment in which

luvenile offenders ooerate, remain unknown. Although 

individual data, cohort data, or court data miqht be used, 

the first two are simply not available. Court data, which 

could be easily obtained are inferior to the arrest data 

which will be used in this study (For example, Fleisher used 
court data as a part of his luvenile crims analysis). 

Arrest data are superior to court data because of such 

problems as sl^a barqaininq in the disposition of rropertv 

crimes in the -judicial system. A study by the Vers 

Institute of Criminal Justice*7 shows that even those 

offenders who reach the court are not ooina to be prosecuted 

for what they have done. Most of the time, due to

** Nifelski, Paul. "Confronting Youth Crime." us. American 
Journal of Sociology, (1969):2C9.

*7 Vera Institute of Criminal Justice, Fellonv Arrests:
Itiait Et25££UlioQ and 2iS£ositign in WL£is Courts. New 
York. 1977.
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conaestion in the system, offenders accept a lesser charqe 

so as to avoid the time consuminn trial. Both criminals and 

Drosecutors aain from this baraain. Tn a sample of 369 

felonies18 in 1973 in New York City, for example, 30% were 
immediately dismissed and the remainino defendants, all but 

two, were allowed to plead auilty to reduced charges in 

robberv cases. In the case of burolary from the same 
sample, 25% were dismissed and 99% of undisir.issed burqlarv 

charaes were reduced to misdemeanors or less. In the case 

of less serious crimes, such as qrard larceny, most of

defendants were allowed to plead auilty to misdemeanor 

charaes. This considerable under-reportino cf crime could

lead to biased results if under-reoortinn is correlated with 
anv of the explanatory variables.

Independent variables which have beer used are more or

less the same for both analyses (the U.S. and New York

Citv). A list of variables and their sources have been

aiven in Table 1 and Table 10.

In dealina with the data used in this study, several

modifications had to be made. For the New York City

analysis, yc-arlv data for all independent variables have 

been available except for Plsck ratio which has been 

estimated for the vears between 1970 and 1980 based on

census data for 1^70 and 1990.

18 Felonies are crimes carrvina a rayirun sentense of mere 
than a year in prison .
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Tn all aqgregate studies to find a aood proxv for 

leaitimate and illegitimate income opportunities presents a 

difficulty. Indeed, at times, the measure used as a proxy 

for leaitimate income in one study is used as a proxy for 

illegitimate incom“ in another. In this study whereas aid 

to families with dependent children has been used as a proxy 

for leaitimate earning opportunities in the New York City 

analysis, the percent of families living below poverty level 

has been used in the cross-sectional analysis. Real ner 

capita income has been used as a rroxy for illegitimate 
earnina opportunities in the New York City analysis while 

median income has been used in the cross-sectional analysis.

Data for real per capita income have been collected from 

the Citv and County Data Book of 1977. The years 197B 

throjah 1990 have not been available. Therefore, I 

prolected the last three years based on the trend of per 

capita income.

Civilian unemployment rate has been used in the analysis 

for luvenile delinquents under 16 in bcth sets of data as a 

proxy for the deviation of income of the families of these 

•Juveniles from its normal level in order to investigate the 

impact of the economic conditions of the parents on juvenile 

behavior. However, teenage unemployment can be used as a 

variable affecting crime since most of teenagers (16-19) are 
in the labor force. Du? to the lack of data for teenage
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unemployment for the U.S. analysis, I utilized information 

on teenaae unemployment for the available years, 1977-1980 

after the followina modification:

where TFFNUN is the unemployment rate for teenaoers and 

UNFMPL is the civilian unemployment rate. Fluctuations of 

teenaae unemployment as w“ll as of unemployment in minority 

arouos miaht be ar;ater thar fluctuations in the averaae 

civilian unemployment rate. Not nakina the unemployment 

rate ane specific "•iaht h? misleading because the impact of 
unemployment on teenaae crime will be underestimated. In 

the case of the New York "ity analysis, however, due to the 

total lack of data for teenaae unemployment, the civilian 

unemployment rate has been used as a proxy for teenaqe 

unemployment.

' 1 9  0 0
(TEENUN /UNEMPL ). UNEMP1.TEENUN

19 7 1



Chapter IV 
CROSS-SECTIONAL RESULTS FOR THE U.S.

In this section, cross-sectional results for the U.S. are 
presented, discussed and evaluated. Table 1 contain the 

definitions and Table ? shows the mean and standard 

deviation of all the variables used in the analysis.

The arrest function has been estimated as follows:

ARijk - -i + a (UNEMPL) + a (D1V0RC) + nt (MEDIN) +  a (LOWIN)
0 1 ? 3

+ a (BLKK) + a (SMSR) + a (DUM) + a (ATTENR) + a (PROAR) + U 
5 6 7 0 9

“ short explanation for each of the independent variables 

enterino our arrest function follows:
1. Unemployment rate (TDTUN) has been introduced into the 

eouation because any increase in this variable would present 

a deviation of income from normal earninqs. Therefore, 

ceteris paribus, we would expect a Positive sipn for 

unemployment unless the individual is not in the labor 

force.
2. Median income (MFDTN) has been introduced as a measure 

for illeoitimate earninos. The theory of economics of crime 

predicts a positive relationship between this variable and 
crime rates. The -fjstif ication for this prediction is based

-  3U -
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TABLE 3 

List of Variables

Variable
Name

Sourca

Beoendent Variables) 
R0B1MR

B’JRIMR

l a °ixp

MVT1MR 

R032MR 

PJR2*R 

LAR2MR 

VVT2MR

Dcfi nition

Arrests for robbery per 30,000 
population for males under 25
Arrests for burglary per 10,000 
population for males under 15
Arrests for larceny per 10,000 
population for males under 15

Arrests for motor vehicle theft 
oer 10,000 population for males

Arrests for robbery oer 10,000 
Donulation for males 16-19.

Arrests for burglary per 10,000 
population for males 16-19

Arrests for larceny per 10,000 
oopulation for males 16-39

Arrests for motor vehicle theft per
10,000 population for males 16-19

FxDlanatery Variables) 

UNEMPL 2

DIVCRC 2

Civilian unemployment rate for 1971 
for all aaos

Oivorce rate (ner cert) for 1971

MFPTN
LDWTN

BLKR

SMSR

Median income of families 1971

Percent of families who live on 
ooverty 1970

Number of blachs ner 10,000 
copulation.
Number of people who live in 
metropolitan areas per 10,000 
population
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DUM

TEENLF

TEFNUN

LFTOTF

ATTENR

PROP.RFI

PPCA.RP

PROARL

P90ARH

see text. Reaional dummy variable ecual to one 
for southern states, zero otherwise

2 Labor force participation rate for
males 16-19

see text Estimated teenaqe uneirploynent 
for 1971

? Labor force participation rate of
all females age 16 and over for 1971

? Daily school attender.ce per
10.000 reaistratior

1 dumber of robbery arrests per
10.000 rotberv complaints.

1 Number of buraalry arrests per
10.000 buralary complaints.

1 Number of larceny arrests per
10.000 larceny complaints.

1 Number of motor vehicle theft
arrests per 10,000 motor vehicle 
theft complaints.

1 = F.B.I.'s Headquarter in Wasbinoton D.C., unpublished
data, 1971.

2 = Statistical Abstract of the U.S. 1973.

3 = bureau of the Census, Population census of 1970
and 1Q80.

u = F.B.I.'s Uniform Crime Report, 1971



TABLE 2
Summary Statistics of Variables

Deoendent Variables)
MEAN

ROSIER .87

P'JRIMP 3.67

LAP1MP 4.38

MVT1VR 2.31

P0P2MP 2.95

PJR2M? 4.65

LAP2MR 5.13

MVT2MR 3.77

EXPLANATORY VARIABLES

I’NEKPL 1.69
TEEM'JN 2.63

TEEHL5, 3.es

LETOTF 3.71

DTVORE 1.20

ME DIN 0 .1
LDUIN 2.36

SMSR 7.84

PROARR 8.09

PROARB 7.24

PROARL 8.24

PROARM 7.29

STANDARD DEVIATION 

1.25 

.65 

. 64 

.PI 

1 .02 
• 47 

.43 

.61

.25

.25

.11

.05

.48

.16

.40
2.95

.39

.31

.27

. 4 3
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on the idea that a? income in the society qoes up, we expect 

an increase in the income of victims or an increase in 

expected return to illegitimate earninas ODportunities which 

oives more incentive to a potential offender to commit more 

crime.
3. The race factor (9LKR) has been included because blacks 

as a minority qroup in the society face certain kinds of 

discrimination and on averaqe earn less income and 
therefore, the possibility of oettina involved in 

illeqitimate activities is hiqher.
U. The divorce rate is introduced as a proxy for family 

structure, since it has osvcholoeical, economic and 

socioloqical impacts on luvenile behavior. An economic 

conseauence of divorce is the family's decreased income due 

to the loss of on® wage earner. Fven thouch a measure of 

incom® is also included in the model, this does not 

necessarily mean that the income effect of broken families 

is being held constant.

5. The daily school attendance rate (ATTCNP) for Dublic 
schools has been used in our egoations as a proxy for time 

for schooling. As we discussed in the theoretical model, a 

neaative correlation between this variable 3nd crime rate is 

to be expected (see Chapter II) .

6. Probability of Arrests (PROOF) has been included as an 

independent variable. In the theoretical model (Charter 

II), it was shown that an absolute value of less than cne
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for the elasticity of arrest rate with respect to 
probability of beina arrested implies a deterrent effect in 

the offense functions. Since offenses, committed by 

luveniles, are not available the averaqe probability of 

beina arrested for each type of crime has been used as a 

rrorv for both aqe qroups.

7. The urbanization factor (SMSP) is expected to have a 

positive correlation with crime. In aeneral, states with a 

hioh d^qree of urbanization are less exposed to crime. In 

aeneral. in a rather traditional society, we expect 

luveniles to be mere under the parental supervision and to 

be more attached to the norms of the society. We also can 

expect hiqher rates of crime in urban areas due to a hiaher 

concentration of people and industrialization, both of which 

mioht cause some psychological and sociological problems.

8. A dummy variable (D'JM) separates the northern states 

from the southern states to see if there is any taste 
difference between the North ar.d the South. The reaional 

dummy variable is oiven the value of one for southern 

states, and zero otherwise. Southern states in the sample 

are Georqia, Kentucky, Louisiana, Maryland, Mississippi, 

North Carolina, Oklahoma, South Carolina, Texas, and 

Virainia. The impact of omitted variables specific to a 
aeooraohic reaion may be reflected in the coefficient of the 

dummy variable. Therefore, a siqnificant coefficient for 
the DU" does not necessarily indicate a taste difference 

between the North end the South.
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Two sets of ecuetions have been estimated. The first set 
refers to males under 16 for each type of property crime 

(robbery, burolary, orand larcer.y, and motor vehicle theft). 

The second set refers to males between 16-1?. Table 3 and 
Table U present results of the arrest functions for males 

under 16 and 16-19 years of aqe, respectively. Overall, the 

sample of 50 states yields the followino results:

1. The unemployment rate does not show sionificant results 

for anv property crimes amonq 1uveniles under 16. The 

estimated coefficient of the unemployment rate for juveniles 

16-19, is not statistically siqnificant either; 2. The 

"demand effect" of income on crime, as measured bv the 

coefficient of LOWTN, shows positive correlation with arrest 

rate. The coefficients, however, are not statistically 

sionificant for all types of crime; 3. The "supply effect" 

of income on crime estimated by the coefficient of MF.DIN, 

shows sionificant positive relationship with arrest rates. 

All t-values are statistically sionificant for both ace 

orouos; 9. The estimated net effect of race is statistically 

insionificant; 5. SMSA as a measure of urbanization shows 
sionificant positive correlation with arrest rate; 6. The 

daily school attendence rate, ATTEND, is statistically 

insiqnificant for all types of crime except for robbery 

amonq luveniles 16-19. ATTENR coefficients for juveniles 

16-19 are mostly neqative and rohbery has a specially larqe 

coefficient; 7. The divorce rate as a an indicator of family
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structure shows sionificant positive effects on crime 
especially amonq teenaoers; 8 . Finally, the dummy variable,

DUM, is insionifleant. Its neoative coefficient, however, 

implies less criminality in the South as compared to the 

North.

Results of arrest functions show that t-values of

unemployment, except for robbery amonq luveniles under 16,

are insinnificant. P11 coefficients of unemployment (except

in motor vehicle theft amonq -Juveniles under 16 and burqlarv 

and motor vehicle theft anona luveniles 16-1?) show neo3 tive 

correlation with arrest rates. This insionificant and

neaative relationship between unemployment rate and arrest 
rates miaht has been caused by the income factors. The 

income variables employed in our empirical investiqation 

(measured income) are proxies for normal income. The 

unemployment rate measures the deviation of income from 

trend. Since measured income is beino held constant, this 

would lead to neqative correlation between unemployment and 
normal income and, thus, to a neoative coefficient for

unemployment if the effect of normal income on delinquency 

was stronq relative to the effect of unemployment and if the 
transitory component of income was laro° relative to the 

normal component. * 9 Another reason why the partial effect of

*9 Fleisher arauer* this point in bis cross-sectional
analysis after he observed some neoative coefficients for
unemployment. This point has been shown by Fleisher as 
follows: Denote measured and transitory income by th*'
subscripts r» and t, respectively.
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tabi.p ?

REGRESSION COEFFICIENTS 
U.S. ANALYSIS 
LOG ESTIMATION 
vTUVENILFS UNDER 16

R 0 B 1 K R  9'JRIMP L P P 1 M R  M V T 1 M R
UNTMPL -.8 -.27 -.09 .09(1.8)* (1.0) (.1) (.1)
DIVORO -.06 .39 .17 .93

(.2 ) (2 .6 )** (1 .2) (2.3)***

METIN 7.2 '4.3 3.2 9.8
(3.9)*** (3.9)*** (2.7)*** (3.8)***

LDUIN 1.09 1.1 l.OU .85
(1.2) (2.2)** (1.95)* (1.9)

RLKP .29 .07 .03 .03
(2.0)** (1.0) (.9) (•“)

SMSP .12 .05 .03 .09
(3.0)*** (2.3)** (1.#) (3.5)***

ATTFNR -3.7 .59 3.1 .3]
(.8 ) (.1) (1.0) (.09)

P 'J * ' -.51 -.25 -.52 -.25
(1.1) (.9) (1.79)* (.*)

P90AR -.26 .66 1.1 .37
(.9) (3.1)*** (H. 2)*** (2.0)**

C -32 -93 -65 -50
(.6) (1.75)* (2.7)** (1.5)

F-STATISTIC
( 9 , 90) 11.5 8.1 6.5 9 .8

P-SOUARFD .72 .69 .59 .68

Absolute values of t-statistic are in rarantheses.

❖ SIGNIFimNT AT 10* LEVEL.
** SIONIFICANT AT 5% LEVEL.

#** SIONIFICANT AT 1* LEVEL.



TABLE 9

REGRESSION COEFFICIENTS 
U.S. ANALYSIS 
LOG ESTIMATION 
JUVENILES 16-19

ROB2M° BUP2MR -LAR2NR MVT2MP
TEEN'JN - . 1 0  . 0 6  - . 0 «  . 0 9

( . 3 )  ( . 3 )  ( . 5 )  ( . 1 )

NSOTN 6.9 1.3 1.9 3.3
(6.5)*** (1.97)* (2.3)** (9.0)**

LOWTN 1.6 .02 .15 .93
(3.2)*** (.08) (.5) (1.2)

*IKP .26 .07 .01 .08
(3.7)*** (1.7)* (-U) (1.56)

SNSR .12 .OU .02 .09
(5.2)*** (2.6)** (1.95)* (2.5)**

ATTFNR -5.2 -.06 1.1 - . 8 6
(1.9)* (.03) (.7) (.9)

BMv -.27 -.21 -.27 -.31
(1.0) (1.2) (1.71)* (1.5)

DIVOPC .20 .23 .29 .19
(1.6) (2.8)*** (3.2)*** (1.89)*

P30AE .39 .65 .63 .99
(2.3)** ( 9 . « ) * * *  («.«)*** (3.6)**

C -21 -13 -25 -29
(.7) (.7) (1.5) (1.1)

F-STATISTIC
( 9 ,  9 0 )  27 12 12.2 1 9 . 3

P-SOUaPF? .35 .73 .73 .76
Absolute values of t-statistic are in naranthesas.

* SIGNIFICANT AT 10* LEVEL.
** SIGNIFICANT AT 5S LEVEL.



the teenaqe unemployment rate does not appear siqnificantly 

different from zero could be, as Fhrlich says, "that
variations in unemployment rate across states reflect

considerable variation in voluntary unemployment due to the 

search for desirable employment."

The coefficient of median income (KFTTN), as a proxy for 

illeqitimate earnino opportunities indicates that a 

sionificant positive relationship exists between MEPTN and 

crime in all equations between the two aoe aroups. LDWIN, 

as a proxy for measuring poverty and income inequality in 

each state, shows a positive relationship with arrest rate. 
The coefficients for LDWIN are sionificant for burqlary and 

larcenv amonq luveniles under 16 and for robbery amonq 

luveniles 16-19.

Amona the other variables, the divorce rate exhibits 

sionificant positive correlation with almost all types of 

crime amono luveniles 16-19. Pmono luveniles under 16, 

however, it is only sionificant for burolary and motor

Y = a ♦ b (MEIND2m - «EIMC2t) ♦ c (^CINCUm - tfFIFCUt)
♦ d (TOTUH) ♦ rJ 

when MFINC2 is the income of lower class families and 
METNCU is the income of upper class families. Assume 
that MFINC2.t and NETNDfit are linearlv related to TDTUN 
(unemployment rate) as follows:

KETNC2t = - e2 TCTUN
MEINDiit = - e« TOTUN

Then
Y = a ♦ b M"INC2m ♦ c YETNCUn. ♦ (be-2 ♦ ceU ♦ d) TOTUM ♦ U 
Therefore, however theory predicts ? negative sign for d,
still the coefficient of TOTUM could be neoative if the
absolute value be2 is bioaer tban (cea d) .



vehicle theft. The statistically s-ianificant coefficients 
for divorce rate support the sociolcoically-based theories 

of delinquency where the family is considered to be of major 

importance in delinquency formation. It should be noted,
however, that divorce could be the result of economic 

factors as well. Tor example, some studies show that amono 

those of lower socioeconomic status, there is a qreater 
incidence of marital dissatisfaction.Also other studies 

claim that youths in hones without fathers have less 

knowledge of the labor marvet.*i This interaction between 

divorce (broken homes) and economic variables, therefore, 
could cause a vicious circle, i.*>., a decrease in employment 

opportunities can cause lower income in turn causing more 

broken homes leadina back to fewer leoal employment 

opportunities for luveniles.

SdSR, which measures the dearee of urbanisation in each 

state, shows a significant positive relationship with arrest 
rates for all tvoes of crime with the exception of larcenv 

for luveniles under IP.

20 Rainwater, et al. £he ^OQih^n ^en.ort and the Politics of 
Controversy. Cambridae, Mass.: MIT Press, 1967.

2* In his study Bullock found that Chicanes in Lcs Anqeles 
had qreater access to factory Jobs than Blacks partly 
because they were more likely to have fathers present in 
the households (see for more detail, Paul Pullock, 

3fS. 2 BB2 ES.Uni£y: CaE££EE ID the laner City Ann 
Arbor: Institute of Labor and Industrial Relations,
University of Miehicran, 1969).
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It is likely that, to a considerable extent our SMSP 

variable reflects the incidence of slums on crime in more 
industrialized states. It has been demonstrated that slums 

tend to create serious Derson3litv and adjustment problems 
for their inhabitants, and therefore, slums tend to breed 

crime. Some other reasons for this significant positive 

relationship between the dependent variable, arrest rate, 

and SMSR, could be the results of, as F.hrlich says, Mmore 

accessibility to (lower direct costs of eng&oino in) various 

criminal activities due to the concentration of business 

activity, the massive communication networks, and tbe 

density of the peculation in metropolitan areas." I, also 

believe that laraer police forces in SMSft’s may lead to more 

arrests.22

The race variable, &LK9, shows significant t-values for 

robberv and burglarv amona luveniles 16-19 and only for 

robberv among luveniles under 16. *!ven though all 
coefficients of this variable show cositive correlation with 

crime rates, its impact is relatively small for all tynes of

22 It is expected that more urbanized areas will have higher 
per capita police expenditure, therefore, SMSR to some 
decree represents the effects of the omitted police
variable. por a aiven locality total crime is consist of 
unreoorted and reported. If additional oolicemc-i will 
result more prevention and detection of crime, the sign 
for police could be positive, since increase in detection 
would cause a positive relationship between police and
arrest rate. Because SMSP is expected to be hichly
correlated with police variable, we can expect SMSR's 
positive relationship with the ■ arrest rate will he 
reenfcreed.
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prooertv crimes exceDt for robbery. In addition to inferior 
leoitimate opportunities amono tlacks, their specific labor 

market difficulties could be underestimated when the overall 

unemployment rate is used. An unemployment rate specific to 

the niven sub-population, should reflect discouraqed and 

underemployed workers which are iqnored in conventional

statistics of unemployment.

The reqional dummy variable (DUN) has a neoative

relationship with arrest rate for all types of crime. 
Larcenv for both ace qrouos is the only property crime which 

has a sionificant t-value for DUN. The neqative siqn of the 

coefficient of D'JM indicates lower arrest rates in th«* South 

as compared to the North. Some omitted variables mioht

explain this result. The existence of a more traditional

societv, however, with stronaer family structure in the 
South, could also provide an explanation. A comparison of 

results between the DUN and the SMSR suqoests that urban 

differences are more important factors in the determination 

of crime than reoional differences.

Elasticities of the offense rate with respect to the 

probability of beinq arrested have be*»n estimated and shown 

in Table *.

Results of this table show that the coefficients of 

probability of beina arrested are sionificantly less than 
one, except in the case of larceny anenn "Juveniles under 16.



TABLF S

ESTIMATED ELASTICITIES OF PROBABILITY 
OF °EINO ARRESTED IN OFFFNSF FUNCTION

RDB1MR -1.26

BUR1MR - 0.3U

LARIYR tO.10

MVT1MR -0.63

RDF2MR -0.6

B'JR2MR -0.36
LAR2MR -0.36

MVT2MR -0.F6

* SIGNIFICANT AT 1 0 S LEVEL.
## SIGNIFICANT AT 5* LEVEL.

❖** SIGNIFICANT AT 1* LEVEL.

ESTIMATED
T-VALUES

1 .6 
0 .3

3.3**#
3 .6***

2 .6U**
2 ,«8** 

u .an***
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These results indicate that, if the probability of heinq 

arrested increases, offense rates anono males under 16 and 

among males 16-19 will sianificantly decline. The

sionificant neoatlve correlation between offenses and the 

probability of beina arrested implies that the demand for 

commitinq crime is downward slopinq lust as the demand for 

any other commodity. If the relative price of any commodity 

rises less will be consumed. Thus, if we raise the cost of 
commitinq a crime, fewer crimes will ie committed. 23

None of the coefficients of A7TFNF shows any siqnificant 

t-statistics, except in the case of robbery for the qroup
1S-19 years of aae. F-values also do not show siqnificant 

results for ATTFNP coefficients (see Table 6 ). This 

insiqnificance C3n be attributed to the biasdness of the 

estimated coefficient as explained ir. chanter II.

If ATTpNP would be drooped out of the eouation (see Table 37 

and 30 , results would remain more or less the same in terms 

of t-values and macnitude of the coefficients.

23 Most of th° economics of crime studies indicate that 
punishment does deter crime, e.o., Leibowitz (1965),
Fhrlich (1975), Phillips and Votey (1972). All these 
studies usinq both cross-sectional and time-series 
conclude that punishment deter property crime es well as 
violent crime such as rape and murder. Althouah 
theoretically the deterrent effect of expected punishment 
could be hiqh, in practice the perceived probability of 
beinq arrested by an individual criminal miqht be lower 
than the true probability. Therefcre, increasinq the 
knowledae of the potential criminal with raaard to the 
true probability of beina arrested should decrease the 
likelihood that the potential criminal would choose to 
commit a crime.



TABLE 6

F-TFST FOR THE CONTRIBUTION OF 
ATTFNR IN EXPLAINING CRIME 
U.S. DATA

UNDFR 16) 
ROP1MR

F-VALUF

1 . 6

B'JRIMR o•o

LAP1MP 1.1

MVT1MR 0.0

16-19)

R0B2MR 3.3*:=

5UR2MR 0. 0

LAR2MR 0 . 0

NVT,?MP 0. 0

* SIGNIFICANT AT LEVEL.
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As discussed in chanter I, Phillips and Vctey araued that 
labor force particination rate should be included in the 

s u d d I v  of offense function to reflect both the secular 

changes includinq the influence of past unemployment rates 

and the considerable fraction of youtb who are out of the 
labor force. T a b l e  7 shows the results of equations 

includina labor force participation rate for males 16-19, 

TSFNLF. None of the coefficients of TFFNLF are siqnificant.

Unlike Fleisher's cross-sectional analysis results, the 

above findings indicate that the partial effects of 

unemployment rate on the luvenile crime rate are 

insionificant. Income factors, on the other hand, carry the 
expected positive siqns which have been confirmed in 

Fleisher's study. The divorce rate as a proxy for family 

structure, unlike Fleisher’s firdinqr, shows statistically 

sionificant correlation with crime. Althcuqh the

coefficients of the reqional dumrry variable are negative, as 

in Fleisher's, the t-values are not sianificnat, unlike 

Fleisher's. For the race variable, while Fleisher found 

insianificant t-values for all types of crime, this studv 

shows statistical sionifirance for both aq? oroups, and for 

buralary amonq luveniles 16-19. Fven thouoh the t-values 

are found to be sionificant, however, their impact is found 

to be very small.



TABLE 7

REGRESSION’ COEFFICIENTS 
LOG ESTIMATION (U.S DAT®) 
JUVENILES 16-11*

R037MP BUR2MP LAR2MR MVT2MR

TEEN'JN -.2« .09 -.0005 .19
(.0) (.5) (.003) (•U)

MEDIN 7.1 1.3 1.3 3.3
(5.7)*** (1 . A 7) * (2 .1) ** (3.9) ***

LOWIN’ l.U .06 .76 .55
(2.9)*** (.2) (.9) (l.U)

«LKR .26 .09 .91 .OB
(3.A) *** (1.7 5)* (.U) (1.5)

SMSP. .12 .OU .02 .OU
(5.3) *** (2 .6 )** (1.96)* (2.5)**

attfns -5.2 -.09 1 . 0 -.69
(1.96) * (.05) (.6 ) (.U)

DIV0E9 .26 .21 .20 .16
(1.37) * (2.5)** (2.7) *** (1.5)

TEFNL** -1.0 .25 • 5S . U 3
(l.U) (.5) (1.59) (.7)

r>MM -.23 -.2? -.31 -.33
(.e) (1 .2 ) (1.95)* (1.5)

PROAR • U6 • 6 U . 5 U .UU
(2 .U)** (U . 7 ) *** (U ,U) (3.5)***

C -1A.3 -13 -26 -25
(.7) (.7) (1 .6) (1 .2)

F-STATISTICS 
( 10, 39) 25 10 . 6 11.7 1 2 . P

9-SOUARED .A6 .73 .75 .76

ABSOLUTE VALUES OF T-STATTSTIO ApE If! PAPANTKESES.

* SIGNIFICANT AT 1 0 * LEVEL.
** SIGNIFICANT AT 5% LEVEL.

### SIGNIFICANT AT 1* LEVEL.



The cross-sectional analysis in this paper, in qeneral, 
indicates that MU’DTN contributes the ircst tc an rxolanation 

of the property crime rate, followed by the probability of 

beina arrested and urbanization variables. The lacK of 

sianificance of th*» other variables, could be the result of 

undetected multicollinearity.



Chapter V 
RESULTS FDR NEW YORK CITY

This chapter presents the Ordinary Least Squares 

rearessions of the New York City data for the period of 

1970-1980. The dependant variable is arrest rates 

cateqorized by different property crises (robbery, burqlary, 

larceny, and motor vehicle theft) and aae (under 16 and 

16-19). The loa estimation of arrest functions is in the

followina form:
ARi 1k = ao♦ 3 i (P^OAR) ♦ a2 (TOTUN) ♦ a3 (pFALIN) 

a* (ASSISR) ♦ 3 5 (DIVRTE) ♦ ae (PLKFT) ♦ a7 (ATTEN°)

♦ 3 e(TIME) ♦ a 9 (02) ♦ a10(D3) ♦ en(DU) ♦ ai2(D5) «• U

when ap is the arrest rate for property crimes. The i 

subscript refers to the ith time period, 1 refers to the 1th 
aae aroup, and k refers to the kth type cf crime. All 

variables are in the loq form except the time trend (TTCC) 

and the dummies (D?, 03, DU, and P5) differentiatinq the

intercept of the five borouqhs of New York City.

Ihe variables:

Table 8 lists all symbols for the variables used in our 

equation for New York City and provides a short description 

of each of the variables. Table ° includes m*»an and standard 

deviation of dependent, and independent variables.



TABLE 8

LIST VADIABLES FOp NYC ANALYSIS

Name Source
OF VARIABLES

DEPENDENT? VARIABLES)

PM1R 1

PM1R

LM1P

MVTM1R

PM2R

RM2F

L^2P

MVTK2P

1

1

1

Definit ion

Arrests for robbery oer 10,000 
oopulation for male? under 16

Arrests for burqlary per 10,000 
population for males under 16

Arrests for Larceny per 10,000 
population for males under 16

Arrests for motor vehicle theft 
per 1 0 , 0 0 0 population for males 
under 16
Arrests for robbery per 10,000 
population for males 16-19

Arrests for buralary per 10,000 
oopulation for males 76-1?
Arrests for larceny per 10,000 
population for males 16-19

Arrests for motor vehicle theft 
per 1 0 , 0 0 0 Population for males
16-19

INDEPENDENT VARIABLES) 
TDT"N 2

PEAITN

A3FTSR

3

8

Civilian unemployment 
rate for all aqas

Real rer capita income
Per carita aid to families with 
dependent children

DIVRTE

RLKPT

Number of divorces per 10,000 
population
Number of blacks rer 10,000 
population
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ATTEN3

PROPR

D2 , D3 
pa, D5 see text

Averaae daily school attendence 
per 1 0 , 0 0 0 registration.

Drop-out rate far 9-12 grades

Dummy Variables tc differentiate 
intercepts of the five boroughs 
of New York City

PROARR 

PROARR 

PR0&RL 

PRCPRM

1

1

1

Number of robbery arrests per
1 0 . 0 0 0 robbery complaints.

Number of burolary arrests per
1 0 . 0 0 0 buralarv complaints.

Number of larceny arrests per
1 0 . 0 0 0 larceny complaints.

Number of motor vehicle theft 
arrests per 1 0 , 0 0 0 motor vehicle 
theft complaints.

1 = New York Police Headouarters, unpublished arrest
records prepare! for T.P.I.

2 = U.S. Department of Labor, unpublished data ,
and Employment Review, July 1976.

3 = City and County Data Book, 1977
i* = Vital Statistics of the U.S., Department of Health, 

Education and Welfare.

5 = Bureau of the Census, Population Census of 1970 
and 1930.

5 = The State Education Department, Bureau cf 
Educational Data.

7 = New York State Statistical Yearbook 1S79/80.
5 = New York State, Department of Social Services, Monthlv

Reports.
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TABLF P
Doscrintlv® Statistics d * "at* 

MEAN STANDARD DCVIPTIDN

PM1R 

PM IB 

LM1P

m v timp

F*2P
RM?p

LM2P

MVTM29

TO TUN

PSSTSR
Pi A LIN

PL KPT

DIVPTF

ATTFNB

DPO^R

PPOftPP.
PDPP.RP

PPOAPL

PR OARM

A.5 
A. 6 

3.2 

3.5
5.1

5.2 

3.A 
A.6 

1.A8 
-. 5A 

e.75 

2.85 

3.1 
8.71 

2.30 

7.78 
16.9A 

6.82 

6.°3

.67 

.'49 

.93 
. 3 A 

.90 

.59 

1.0 
.50 

. 3 A 

1.35 
.25 

.59 

• A5 
. 2 A 

.31 

. 2 2  

.32 

. Al 

.51
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Reside? the independent variables already discussed in 

the precedino cross-sectional analysis (e.q., unemployment 
rate, divorce rate, and attenoence rate), the followina 

variables have been introduced for the Dooled 

cross-sectional time-series analvris:
1. Hid to families with dependant children (ASSIST) has 

been used as a pr^xy for leoitirrate earninas. The reason 

for usinq ASSISR instead of LDV’IN which was used in the 

cross-sectional analysis is that data on the distribution cf 

income for the period of 1970-1980 are not available. 

Therefore, AS^ISP has been utilized as the best available 

proxy for leaitimate earninq opportunities.

2. °eal ner capita income (PFALTN) has been used instead of 

MFDTN as a proxy for illegitimate earnina oooortunitiesis 

due to the lack of data on median income for the period of 

1970-1980 for New York City.
3. 0 time trend (TIMC) has b°en used in order to eliminate 

the effects of son® variables which are not included in the 

model and have beer affectim crime over time, for instance, 

increase in the efficiency of police in apprehension of 

crininals in the oast years. Another important reason for 

usina a time trend is that, in the last few years, the white 

population has been movina out of New York City. The 

percent of blacks in the oopulation, therefore, has been 

increasina. At the same time, crime rates in New York City 

have been also risinq due to an overall increase in crime



for the United States as a whole. If we do not include a 
time trend, the coefficient of the race variable might be 

overestimated.

U. Four dummv variables (D2, P3, DU, and D5) have been

introduced to differentiate the intercepts of the five 

borouqhs of New York City as follows:

when D2 = eouals one for Brooklyn, zero otherwise

D3 = equals one for Manhattan, zero otherwise

DU = equals one for Oueens, zero otherwise

D5 = equals one for Staten Island, zero otherwise

The preliminary results for the New York City analysis 

are shown in Table IP and Table 19 for -juveniles under IE 
and -juveniles 16-19, respectively. Because the New York 

City studv is a cross-sectional time-series analysis, the 

homogeneity of data in terms of intercepts cculd be 

questioned. In ord^r to test the homcaeneity of the data 

sample, the followina procedure has been emrloyad:

If we assume that all borojahs have the same intercepts, the 
constrained function could be represented in the following 

form:
Y = at ♦ a, X, ♦ + . . . ♦ aaXn+ l’l

when Y is the arr°st rate, Y,through Xn^te the socioeconomic 

variables and U is an error term. If we add four dummies, 

the unconstrained equation becomes:
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Results of the above analysis of variance are shown in table

1 0.2*
As the results of Table 10 show, all F-values are

sionificant except for 8M1R and MVTM2P. These siqnificant 

F-values indicate that the intercepts of each of the five 

borouahs are different. Therefore, dummies should be 

included in the model.

estimated arrest functions for males under 16 and 16-1R

years of aqe have been shown in Table 11 and Table 12,

respectively. In equations where autocorrelation was

detected the parameters have heen reestimated usina the 

Cochrane-Orcutt technique (see appendix A for more details).

** The F-value is calculated as follows:
(ESS - ESS ) u______ c

(k-1 )
F (k-r, n-k)  -------------------

(Ussu)
n-k

where
FSS = Explained sum of squares of the unconstrained 

equation.
FSS = Explained sum of squares of the constrained 

aquation.
USS = Unexplained sum of squares of the unconstrained 

eouation.
K-r = Daqrees of freedom in the unconstrained minus 

decrees of freedom in the constrained.
n-k = Total number of observations less the decrees 

of freedom in the unconstrained ecuation.
The above formula ultimately reduces to:



t a b l e  10

ANALYSTS OF VARIANCE 
NEW YORK CITY DATA

F-VALUF
PM1R 5.5**

PN1P 0.0

LN1R '4.8*#

MVTM1R 1 2 .0**

PN2R 5.8**
RN2P !».6 **

I.N2P t».l**

MVTM2P 1.66
* SIGNIFICANT AT 5* LEVEL.

** SIGNIFICANT AT IS LEVEL.
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TAPLE 15

REGRESSION COEFFICIENTS 
NEW YORK CITY DATA 
LOG ESTIMATION 
JUVFNILES UNDER 16

PROAR

TOTUN

ASSTSR

REALIN

DIVPTF

PLKPT

ATTEND

TIMF

D2

P?

DU

D5

RM1R

. 2 2
(1.5)
.12(1.0)
.005(.«>
-.11
(.3)
-.71
(2.6)**
-.79
(.5)
.U1(.«)
.07 
(2.0)**
.09
(.?)
.7(1.0)
-.5(1.0)
- 2.1
(2.3)**

BMin

.60
(2. P) *
-.07
(.5)
.01(.*)
.19
(.5)

- .59 
(1.8E)
.99(.6)
.35
(.3)
.02
(.U)
-.03
(.07)

.39(.2)
-.10(.1)
-.07
(.06)

LM1R
.19
(.7)

.U5
(1.5)

-.02
(.5)
.96(.8)
.Of
(.07)

.50(.6)
2.9
(1.9)

.12
(1.3)
.6*
(3.0)

2.1(l.U)
.1°(.2)
-.25(.1)

f'VTMlR 

• 8U
(7.5)***

.21
(1.3)
.006(.2)
2.1
(3.6)***
.06
(.1)
1.2
(3.0)***
1.79
(1.5)
.02(.“)
.UU(1.2)
.23

7.3)
1.1
(2.5)** 

3.3(U.l)***

F-STATISTICr> _ u 
R-SOUA*»ED

3.0
(.3)
17.5
1.79
.85

-3.3
(.3)

9.0
1.66
.57

-35.0
(1.5)

78.3
2.36
.89

-91.7 
(3.3)'
12.9
1.86
.78



A b s o l u t e  v a l u e s  o f  t - s t a t i s t i c  a r e  i n  paran t h e s e s .

* SIGNIFICANT AT 1055 LEVEL• 
** SIGNIFICANT AT 5S LEVEL. 
*** SIGNIFICANT AT IS LEVPL .
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T.APLE 12

REGRESSION COFpFICTFNTS 
NEW YORK PITY ANALYSIS 
LOG ESTIMATION 
MALFS 16-19

RK2R RM2R LM2R FVTM2R

PROAR -.30 .OA .31 .09
(.°) (.1 ) (1.3) (.«)

TOTt’S . 2A .35 .17 -.09
(.") (1 .1 ) (.“) (.3)

P.3STSR .03 -.007 .0 ? -.009
(.8 ) (.1 ) (.«) (.2)

PEALIN’ 3.7 U. 5 5 .0 A .0
(3.3)#** (A.1 )#*# (3 . A) (3.5)##*

PIVPTE -.5? -.65 -.80 - . 1 0
(.6 ) (.8 ) (.8) (.1)

^L^PT .09 .A3 -.7A .25
(.1) (.5) (.*T) (.3)

ATTFNR 3.1 3.1 A .5 3 .2
(1.5) (l.«) (1.5) (1.5)

TIMF .19 .20 .37 . 13
(2 .0 )** (2 .2) ** (3.0) #** (1.3)

02 .55 • A7 1 .0 . A6
(.8) (.7) (1 .2) (.5)

D3 .A6 -. 5A • 87 - . 2 1
(.3) (.3) (.«) (.1 )

PA -1.0 -1 . 0 -1.1 -.51
(1 .1 ) (1 .1 ) (1 .0) (.e>

05 -1.3 -.62 -2.5 - .AT
(.9) (.«) (1 * A) (.3)

C -52.7 -63.0 -7A -60.2
(2 .2)** (2.9) (2 .6) ** (2.5)

F-STATTSTTC
( 1 2 , A2 ) 2 0 .A 1 0 . 6 23.7 5.9
D — VI 2.00 2 . 0 0 1 .89 1 ,9A
P-SO'JAPED .85 .75 • P7 .62



65

Absolute values of t-statistic are in parantheses. 
* SIGNIFICANT AT 10* LEV£L,

** SIGNIFICANT AT 5* LEVEL.
*** SIGNIFICANT AT 15? LEVEL.
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A positive relationship between unemployment and crime 

has been predicted by economists for individuals vho are in 

the labor force, but the rian of unemployment for the 

-juveniles under 16 is ambiauous for the following reasons:

a. Income effect. As unemployment goes up, parents* income 

will decline. Juveniles under 16 years of age are expected 

to be livina with their parents. Consequently, an increase 

in unemployment will affect -juveniles* income indirectly 

and, thus, lead to mere -juvenile crime. ^ore snecifically, 

for -juveniles from lower income families, i.e., usually

families where the wage earner is an unskilled, blue-collar 

worker, fluctuations in the unemployment rate are more

sianificant. The reason is that durina recessionary periods 

fluctuations of unemployment rate among blue-collar (mostly 

unskilled labor) are much hiaher than amonc skilled labor.

Therefore, the family income of potential offenders from

lower income families would be relatively more affected 

leadino to an increase in blue-collar crime (robbery, 

buralarv, larceny, and motor vehicle theft).
b. The quality of parental supervision. Some studies 

rredict a negative sion for unemployment amona juveniles

(** - / (x-i)

<1-R*) / (n-k)

The subscripts u and c denote unconstrained and 
constrained equations respectively.

F(k-rf n-k)



under 16. For example, Glaser,** aroues that, durino the 
periods of hioh unemployment, the amount cf time available 

to unemployed parents for supervision triqht increase leading 

to lower juvenile crimes. The major criticism of Glaser's 

aroument is that °ven if the amount of time for parental 

supervision increases durino a period of unemployment, the 

oualitv of supervision miqht decrease. We can expect an 

unemployed rerson to have the osycholoqical problems of 

frustration and depression which wculd lead to reduce th° 

quality of supervision. Another criticism of Glaser's 

aroument is that durino recessionary periods the amount of 
time for narental supervision mioht even decrease since some 

parents who would ordinarily be at home, i.e., not part of 
the labor forc°, would ba reauired to enter the job market 

and to spend increased time looking for jobs to compensate 

for the loss of income of the parent who had usually been 

the waoe earner. So in the families of potential juvenile 

offenders both cualitv and quantity of parental supervision 

rioht decrease durino periods of unemployment.

Since the theorv cannot determine the sign of 

unemployment rate on crime committed by juveniles undpr 16, 

empirical studies would be helpful in clarifyinq the siqn of 

the unemployment rate. The empirical work usina aqorenate 
d3 ta suqoests that increased unemployment, particulary

Glaser, Daniel, at al. "Grime, Aoe, and Unemplovment." 
^aittC9D £2£iQl2aiC9l °eview. 2 :  5 (October 1959):679-06.
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•juvenile unemployment, will lead to moderately hiqher 

overall crime rates.26 The New York Citv analysis in this 

study shows that a positive correlation exists between 

unemployment and arrest rates. The t-values, however, are 
insianificant for both ane orouos. Althouah the civilian 

unemployment rate is not aqe specific, it is beinq used in 

this study as a proxy for the unemployment rate amonq 

-juveniles between 16 to 19 years old, since aoe specific 

data are not available for that nroup. The same civilian 

unemplovment rate is a relevant independent variable in this 

study for 1uv®niles under 16 since it represents their 

parents' unemployment rate. One problem with usinq this

civilian unemployment rate for -Juvenilies 16-19 is that the 

fluctuations in that rate do not reflect all the severity of

26 Studies usinq individual data provide oreater insioht 
into the nature of the relationship between unemployment 
and crime. Empirical studies by Vera institute
(Sviridoff, M. and J.W. Thompson, LiQkasSi Between
ElC.lftYC?2Di SO.! i Quali_tative SiiliY of Pikers
EilaasSS. Working Paper, Vera Institute of Justice)" and 
Rand (Petersilia, J. et al. ClilLiQal Careers of Habitual 
E£l2D5» Santa Monica, Calif.: The Rand Corporation 1972.) 
suooest that the nature of the relationship depends on 
the type of crime and type of individual. Sviridoff and 
Thompson identify four distinct tvpes cf relationship 
between unemplovment and crime:
a. Offenders who alternate between employment and crime.
b. Offenders who mix employment and crime. Those
individuals use their
leoitimate 1ob as a front, as do fences and drua 

dealers.
c. Offenders involved in white-collar crimes or employee 

theft need leqitimate -fobs which make crime possible.
d. Offenders who are firmly committed to crime as their 

primary means of support.
For the qrouD b and c, unemployment makes criminal 

activity more difficult. For aroun d, unemployment rate
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teer.aqe unemployment which is usually hiqher. Therefore, 

the impact of unemployment or property crimes amoro 

luveniles 1 6 - 1 0 mioht be

Unfortunately, the aqqreoate data do not qive a measure 

of 1ob auality. Havinq simply more lecal 1ob opportunities 

does not necessarily indicate more attraction to leoal 

activities, because a laroe number of workers miqht 

experience low quality 1obs with a hiqh deqree of 

insecurity. Studies utilizinq individual data have been 

able to provide a better Droxy for dob duality (the waqe an 

individual receives).

Aid to families with dependent children (ASSISR) does not 

show any sionlficant effect on crime. Our proxy for 

illeqitimate earninq opportunities (RFALIN) shows

sionificant positive correlation with all types of crime for 

males 16-19 and for only motor vehicle theft amono 

iuveniles under 1*5. The unemployment rate shows a positive 

relationship with the arrest rate of juveniles under 16. 
The income effect of unemployment is likely to dominate the 
neoative effect of the increase in the amount of time 

available for parental supervision due to beino unemployed.

is irrelavant, and only those criminals who are in qrouo 
a (alternate between employment and crime) can be 
exnected to react sinrificantly to a chanqe in
unemployment rate.
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Focusinq on unemployment and ircone for a aiver level of 
income, uncmolovmDnt is shown to be an insignificant 

determinant of the Drooertv crime rate whereas, qiven the 
rate of unemployment, income is indeed significant. Hence, 

the property crime rate amona luveniles is hiah not because 

of the dearee of unemployment, hut because of the deqree cf 

poverty.

The sociolooical factors (divorce rate, race factc’’, and 

dropout rate), which have been introduced into the model, do 

not show any siqnificant effects on property crime.

One important findina is that the estimated arrest 

functions reveal a sionificant neoative correlation between 

the offense rate and the probability cf beino arrested. As 

discussed earlier in the theoretical rodel, the relationship 

between probability of beino arrested and offense rates 
could be necative as lono as the elasticity of the arrest 

rate with resoect to the probability cf beina arrested is 

negative and/or the absolute value is less than one. The 
elasticities of offense rates with resoact to the 

probability cf beinq arrested art shown in Table 13.

All the elasticities of offense rates with respect to the 

probability of beinq arrested have a negative sion. All 

except two (^MiR and MVTM1R) show significant t-statistics.
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PLASTICITY OF OFFERSP FUNCTIONS 
WITM RESPFCT TO PROAR 
NFW YO°K CITY DATA

MNCFR 18) 
PM1R 

PM1R 

LM1P
MVTMIO

ELASTICITY
-.78

-.90

-.88
-.18

PRSOL’JTF wftL’JFS 
T-STATISTIC
5.5***

1 .90*

U.7***

1.6

15-19)

RN2R

PM2P
LN7R
yV?M20

-1.30-

-.96

-.69

-.91

3.6*** 
2.9*** 

3.0*** 
9.3***

* SIGNIFICANT AT 10?? LEVEL•
** SIGNIFICANT AT 5% LFV^L.

*** SIGNIFICANT AT li? LEVEL.
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The stroncest result in the New York Citv analysis is 
that expected punishment in the forir of probability of beina 

arrested serves to deter crime. Therefore, we nay be fairly 

certain of the deterrent effect of punishment and that the 
economic model of crime is useful to explain the behavior of 

criminals. The strona deterrent effect of Drobability of 

punishment does not necessarily imrly that crime should be 

reduced only throuqh increasina the probability of 

punishment. If the expected punishment for one tyne of 

crime ooes up, reduction in that crime miaht occur due to 

substitutability amonq different crines. In such a case, an 

increase in the other types of property crime will be 

observed. Therefore, as an example, if punishment for 
robberv is raised to death penalty, the number of robberies 

mioht decrease thouqh the number of murders miqf.t increase. 

Pobbers riqht think that to kill their victims would not 

increase the expected ounishment, assuminc robbery carries 
the maximum punishment, but would decrease the likelihood of 

beino arrested since identification of the criminal by the 

victim is not possible.

Plthouoh poolino of data in cross-secticnal time-series 
can increase the deqree of freedom, the problem of 

multicollinearitv is prevalent due tc> inclusion of dummies 

differentiatinq th° intercepts of the borouohs. Therefore, 

to detect the partial effects caused bv each variable would 

be difficult. The total effect caused by all explanatory



73

variables, however, miaht be very significant. In the New 

York City analysis, for example, the aoodness of fit is 89% 

for LM1R. The t-st3tisti=s, however, are insianificant (see 

Table 11). Table 16 (simple correlation matrix) also 

indicates a very hiah simple correlation between some of 

these dummies and other Independent variables. P3, for 

example, has a simple correlation of 0.83 with PEALIN and 

also -0.83 with ATTENR. Thus, the evidence indicates that 

th° problem of multicollinearity miaht be sianificant in the 

New York City analysis. An insionificant t-value,

therefore, is not sufficient evidence for believina that the 

variable is not important in determination of crim**.

The results in terms of the R-sauared indicate that 

larceny has the best fit, followed by the robbery for both 

aae aroups. In the cases of buralary and motor vehicle 

theft, however, motor vehicle theft for ■’uveniles under 16 

shows 3 tetter fit as compared to the buralary for "Juveniles 

15-19. As discussed in the Analysis of Variance, dummies 

should be included in ord<»r to find unbiased estimates of 

the coefficients for all explanatory variables The 

possibility of multicollinearity micht be reduced by 

eliminatira the 0IVPTr variable showing no significant 

t-statistics and no sianificant F-values. The PIVRTF 

variable shows a very hiah correlation with TOTUN (0.80) and 
with the time trend variable (C.?0) causina

multicollinearity.
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Results after elimination of TIVRTF have been shown in 

Table 26 and Table 27. In these equations parameters have 

been reestimated when the autocorrelation problem has been 

observed. Comparison of results before and after exclusion 

of DIVFTF does not show any significant chanoe in the values 

of t-statistics except when PROPP for RM1P becomes 

statistically siqnificant or when BLKPT for BK1R also become 

statistically siqnificant.

Since all the equations were estimated in the lcalinear 

form, the estimated coefficients represent the elasticity of 

response of arrest rate to chanqes in the independent 

variables. The hiohest elasticities in most of the 

repressions are associated with the elasticities of offense 

rate with resoect to probability of beinc arrested for 

luveniles under 16. In equations for luveniles 16-19, 
partial elasticity coefficients of PEPLTN and PTTFNR are in 

the elastic ranqe with the coefficient of PFPLIN beina the 

most elastic.



Chapter VI 

SUHMARY AND CONCLUSION

The effects of economic factors on "iuvenile crime for two 

aae groups (under 16 and between 16-1®) has been tbe sublect 

of thir study. Ordinary Least Scuares was used for the U.S. 

as a whole in a cross-sectional analysis and for New York 

City in a pooled cross-sectional tiir.e-series. Cur results 
indicate: (1) In aeneral, both analyses show insignificant

partial elasticities for unemployment in the determination 

of property crime; (2) Income factors carry sions consistent 
with the theoretical model. Proxies especially for 

illegitimate earnina opportunities show statistically 

sianificant positive correlation with property crime, 

’’esults for the U.S. indicate that MFblN, specifically, 
contributes the most to the explanation of the property 

crime; (3) The predicted partial elasticities cf offense 

rate with recrect to tha probability of b e m c  arrested show 

sionificant negative values for both aae croups for both 

samples; (U) The divorce rate evhitits sianificant positive 

correlation with property crime in the cross-sect ion. The 

New York City analvsis, however, does net fully support the 

above conclusion except in cases of robbery and burqlarv 
amono luveniles under 15. This sianificant correlation 

between divorce and crime miaht result from the absence of 

father role model in broken homes in addition to lower

-  75 -
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levels of income which broken families minht experience; (5)

The race variable, in aeneral, is in sianificant and has a
verv small elasticity in cases with sianificant t-values;

(61 the southern states have a lower crime rate as compared
to the northern states. Stronaer family ties providinn

hioher parental supervision in addition to stronuer

attachment to norms and value? could be the reason of low

crime rates in the South; (7) A stronq positive relationship
exists between the urbanization factor and arrest r a t e

showino a hiaher property crime rate in urban areas.

Positive and sionificant martial elasticities for the Smsr

variable miaht reflect the incidence of slums and also

areater accessibilitv of various criminal activities due to

the concentration of business in metropolitan areas.

Economic factors are significant in the determination of

Iuvenile property crime. These economic factors, however,

cannot be considered more important than socioloqical

factors. Badzinowicz summarizes these thouahts as follows;

rconomic factors are still a maior factor in the 
etioloav of crime. They are so by their direct 
impact and by their indirect influences ever many 
other social circumstances and moral attitudes.27

The nature of aaqreaate data limits the appropriate 

measurement of unemployment amono teenaqers. Aae specific 

data, if it were available, would be a more accurate

27 Padzinowicz, Leon. "Economic Pressures." In Leon 
R3dzinowicz and Marvin E. Wolfqana (eds.), Qcim?. and 
sJlStiGS# 2nd ed., New York, Basic Pooks, 1S77.
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measure. Fven if it were available, howaver, it would not 
be a true measurement of unemployment amono trenacers since 

it would reflect neither those who dropped out of the labor 

force due to discouraqem°nt nor the factor of job duality. 

Further studies investiaatino the effects of more 

comprehensive unemployment measures on juvenile crime would 

be beneficial.

An increase in leoitimate earninc opportunities appear to 

be itior° effective in reducina juvenile procerty crime over 
time than an increase in expected purishment. Although an 

increase In expected punishment is shown in this study to 

deter property crime, to see this factor as the solution 
would be risleadino. Besides the cost of increasina 

expected punishment becoming prohibitive to the society, the 

fact of substitutability ai?ona rroperty crimes makes that 

solution ineffective. If the relative eypected cost of 
punishment in one type of crime is increased, simply a shift 

to another type of crime would result. A more effective 

policv, then, should concentrate or increasinq lecitimate 

earnina opportunities.

Instead or simply considerinq the magnitude cf 

elasticities of economic factors in relation to crime, 
consideration should also be aiven to the cost of 

manipulating these economic factors. Further cost-benefit 

analyses, therefore, in the area of juvenile crime would he
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beneficial to determine not only effective but also 

efficient policies in fiahtina crime.



Appendix A 

COCHRANE-ORCUTT ITERATION TECHNIQUE

Usinq Durbin-Watson Statistics, autocorrelation has been 

detected in some equations. The autocorrelation could have 

been caused because of

a. inertia. Due to the Dooled cross-sectional time-series 

data for New York City, variables have cyclical variations. 

Therefore, successive observations are likely to be 

interdependent.

b. the manipulation of raw data. For example, since yearly

data for the black population's share in total population

have not been available, annual data were generated under

the assumption of a constant yearly qrowth rate as between

the census years 1970 and 19E0.
This averaqina introduces smoothness into the data 
dampeninq the fluctuations.... therefore.... This 
smoothness may itself lead to a systematic pattern 
in the disturbances.*8

Equations with the problem of autocorrelation have been 

corrected by the Cochrane-Orcutt technique which is as 

follows:

1. Obtain ordinary least squares estimates of
y= a + b X + Et t t

Gularati Damodar, Basic Econometrics, KcGraw Hill Co., 
1978.

-  79 -
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and calculate the residuals El E2 • • • • En. Use these to

aet the ”first round” estimate of p , say, p

(t=2,3 n)

2. Construct new variables (Yt — and (X t and

obtain ordinary least sauares estimates of

(vt“x t-i (xt+ Xt.p + ut
where a*+a(i-p) • These ”second round” estimate which may

be called a and b, 1« ' ‘ " nd round” residuals El • . .

proceed as ir. step 229

These steps are to be followed untill the values of the 

estimators convert*®.

Because data are cross-sectional time-series, there are 

four oaps which exists in the data, therefore, Durbin-Watson 

cannot be calculated as usual. For New York City data, a 
new version of the TSP software packaae, 3.5c, have been

29 Kmenta Jan., El2.ien.ts ^f Econometri.cs, the Macmillan Co., 
New York, 1971.

A

■i.
Fn

3. Construct new variables 1(rt -pYt_i)and (Xt-pX ̂ jand then

= 2,3 n
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used which c o n s i d e r s  th e s ?  f o u r  aaos (see  a p p e n d ix  C) .



kppendix B 

PROPERTY CRIHE DEFINITION

1. Robbery: robbery is the takino or attemptirq to take

anvthina of value from the care, custodv, or control of a 

person or persons by force or threat of force or violence 

and/or by puttinq the victim in fear.

?. Burqlary: the uniform crime report procram defines

buralary as the unlawful entry of a structure to commit a 

felony or theft. The use of force tc qair. entry is not 

required to classify an offense as burolary. Burqlary in 

this orooram is cateoorized into three subclassifications : 

forcible entry, unlawful entry where no force is used, and 

attempted forcible entry.

?. J.arceny: larcenv is the unlawful takino, carryino,

leadinq, or ridina away of orooerty from the possession or 
constructive possession of another. It includes crimes such 

as shoDliftinq, oroduct - Dickino, curse - snatchinq, thefts 

from motor vehicles, thefts of motor vehicle parts and 

accessories, bicycle tnefts, etc. in which no use of force, 

violence, or fraud occurs.

u. Motor Vehicle Theft: Tn UCP, motor vehicle theft is

defined as as the theft or attempted theft of a motor 

vehicl®. This definition excludes the tekina of a motor

-  P2 -
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vehicle for temDorarv us? by those persons havirq lawful 

access.



Appendix C 

C

The preliminary results for the New York City analysis 

have been shown in Table 18 and Table 19.

C.0.1 EtafeiSf Ql lUt2S2LC§latlon

The Durbin-Uatson statistics indicate that a problem of 

autocorrelation exists in some of the eauations. Since data 

are pooled cross-sectional time-series, Durbin-Uatson 

statistic cannot be calculated in the ordinary way. There 

are 55 observations, 11 for each borough. Therefore, at 

four places in the data, the last observation of a 

particular borouqh preceeds the first observation of the 

followinq borouqh. The Durbin-Uatson statistic is defined 

as:

Usinq the above formula, the last disturbance term of the 

first borouqh would be subtracted from the first disturbance 

term of the second borouqh in the caluculation of 

Durbin-Uatson statistic. This mixing of data would happen

n

ea
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at four data points. In order to avoid this, four imaginary 

qaos have been qiven to the data between each borouqh. The 

latest version of the T3P software packaoe (TSP 3.5c) has 

been used for the correct calculation of Durbin-Fatson. The 
same technicue of usino four imaoinary qaos has been 

emoloved to avoid problem of mixinq the disturbance terms 

when data have been corre-ted for autocorrelation.

Table 19 and la both show sionificant F-statistics and 

also very larae R-squared. hs we discussed in the chanter 
IV, the dummies differentiatinq intercepts of five borouqhs 

should be included. Althouah t-values of intercepts show 

sionificant results, inclusion of dummies make them 
insionJficant. Results of equations after adairq dummies 

02, P3, DU, R5) are shown in Table 17 and Table 20. The 

inclusion of dummies increased not only the Durbin-Watson 

statistic (ree Table 22), but also th° intercepts of 

equations amonq luveniles under 16, became statistically 
insionificant. Th° Door levels of significance of the 

intercepts *cr 1uv°niles under 16, probably indicate that no 

important variables were excluded from the model 

specification.

C.0.2 Etable® Het£L9skedasticity

Given that the data used in this study are 

cross-sectional, the problem of heteroskedasticity .must be
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considered. Alternatively stated, the cff-diaoonal elements 

o? th“ variance-covariance matrix of the disturbance term
are varyina in size with an independent variable. One

reason to consider heterosKedasticity is that in states with 

a areater population the average rroperty crime is hiqh and, 
therefore, the variation around this level could be higher 

as compared to states with a lower level of population. 

Hence the variance of the disturbance term in states with a 

areater copulation might be positively correlated to the 

5HSP variable which by itself is hiohly related to the level 

of ooDulation. To test whether or not the

heteroskedasticity exists, the Glelser30 test has been done. 

The procedure is as follows:

a. Ordinary Least Squares estimation of equations have been 

used to aet the disturbance terms .

b. The SMSP variable has been reqressed or the square of

the disturbance terms. ThP beta coefficients and

t-statistics of th& SMS3 have been shown in Table iu. Ps 

the results of this Table indicate, no heteroshedasticity 

exists. Therefore, the Drdinary Least Souares regression 

coefficients are PLUS. In other words, reoression 

coefficients are not onlv unbiased, but also efficient.

3° Kennedy, Peter. & £ slide to PcoQome tries, The HIT Press, 
Hass.:3 990.
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t a b l e : i u

TEST FDR HETEROSKEDASTICITY 
U.S. DBTA
FRROR TFFMS REGRESSED DN S^SP

Coefficient T-s
POPl'IR .01 .5
B'JPIMR .01 .7

LAR3MR .02 1.0

HVT1MR .01 .9

P0R2^R -.00«> .7

BJP2MR -.0005 .09

LA«?MR .00* .9

MVT2MR -.005 .8

tatistic

* SIGNIFICANT AT 10* LEVEL. 
** SIGNIFICANT AT 5% LEVEL. 

*** SIGNIFICAM? AT IX LEVEL.
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TAB1.F.

SIMPLE CORRELATION MATRIX 
U.S. ANALYSIS

TOTUN TEENUN TEENLF DIVRTE LOWIN NEPIN
TOTUN 1.0 .84 .04 .04 -.29 .37
TEENUN 1.0 -.17 -.004 -.07 .18
TEENLF 1.0 .17 -.60 .57
PIVRTE 1.0 .10 -.06
LOW IN 1.0 -.90
NEPIN 1.0
BLKRT
SHSR
ATTENR
DUN
PROARR

PROARB
PROARL
PROARM

[

I

15

PLKRT SHSR ATTENR PUN PROARR PROARB PROARL PRO#
-.13 -.15 .03 -.28 -.09 -.06 -.16 -.1
.16 -.006 -.11 -.45 .20 .18 -.27 -.2
-.17 .01 .02 -.45 .20 .18 .25 .15
.06 -.09 .14 .08 .12 .05 .0? .21
.36 .01 -.35 .80 -.15 -.14 -.08 0.0
-.16 -.04 -.49 -.68 .10 .16 .10 .05
1.0 .37 -.48 .58 -.28 -.03 -.14 -.3

1.0 -.32 .13 -.01 .003 .05 -.1
1.0 -.13 .14 -.11 -.07 .12

1.0 -.21
1.0

-.20
.79

1.0

-.20
.51
.68
1.0

-.1
.49
.40
.42
1.0



TABLE lf>

SIMPLE CORRELATION MATRIX
NEU YORK CITY ANALYSIS

TOTUN ASSISR REALIN DIVRTE BLKRT ATTENR TIME PROARR PROARB PROARL PROARH 02 03 04 OS
TOTUN 1.0 -.18 .06 .80 .61 -.32 .56 -.29 .38 .52 .40 .29 .28 -.07 -.5
ASSISR 1.0 .02 -.15 -.39 .03 .01 .30 -.13 -.17 -.27 -.20 -.04 -.15 .43
REALIN 1.0 .18 -.16 -.86 -.10 -.36 -.61 -.09 -.02 -.39 .83 .13 -.0
DIVRTE 1.0 .53 -.48 .81 -.31 .22 .52 .36 .12 .41 -.05 -.4

BLKR 1.0 -.01 .11 -.40 .46 .55 .73 .41 .22 -.11 -.9
ATTENR 1.0 -.18 .39 .50 .02 -.46 .01 -.83 .02 .08
TINE 1.0 -.02 .24 .32 -.03 0 0 0 0
PROARR 1.0 .45 .20 .03 -.06 -.3 -.4 .38
PROARB. . 1.0 .76 .38 .23 -.30 -.4 -.2
PROARL 1.0 .71 .03 .17 -.24 -.4
PROARH 1.0 .10 .40 -.4 -.6

D2 1.0 -.2 -.2 -.2
03 1.0 -.2 -.2
04 1.0 -.2

OS 1.0

vOO'



91

TABLE 17

REGRESSION COEFFICIENTS 
NEW YOPK CITY ANALYSIS 
LOG ESTIMATION
NOT CORRECTED FOR AUTOCORRELATION 
JUVENILES UNDFB 16 
DUMMIES APE INCLUDED

RM1R BM1R LM1P MVTM1R

PROAR .65 1.12 .19 .89
(U. 3) *** (7.2)*** (.7) (7.5) *rt*

TOTUN • 99 .39 . 9F .21
(i; ,0) *** (2.3)** (1.5) (1.3)

ASSISR .009 .02 -.02 .006
(.9) (1.3) <.c> (.2)

PEALIN -.22 .02 .96 2.1
(.4) (.05) (.6) (3.6)***

DIVRTE .19 -.08 .06 .06
(.5) (.2) (.07) (.1)

RLKPT 1.12 1.1 .50 1.2
(7.2)*** (3.2)*** (.6) (3.C)***

A TTFNR .61 .52 2.9 1.79
(.7) (.5) (!.“) (1.*)

TTMF -.01 -.001 .12 .02
(.9) (.09) (1.3) (.9)

D2 -.11 .06 .*6 .99
(.9) (.2) (1.0) (1.2)

03 .90 .69 2.1 -.23
(1.9) (.9) (l.“) (.3)

D'4 .90 .68 .1? 1.1
(1.0) (1 .6?) * (.?) (2.5)**

P5 • 96 1.5 .05 2.3
(.7) (2.9) ** (.07) (7.2)***

C -9.0 -12.1 -35.C -91 .7
(.9) (1.2) (1.5) (3.3)***

F-STATTSTIC
( 12, 92 ) 93 92. 3 2e.7 12.9



o*>

0 - y 1.76 1.53 2.36 1.86
R-SOUaPFD .96 .92 .e9 .78

* SIGNIFICANT A? 10# LSVSL.
SIGNIFICANT AT 5% LEV?L.

«=>« SIGNIFICANT AT 1# LFVSL.
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TABLE 1 8

BM1P LM1R MVTM1P

REGRESSION COEFFICIENTS 
NEW YORK CITY DATA.
LOG ESTIMATION 
JUVENILES UNDER 16

PM1P

PROAR .69
(5.2)***

TOTUN .30(2 .2)**
ASSISR .01

(1.70) *

PEALIM .7
(1.97) *

DIVRTE .36
(5.0) ***

BLKRT 1.0
(7.0)***

ATTENR .90
(3.3) ***

TIME -.005(.1)
r -2U.9

(5.9)***

F-STATTSTIC
( 3, 96 ) 103
D - W 1.98
P-SOUAPEr .9U

* SIGNIFICANT A'*’ 10* LEVEL. 
** SIGNIFICANT AT 5* LEVEL. 

*** SIGNIFICANT AT 1* LEVEL.

1.1 .29 .93
(10) (1.5) (3.9)***

.26 .20 .39
(1.91)* (.7) (.02)
.03 .01 -.02
(1.70)* (.?) (.9)
.UP 1.1 .69
(1.97)* (1.92)* (1.85)*

-.36 .3? -.39(1.0) (.0) (.6)
.35 .69 .02
(2.6)** (2.7)*** (.1)

.01 .19 .82
(.05) (.1) (1.99)*
.09 .05 .06
(1.2) (.5) (1.0)
a.f -19.«= -12.9
(2.1)** (1.9) (2.1)**

56 31 6.7
1.16 1.66 0.97
.59 .89 .53
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TAPLE 19

REGRESSION COEFFICIENTS 
NEV YORK CITY ANALVSIS 
LOG ESTIMATION 
J'JVENILES 16-19

RM2P FU'29 1"2R PVTM2P

PR OPR . 5'4 .76 .52 .15
(1.72) * (2.7)*** (2.3)** (.9)

TOTUN .25 .29 .23 .07
(.7) (.?) (.5) (.2)

BS3IS9 .06 .03 .05 .007
(1.3) (.8) (1.0) (.09)

°EALIN 2.3 1.6 2.6 1.9
(3.7) *** (2.9)*** (3.5)*** (3.7) ***

riVPTF -.32 -.97 -.39 -.10
(.3) (1.1) (.3) (.1)

PLKRT 1.28 .7* 1.0 .50
(3.7) *** (2.0)** (2.66)** (1.77)*

ATTENR .6 6 .29 .2« 1.0
(1.0) (.«) (.3) (2.5)**

TI*r .10 .15 .12 .OP
(1.1) (1.78)* (1.7U)* (1.0)

r» -29.0 -18.1 -29.7 -2" .0
(7.B) *** (1.96)* (2.3)** (3.3) ***

F-5TATISTICS
( 8, US ) 21 10.4 27.9 7.6
D - V 1.65 1.75 1.07 1.92
P-SOl’ARFD .79 . 60 .92 .56

* SIGNIFICANT AT 10* LEVEL.
** SIGNIFICANT AT 5Y LFVFL.

*#* SIGNI^IC"NT AT 1“ LEVEL.
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- TAEL? 20

REGRESSION COEFFICIENTS 
NEW YORK CITY ANALYSIS 
LOG ESTIMATION 
JUVENILES 16-10

RM2R BM2R L*12P MVTM2R

PROAR -.30 .09 .31 .09
(.8) (.1) (1.3) (.A)

TOTUN . 2U .35 .17 -.09
(.P> (1.1) (.A) (.3)

ASSISR .0? -.007 .02 - .009
(.P) (.1) (.A) (.2)

P:ALIN 3.7 U . 5 5.0 « .0
(?.3)*** (a.1) *** (3.a)*** (3.5)

DIVRTE -.55 -.65 -.80 -.10
(.6) (.8) (.8) (.1)

OLKRT .00 ,U3 - .71) .25
(.1) (.?) (.7) (.3)

PTTFNP 3.1 3.1 l) .5 3.2
(1.5) (1.6) (1.5) (1.5)

TIMF .10 .20 . 37 .13
(2.0)** (2.2) ** (3.0) *** (1.3)

02 .55 .D7 1 .0 .96
(.8) (.7) (1.2) (.6)

D3 .96 -.5A • 37 -.21
(.3) (.3) (.A) (.1)

OU -1.0 -1.0 -1.1 -.51
(1.1) (1.1) (1.0) (.8)

05 -1.3 -.62 -2.5 - .1)7
(.9) (.A) (1 • A) (.3)

C -52.7 -63.0 -7U -60.2
(2.2)** (2.3) *** (2.6) *** (2.5)

F-STATISTIC
( 12, A2 ) 20.U 10.6 23.7 5.3
0 - W 2.00 2.00 1 .80 1.9A
P-SOUAPFD . °5 .75 • P7 .52



V  V  V

; SIGNIFICANT AT 10% LEV 
• SIGNIFICANT AT 5% LFVF 
‘ SIGNIFICANT AT 1% LEVFL.

r1
 c«i



TAPLF 21

REGRESSION COEFFICIENTS 
LOG ESTIMATION 
U.S. ANALYSTS 
DUM IS NOT INCLUDED

R032MR «UR2f'R LAP2MR MVT2MP

TEENUN -.10 .0 U -.10 -.003
(.«) (.2) (.6) (.006)

m f DTN 7.0 1.U1 1.52 3.5
(6.5) *** (2.0)** (2.3)** (U.l) *

LO'JTN 3 .92 -.11 -.03 .2P
(3.1)*** (.3) (.1) (.7)

RLEP .23 .05 -.01 .OU
(3.7)*** (1.3) (.3) (.9)

smsr .12 .OU .07 .on
(6.2)*** (2.6U)** (1.8)* (2.5)*
» * •

ATTENR -5.6 -.29 .68 -1.2
(2.1)** (.1) (.5) (.6)

DIVORC .20 .23 .2tt .19
(1.62) (2.8)** (3.2)*** (1.9)*

POpAR .39 .67 .72 .92
(2.3)** (5.0)*** (9.6)*** (3.9) *

r -18 -11 -22 -21
(.6) (.6) (1.3) (.9)

^-STATISTICS
( 9, UO ) 37.3 13.2 12.? 15.3

R-SOUARED .85 .72 .71 .79
* STONIFIC»NT AT 10% LEVEL.

** SIGNIFICANT AT 5V LEVEL.
*** SIGNIFICANT AT 1% LEVEL.
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TABLE 22

DURBIN-WATSON STATISTICS AFTEP 
CORRECTION FOR AUTOCORRELATION 
NEU YORK CITY DATA.
LOO ESTIMATION 

UNDFR 16)

RH1P 
RN1R 

LH1P 

MVTM1R

16-1«>)

RM2R
OSipP

LM2P

MVTM2R

WITHOUT DUMMIES 

1.95 

1.72

2.06 

1.57

2.01
2.04

2.16

2.03

WITH DUMMIES 

1.79 
1.66
2.09 
2.00 

2.00
2.06

2.19
2.09
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TABLE 23

REGRESSION COEFFICIENTS 
LOG ESTIMATION (U.S. DATA) 
UNEMPL IS NOT INCLUDED

DIVORO

MEDIN

LOUTN

BLKR

SNSF

ATTENR

D'JM

PR OAR

f-stattsttcs 
( a, m)
^-SOUARpn

R0B1MR
-.09
(.'4)

ft.3
(3.4)

.83(1.0)

.26(2.1)**

.13
(3.0)***

-3.5
(.7)

(.9)

-.16
(.5)
-25
(.5)

11.7
.69

3UR1MP

.33(2.6) **
4.03
(3.9)***
1.04 
(2.1)**
.07(1.0)
.OS
(2.3)**

.57
(.2)
-.23
(.8)
.70
(3.3)*** 
-47
(1.6ft)*

9.03
.6 3

LAR1MR
.17
(1.3)

3.1 
(2.8)***
1.03 
(1.98) *

.03
(.4)

.03
(l.K)
3.1
(1.1)
-.53(1.8)*
1 .1
(4.U)***

-66 
(?. 2)**

7.54

.5 9

MVT1MR
.43
(2.9)*** 
4.8
(4.0) *** 
.88
(1.53)
.03
(.“)
.09
(3.5)***

.30
(.09)

-.26
(.«)
.37
(2.C ) **
-51
(1.62)

11.3

.56
* SIGNIFICANT AT 10* LEVEL.

** SIGNIFICANT AT 5* LFVEL.
*** SIGNIFICANT AT 1* LEVEL.



101

TARLE ?U

REGRESSION COEFFICIENTS 
LOG ESTIMATION 
LETOTF IF INCLUDED

ROB1MP B'JP IMP LARINR MVT1NR

UNFMPL -.10 -.17 -.03 .OH
(2. A) ** (.6) (.1) (.1)

DTVORC -.0? .32 .17 • A 3
(.1) (2.5)** (1 .2) (2.7)*

MEr>IN 9.3 3.9 3.1 u. e
(A. A) *** (3 . A ) *** (2.5) ** (3.5)*’

LOWIN .95 1.1 l.CU .86
(1.1) (2.?)** (1.93)* (1.9)

PLKP .25 .07 .03 .03
(2.1) ** (.9) (.A) (.9)

SYSP .11 .05 .36 .0?
(2.9) *** (2 . U > < * (l.«) (3.A)*

ATTENR -3.9 .61 3.1 .30
(.e> (.2) (1.0) (.09)

DUM -.39 -.?* -.52 -.25
(.°) (1 .C) fl .■»*)$ (.7)

LETOTF -2.9 1.0 .0° -.06
(1.0U) * (1.1) (.0 3) (.06)

PPCAR -.23 .69 1.1 .36
(.5) (3.3)*** ('4.1)*** (2.0)*

C -29 -50 -55 -50

P-STATISTT

(.6)
r*

(1.80) * (2. 2) ** (1.5)

( 10, 39) 11.a 7.5 5.7 9.6

R-SO'JAP&r ,7«
* SIGNIFICANT AT 10* 

** SIGNIFICANT AT 5* 
*** SIGNIFICANT AT 1*

.55
LEVEL.

LEVEL.
LEVEL.

.59 .68



TARLE 25

NEW YORK CITY PAIR
COCHRANE-ORC'JTT ITERATION TECHNIOl'E 
LOG ESTIMATION

FINAL VALUE T-STATISTICS NUMBER CF
OF RHO FOR R»rO ITERATION

WITH OPMMIES)
RM1R .60 5.3*** 17

EM1P .72 7.6*** 20

LM1R -.21 1.5 «

MVTM1P .03 .2 1

RM2R -.06 .U 3

RM2P -.10 .7 3

LM2R .01 .1 3

MVTM2P .003 .02 3

WITHOUT TUMMIES)
PM IP .69 6.P*** 16

EM IP .76 8.5*** !U

LM1P .13 .98 2

MVTH1R .70 7.0*** 11

PM2R .20 l.c U
PM2P .12 .90 3

LM2P . 2U 1.7* 3

MVTH2P .11 .BA S
* SIGNIFICANT AT 10* LEVEL.

** SIGNIFICANT AT 5* LEVEL.
*** SIGNIFICANT AT 1% LFVEL.
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TA1LE 26

REGRESSION COEFFICIENTS 
NEW YORK CITY ANALYSIS 
LOG ESTIVATION 
DIVRTE IS NOT INCLUDED 
JUVFNTLES UNDER 16

RN1R

.27
(2.3) **
.26(2.0)**
.OOP
(.1)
-.05
(.1)
.55(1.2)
1.0
(1.0)

.01
(.9)
.09
(.2) 

1.0 
(1.«)
.30
(.°)
-.39
(.6)

-9.0
(.P)

f-STATISTIC 
( 11, 03) U1
D - W 1.71
R-CCUABED .96

* SIGNIFICANT AT 10* LEVEL. 
** SIGNIFICANT AT 5* LEVEL. 

*** SIGNIFICANT AT 1* LEVEL.

PROAR

TOTUN

ASSISR

REALIN

PLKRT

ATTFNR

TI!'E

02

03

DU

D5

PEI”

1.0
(5.U)***

.21
(l.«)
.02(1.0
.28
(.6)
1.0
(2.1)**

.59
(.5)

.003
(.1)
.0?
(.0*)

• U 7 
(.'5)

(1.7)*

1.3
(1.5)
- 1 U  .C
(1.1)

1U
1.50
.92

LN1E
.15
(.9)
.05
(1.61)
-.02
(.5)
.97
(.3)

.50
(.6)
2 • B 
(1.0)

.13
(3.0)***

. 68
(1.0)

2.0(1.0)
.17
(.2)

.06
(.05)
-30.6
(1.5)

31.6
2.3
.95

MVTM1P 
. P 5
( T . 9 )  « = * *

. 2 2
(1.0)
.006
(.3)
2 . 2
(3 • B) *** 

1.2
(3.0) ***

1.71
(1.66)

.02
(1.2) 
.00
(1.2)

-.20
(.3)

1.0(2.6) **
2.3
(3.0) ***

-01.5 
(3 • 0) ***

13.8
l.BS
.79



TAPLE 27

PEGPESSION COEFFICIENTS 
LOG ESTIMATION 
NEW YORK CITY DATA 
DIVRTE IS NOT INCLUDED 
JUVENILES 16-19

RM2R P*2F LM2R UVT2MP

PROP.R -.32 -.002 .39 .09
(.0) (.007) (1.67)* (.«)

TOTUN .19 .30 .93 -.10
(.6) (1.0) (1.1) (.3)

ASSISR .03 -.03 .002 -.009
(.7) (.2) (.05) (.2)

PE ALIN 3.6 .9.9 9.6 9.01
(3.3)*** (9.1)*** (3.1)*** (3.6)*

PLKPT .09 .93 -.55 .25
(.1) (.5) (.5) (.3)

PTTENE 3.9 3.5 3.7 3.2(1.8)* (1 • ®8) * (1.2) (1.66)
TIMF .19 .3? .27 .12

(3.2)*** (3.3)*** (9.7)*** (2.0)*

P2 .61 .51 .02 .96
(.9) (.7) (.«) (.6)

r»3 .59 -.97 .70 -.19
(.9) (.3) (.3) (.1)

D9 -.08 -.08 -.08 -.98
(1.0) (1.0) (.7) (.6)

-1.0 -.27 -.39 -.91
(.7) (.2) (.8) (.3)

C -56 -66 -72 -60
(2.9)** (3.1)*** (2.2)* * (2.6)*

C_ STBTT
( 11, 93) 22 11.6 19.9 6.5
p - tf 2.09 2.00 2.01 1.98
R-SP’J APED .05 .7U .8 6 .62

* SIGNIFICANT AT 10!? LEVEL.
** SIGNIFICANT AT 5*? LEVEL.
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SIGNIFICANT AT 1? LEV?!,.
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TABLE 28

REGRESSION COEFFICIENTS 
LOG ESTIMATION (U.S. DATA) 
INCLUDES UNEMPL INSTFA3 OF TEENUN

RDP2MR BUR2NP LAF 2M° MVT2MR

UNFMPL -.21 .05 -.09 -.09
(.8) (.3) (.6) (.9)

MEDIN 7.05 1.3 l.U 3.5
(6.6) (1.95)* (2.3) ** (9.2)**

LOWTN 1.6U .02 .16 .52
(3.3) *** (.07) (.S) (1.3)

PLK° .26 .08 .01 .08
(3.7) *** (1.79)* (.3) (l.A)

SNSp .12 .OU .02 .09
(5.2)*** (2.67)** (1.9) * (2. 5)**

ATTENR -5.2 -.10 1.2 -.69
(1.9)* (.05) (.7) (.«)

DTVPTE .21 .23 .29 .19
(1.67) * (2.8)*** (3.3)*** (1.93) *

D'JM -.30 -.20 -. 29 -.31
(1.1) (1.1) (1.9) * (1.5)

PROPS .38 .69 .6 6 • 9?
(2.2)** (9.8) *** (9.7) *** (3.9)**

r* -22 -12 -25 -25
(.8) (.7) (1.6) (1.2)

F-STATI33TCS
( 9, UO ) 27.6 12.0? 12.3 19.9

P-SOUAPFD .86 .73 
* SIGNIFICANT AT 5 0* I.EVEL.

** SIGNIFICANT AT S% LEVEL.
*** SIGNIFICANT AT IX LEVEL.

.73 .76
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t a b l e  2?

REGRESSION COEFFICIENTS 
LOG ESTIMATION (M.S. DATA)
JUVENILES 
PJM IS NOT

UNDER 16 
INCLUDED 

R0D1MR RUR1MR LARIN5' MVTlMR

MNEMPL -.80 -.25 .01 -.06
(1.8)* (.9) (.0?) (.1)

PIVORC -.06 . 39 .17 .93
(.2) (2.6)** (1.2) (2.8)*

MEDTN 7.3 '4.3 3.1 9 .P
(3.9)*** (3.9)*** (2.6)** (3.9)*

LOVIN .73 .99 .65 .67
(.9) (2.0)** (1.3) (1.2)

RLKP .18 . 09 -.02 .005
(1.69)* (.6) (.3) (.06)

SMSP .12 .05 .03 .09
(3.0)*** (2.3)** (1.3) (3.5)*

ATTFNR -U.3 . 28 2.7 -.01
(.9) (.1) (.9) (.009)

DROAR -.25 .69 1.2 .37
(.0) (3.9)*** (9.5) *** (2.0)*

r -26 -96 -6 0 -97.P
(.5) (1.6) (2.0)** (1.5)

E-STATISTIC 
( 8, Ul) 12.7 9.1 6.6 11.1

o-SOUARED .71 .69 .55 COVC•

* SIGNIFICANT AT 10T 
** SIGNIFICANT AT 5* 
*** SIGNIFICANT AT 1%

LEVEL.
LFVEL.
LEVEL.
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TAPLE 30

REGRESSION COEFFICIENTS 
NEW YORK CITY ANALYSTS 
LOG ESTIMATION
INCLUDES DROPR INSTEAD OF ATTENR
C'JVENILES 16-19

RM2R BM2R I M2R KVTM7R

PROAR - • U 5 -.003 .39 -.36
(.9) (.008) (1.5) (1.1)

TOTUN .16 .35 • U7 - .36
(.U) (.9) (1.1) (.9)

ASSISR .01 -.02 -.01 -.13
(.3) (.*») (.2) (.3)

PEALIN 3.1 U . l U .0 3.7
(2.6)** (3.6) *** (2.8) *** (3.3)***

PtXPT -.on . U 9 -.85 .7
(.03) (.«> (.6) (.6)

DROFR -. ? 3 m C -.19 - .OU
(.5) (.U) (.2) (.Of.)

TIME .10 .10 .2? .06
(2.2)** (2.3)** ( U . 5 )  * * ( l . « )

0? -.5« -.66 -.38 -.80
(2.1)** (2.3)** (1.2) (1,0)***

03 -1.6 -2.7 -1.7 -2.2
(1.76)* (2.9)*** (1.6) (2.7)***

DU -2.0 -1.9 -2.1 -1.5
(2.0)** (2.0)** (1.9)* (1.68)*

D5 -2.3 -1.2 -3.1 -1.2
(1.1) (.€) (1.3) (.6)

F-STATTSITC
( 11. 38) 11.0 5.6 15.2 3.5
D - W 1.9? 2.0C 1 .69 2.0U
P-SOUARFD

* SIGNIFICANT 
** SIGNIFICANT 

*** SIGNIFICANT

.79 .65 
AT 10* LEVEL.
AT 5* LEVEL.
AT IT LEVEL.

.53 .53



TAHLL' 31

REGRESSION COEFFICIENTS (NEW YDR* CITY) 
CORRECTED FOR AUTOCORRELATION 
LOG ESTIMATION 
JUVENILES UNDER 16

PM1P BM1R LM1P MVTM1R

PR OAR .22 .50 .09 .82
(1.5) (2.8) *** (.5) (5 . 1) ***

TDTUN .Cl -.ooa .09 .03
(1.0) (.2) (2.6) ** (1.7) *

B3STSR .OOF .01 -.03 .01
(.u> (.8) (.9) (.7)

REAL IN -.13 .19 .83 2.1
(.A) (.5) (.6) (3.5) ***

DIVRTE -.70 -.57 .21 • OA
(2.6) (1.9)* (.2) (.1)

R.LMRT -.30 .51 .56 1.8
(•*> (.7) (.7) (A.*)***

ATTENR . 38 .39 .ou 2.5
(.A) (•A) (.3) (2.1)**

TIME .07 .01 .08 .01
(?.0)** (.?) (.9) (.3)

D2 .ce -.03 -.05 .65
(.2) (.8) (.1) (1.6)

D3 .73 .22 .66 .52
(.9) (.2) (.A) (.6)

DA -.53 -.05 - . A1 1.7
(1.0) (.08) (.A) (3.3)***

D5 -?.l -.37 -.25 3.3
(2.3) ** (.05) (.1) (A.l)***

r 5.1 -6.A -19 -58
(.A) (.5) (.7) (A.l)***

O-U 1.77 1.70 2.02 1.9A
P-SCUAPED .91 . A2 .90 .71

Absolute values of t-statisties are in parentheses.

* SIGNIFICANT PT 10* LEVEL.



SIGNIFICANT AT 5* LEVEL 
SIGNIFICANT AT IS LEVFL



TABLE ?2

P5GPESSI0N COEFFICIENTS 
NEW YORK CITY ANALYSIS 
CORRECTFD FOR AUTOCORRE
LOG e s t i m a t i o n
JUVENILES 16-19

RV2R

LATION

?M2R LM2R FVTM21

PROAR -.46
(1.0)

.06
(.1)

.38
(1.5)

-.09
(.3)

TOTPN .02
(.4)

.05
(1.4)

.07
(1.4)

-.01
(.3)

A5SISR .03
(.7)

.04
(.1)

.004
(.08)

-.001
(.02)

PEALIM 4.2
(3.2)***

4.9
(4 .0) * **

4.5
(2.9)***

4.4
(3.6)

DIVRTF -.81
(.9)

-.31
(.9)

-.40
(.3)

-.38
(.4)

BLKRT -.02
(.2)

.7?
(.7)

-.56
(.4)

.54
(.5)

ATTFNR 6.0 
(2.1)**

4.9
(2.2)**

3.6
(1.2)

4.9
(2.0)

PROPR -.04
(.6)

-.01
(.3)

-.01
(.1)

-.01
(.2)

TIME .26
(2.3)**

.24
(2.3)**

.41
(2.2)**

.10
(l.E)

D2 1.1
(1.4)

.97
0.3)

.79
(.8)

.91
(1.1)

D3 1.6
(.9)

.54
(.4)

.79
(.3)

1.03
(.6)

04 -.09
(.7)

-.48
(.9)

-.99
(.6)

-.06
(.05)

D5 -1.6
(.6)

.27
(.01)

-1.9
(.7)

.07
(.03)

r* -71
(2.4)**

-93
(3.1) ***

-67
(1.8)*

-32 - 
(2.8)

p-s p'j arf: .80 .71 .8? . 51
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D-U 2.01 2.OB ?. 20 2.OP.
Absolute value? of t-statistics are in parentheses.

* SIGNIFICANT AT 10* L"V;L.
** SIGNIFICANT AT 5* LFVTL.

*** SIGNIFICANT AT 1* LFVFL.
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TABI,' 33

PECRESSICN COEFFICIENTS
U.S. OATA
LOG ESTIMATION
ECONOMIC VARIABLES ARE INCLUDFD 
J'JVENILES UNDER 16

RORlMR PUR1MR LPR1MP

TOTUN -1.2 ~.3U -.07
(2.3)** (1.1) (.1)

*EDIN 9.0 «.7 U .9
(44.5)*** (U ,9) *** (3.8)***

LOWIN 1.44 1.1 .75
(1.68) * (2.8)*** (3.14)

PROAR -.50 .7? .37
(1 . 44) (3 .1)*** (1 . 87)*

C -78.7 -<4 7 -447 .2
(3.9)*** (44,5) *** (3.6)***

F-STATISTIC
( 4*. U5 ) 11.5 11.3 11.2
R-SCHJARED .50 .80 .50

* SIGNIFICANT AT 10* LEVEL.
** SIGNIFICANT AT 5* LEVEL.

*** SIGNIFICANT AT 1* LEVEL.

MVTM1R

- .07 
(.1)
14 .95 
(3.8)*

.75
(l.<4)
.37
(1.97)

-447.2
(?.6)*

11.2
.50
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TABLE 3U

PEGRESSION COEFFICIENTS 
U.S. DATA 
JUVENILES 16-19 
ECONOMIC FACTORS ARE INCLUDED

R0B2MR 3UR2MP LAP2MR

TEENUN -.01 .08 -.10
(.03) (.3) (-.5)

MEOIN 8.9 1 .83 1.39
(5.1) (2.U) (2.2)**

LONIN 2.a .15 -.06
(3.5) (.5) (.2)

C -95 -17 -13

F-STATISITC
(A. 9) *** (?.U)*« (2.2)**

( U, U5 ) 9.5 1 «.o 18.6
R-SOUApED

* SIGNIFICANT 
F* SIGNIFICANT 

*** SIGNIFICANT

,A6
AT 10« LEVEL. 
AT 5S LEVEL. 
AT IS LEVEL.

.95 .62

NVT2MR

.01
(.07)

3.92 
(U.6)*
.53
(1.57)

-36 («.2) *
19.5
.63
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TABLE 35

REGRESSION COEFFICIENTS 
NEU YORK CITY ANALYSIS
JUVENILES UNDER 16 

PM1R 9M1® LM1R MVTP1R

PROAR • UB 1.05 .08 .80
(3.1) (6.5) *** (.«) (6.9)**

TO TUN . U9 .32 . U 2 .17
(3.7) V V V1 (2.1) ** (1.5) (1.0)

ASSTSR .007
(.2)

.01
(.8)

-.02
(.f)

-.002
(.009)

REALIN -.00
(.1)

.07
(.1)

.6®
(.0)

2.0
(3.2) **!

TIME .02 .009 .10 .03
(2.0) A (.7) (U . 0) *** (2.2)**

D2 -.29 -.09 -.22 -.06
(3.3) f. A (.8) (1.1) (.5)

D3 .17
(.5)

-.03
(.08)

.13
(.1)

-1.5
(3.5)**

DU -.55 -.21 -.96 -.17
(2.8) A A A (.8) (2.0) ** (.8)

D5 -l.U -.32 -l.U -.08
(9.1) ### (1.5) (3 . U) *** (.3)

r*

F-STATISTIC

.82
(.2)

-3.8
(.8)

-u.u
(.*»)

-19
(3.7)**

( 9, U5 ) 102 US 37 12
D - W 1.01 l.iu 2.25 1.31
R-SOUAREr .95 

* SIGNIFICANT AT 
** SIGNIFICANT AT 

*** SIGNIFICANT AT

lor
5%
1%

.30
LEVEL.

LEVEL.
LEVEL.

.88 .70



I l f

TA3LE 36

REPRESSION OOEFFICTENTS 
NEW YORK CITY DATA 
JUVENILES IS*19
ECONOMIC VARIABLES ARE INCLUDED

RM2R PM2F LM2F MVTM2P

PROAR -.U7
(l.U)

-.15
(.«)

.19
(.9)

-.01
(.06)

TDTUN .16
(.5)

.31
(1.0)

.07 
f. 2)

-.13
(.A)

ASSISR .02
(.7)

-.01
(.A)

.02
(.3)

-.01
(.3)

REALTN 3.1
(2.9)999

U.O
(3.7) 999

U.2
(2.9) 999

3.U
(3.2) 999

TIME .09
(3.6) 999

.10
(U.0)999

.20
(5.9) 999

.03
(3.3)

D2 -.50 
(2.7) 999

- • 6U
(2.9)999

-.39
(1.5)

-.58
(3.1) 99*

D3 -1.6 
(2.2)*9

-2.9
(3.5)999

-1.7
(1.6)

-2.2
(3.0) 9*9

DU -1.9
(U.5)9 9 9

-2.2
(U.U)999

-1.8 
(3.0) 999

-1.5
(3.7) 9 9 9

D5 -2.0 
(5.6)9 9 9

-l.S
(U.5) 9 9 9

-1.1
(3.9) 9 9 9

-1.7 
(U.2) 999

C
F-STaTISTICS

-IP
(2.0)9 9

- 2 P
(3.3) 999

-3 A
(3.0) *0#

-2U
(2.7)999

( 9, US ) 26 13.0 30.3 7.U
D - W 1.70 1.67 1.5P 1.75
p -SOUARED

* SIGNIFICANT 
9 9  SIGNIFICANT 

9 9 9  SIGNIFICANT

AT
AT
AT

. 3U
10* LEVEL. 
5? LFVEL. 
1* LEVEL.

.72 .95 .59
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TABLE- 37

REGRESSION COEFFICIENTS 
ATTENR IS NOT INCLUDED 
JUVENILES UNDER 16 
U.S. DATA

TOTUN

DIVRTE

NEOTN

LDWIN

FLKRT

SNSR

DUM

PROAR

F-STATISTIC 
( 3, m >  
P-SCUARED

ROBlMP
-.RU(1.0) *
-.05(.2)
7.2
(3.9) ***

1.1
(1.3)

.2B
(2.5)** 

.13
(3.5)***

-.55(1.2)
-.27
(.3)
-66
(3.7)***

12.9
.71

PL'RIMP

-.28(1.0)
.3U
(7.7)*** 

U. 3
(U.O) ***

1.1(2 .2)**
.06(1.0)
• C5
(2.3) **

-.25
(.9)

.re
(3.2)*** 

-U 3(U.l)***
9. U 
. 6U

LPR1NR
-.05(.1)
.18
(1.3)
3.2
(2.7)***

1.0
(1.96)*

-.001
(.07)

.03(1.2)
-.UO
(1.69)*

1.0
(U.O) *** 

-36
(3.2)***
7.1
.50

MVT1MR
.OU
(.1)
.U3(2.0)*
U.5
(3.9)*

.85
(l.«)
.03
(.u>
.09
(3.6)*

-.25(.9)
.37 (2.0) *
-U9
(3.9) *
11. U 
.60

* SIGNIFICANT AT 10* LEVEL.
** SIGNIFICANT AT 5T LEVEL.

SIGNIFICANT AT 1* LrVEL.
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TABLE

REGRESSION COEFFICIENTS 
U.S. DATA
ATTENR IS NOT INCLUDED 
JUVENILES 16-19

36

ROB2MR PUR2MP LAR2RR MVI2MR

TEENUN -.08
(.2)

.06
(.?)

-.09
(.5)

.OU
(.2)

MEDIN 6.9
(6.3)***

1.3
(1.99) *

l.U
(2.3)**

3.3
(U.O)*

LDWIN 1.6
(3.2)***

.02
(.08)

.15
(.5)

.UP
(.UB)

BLKP . 31
(U.7)***

.07
(1.95) *

.005
(.01)

.0?
(1.8)*

SNSP .1?
(5.U)***

.OU
(2.7) ***

.02
(1.8)*

.OU
(2.6)-

DIVPTE .20
(1.5)

.23 
(2.8) ***

.2>4
(3.3)***

.18
(1.89)

DUM -.3«
(1.2)

-.21
(1.2)

-.26
(1.6)

-.33
(1.59)

PROAR .38 
(2.2)**

.65
(U.9) ***

.67
((4.6) ***

.UU
(3.6)*

n

F-STATI5TIC

-70
(6.5)***

-13 
(2.0) **

-1«
(2.3)**

-32
(U.O)*

( 8, Ul) 28.1 13.8 13.8 16. U
R-SOUARED

* SIGNIFICANT 
** SIGNIFICANT 

*** SIGNIFICANT

AT
AT
AT

.814 
10X LEVEL. 
5X LFVEL. 
IX LEVEL.

.73 .73 .76
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