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. INTRODUCTION

Crimeisaseriousproblem tha plagues developing counties. Therehaslong
been thebdief tha, within developing counties, poverty favors crime. Hard proof of
thisrelationship islacking. Evidence of related relationshipsin developed countiesis
easier to come by. Raphagl and Winter-Ebmer (2001) use U.S. state datato examinethe
effects of unemployment on crime. Thar results suggest tha decreasesin propaty crime
rates can beexplained, in pat, to decreases in unanployment rates. Ludwig, Dunan,
and Hirschfield (2007 find evidence that suggeststha giving families the oppatunity to
moveto neghbohoodswith lower levels of povety reduaes crimind behavior by
teenagers. InastudyudngdaafromU.S. urban counies, Kelly (2000 findstha
inequdity has no effect on propaty crime buta strong influence onviolent crime.

In contrast, evidence concerning the povety and crime connection and related
relationshipsin developing counties, while growing, is till relatively sparse. Thisisdue
largdy to thelack of available crime daa. Existing studiesindudeFgnzylber et a
(2000)and Dreze and Reetika (2000. Fajnzylber et a (2000 illugrate that differences
in crime rates can belinked to growth and povety. InIndia Dreze and Reetika (2000)
find tha murder rates are unrelated with poverty.

In general, evidence concerning the effects of poverty on crime islooked upon
with skepticism. Severa important issues arise when trying to determineif arelationship
exists. First, reverse causation could lead to theincorrect conduson tha apostive
correlation between povety and crime is verification tha povaty levels determine
crimind activity. In truth, it may betha causaity runsin the other direction. Tha is,

increasing rates of crimind activity within acommunity may lead to increasesin poverty.



Fafchampsand Minten (2006)treat the reverse causation problem by usng a naural
expeiment. They look at theinfluence trangtory povety has on crime by taking
advantage of adisputed presidential electionin Madagascar. Duringthis period, fud
suppliesto thecentral highlandswerereduced. The redudionin fud suppliesresulted in
increased povaty levels. Thar primary findngistha theinaease in trangtory povaty
had a postive and significant effect on crop theft. Second, omitted variables may exist
tha jointly determine povety levels and crimerates. For example, Rephann (1999)finds
tha nonnetropolitan crimeis, to an extent, a product of rural development processes tha
also lead to economic growth. Lastly, if there exists misreporting in crime data, then
results can bebiased. In studies where crimeisthedependent variable, bias occurs when
the measurement error is systematically related to oneor more of theregressors.

In this paper, | look at cross-sectiond houshold level datafrom South Africa. |
employ limited dependent variable modds to determine the effect of poveaty oncrime.
Specificaly, | address the connection between poverty and robbey. For South Africa,
Demombynes and Ozler (2005)find tha burglary rates are 25-43%highe in police
precincsthat are wedlthier than ther neghbos. Demombynes and Ozler andyze the
effect of local inequdity oncrime, butdo notconsder endogendty issues. Here, |
ingrument for the potential endogeandty of total monthly houshold expenditures per
houghold member, my chosen measurement of poverty. Across all modd specifications
apostive relationship beween povety and crimeexists. Increasing houshold wealth,
ceteris paribus, |leadsto an inarease in the probability tha thehoushold will berobbed.
Themagnitudeof theimpact of povaty oncrimeisnotlarge butthepostive

relationdhip is statistically significant across all modds. Theremainde of the pgper is



organized asfollows. In Sectionll, | describethedaaand variables. Sectionll|
provides a discussion of theempirical strategy | implement. Section IV discusses
ingrument relevance, the possible endogeandaty of houshold expenditures, and

oveidentification. SectionV presents results and Section VI condudes.

[I. DATA AND VARIABLES

Thedaa come fromthe 1993South African Integrated Household Survey (SIHS)
conduced by the South African LabourDevelopment Research Unit (SALDRU). The
survey is based ontheLiving StandadsMeasurement Surveys (LSMS) of theWorld
Bank. Theprimary god of thesurvey, undetaken during themonthsprior to thefirst
democratic electionsin South Africa, was to collect information regarding theliving
conditionsof South Africans The 1993SALDRU survey questioned approximately
9,000 housholdsgroupe into 360 clugers. A community-level survey was conduded
for each of the 360cluders. Dueto coding errors and missing values, there was complete
info for 5,991 housholds
Dependent Variables

Crime, as defined in this pgper, indudes assault, robbey, rape murder and
abdudion. | andyze crime, in genegal, and examine robbey by itself. Thedependent
variables are discrete choice variables tha take thevalueof 1 if, in thelast 12 months a
houghold member has been a victim and zero otherwise. Robbey isexamined
sepaately because, in large part, it is motivated by materia gan.

A bendfit of uang crimeindicators tha originae from a houshold survey istha

measurement error problems may bemitigated. Undereportingis an often neglected



problem in thecrime literature. Observed relationshipscan be serioudy misleading when
misreported crime goes unaccounted. Mog of the crime data used in theliterature comes
from police precinct records If ahousehold has been avictim of a crime and thecrime
goes unreported, it will beexcluded fromtheandysis. This hgppenswhen the expected
returnsfromreporting are low.! Itislikely that misreportingis also afundion of pdice
corruption. Within the context of South Africa, this problem could be severe (Newman,
2002) Thispape potentially avoids some of these issues by usng crime reports froma
houshold survey. The 1993SALDRU survey asks each houshold whether or nota
household member has been avictim of acrime. If theanswer is GesQ therespondent is
asked to specify the crime committed.

Measurement error in the dependent variable is an issuewhen it occurs
systematically. Tha is, when it is correlated with regressorsin themodd. For example,
if poorer people areless likely to file acrime report because corrupt police precinas
favor thewealthy, then we would find a correlation between wealth and crime even if no
correlation exists in thetrue relationship. Demombynes and Ozler (2005)find thar
result, tha burglariesin South Africaare more likely to take place in wealthier areas tha
are ungqud, to berobug when accouning for potential measurement error dueto
misreporting.

Independent Variables

Theindegendent variables can be groupel into two categories. Variables
describing houghold-level characteristics and variables describing community-level
characteristics. Total monthly expenditures per household member (in South African

rand) are used as a proxy for wealth. Table 1 provides descriptive statistics.

! Duncan et al (2007) discuss underreporting among minorities.



| ingrument expenditures with the household head@ level of education. The
ingrument set conssts of three dummy variables that describethe highest level of

education attained.

[I1. EMPIRICAL STRATEGY
Therelationship between poveaty and crime is estimated with alinear probability

modd (LPM) and a probit modd. Because of thepotential endogenety of houshold
expenditures, | estimate the LPM with a generalized method of moments (GMM) and the
probit modd with ingrumental variables (1V). Thoughrelatively easy to interpret, the
linear probability modd has drawbacks. Onedisadvantageis tha fitted probabilities can
benegaive or greater than one Another disadvantageistha the patia effect of any
explanaory variable is condant. To bypass these limitationsmore sophisticated binary
choice modds, such as probit, are sometimes preferred.
LPM and GMM
Thelinear probability estimationis based on thefollowing modd

Crimg =a+"totmex +# 'hh +#,'c; +9, (1)
where Crimg isabinay choice variable tha is equd to 1 if ahoushold member has
been avictim of acrime and zero otherwise. totmex; istotal monthly expenditures per
household member, hh, isavector of houshold-level characteristics, and ¢; isavector
of community-level characteristics. For natationd pumposes, consder thefollowing

Crime, = X, 'b, + €,

where x; = (1, totmex;, hh;, ¢,)0



Themodd alowsfor the possibility tha elements of x; may becorrelated with the
errorterm, /. Here, we condder totmex, as potentially correlated with /, . totmex isan
endogaousvariable if

E[totmex "] #0.
If endogendty is present, then results can be biased and incongstent.

To mitigate potential endogenaty issues, welet z represent the vector of
ingruments {educ_ gen,educ__ further,,educ _higher,} where each ingrumentisa
dummy variable indicating the highest level of education attained by the household head.
Let w, represent thevector of {Crime, x;,z} andassumethat it isastationay and
ergodic process.

Moment Conditions

Define
0,(W,bo) = ", = 7(Crimg # X, 'by) .
It is assumed tha the indrumental variables, z;, satisfy thefollowing orthogonaity
condiions
E[g.(w,,b,)] = Elz,",] = Elz,(Crime, # x,'b,)] =0

tha correspondto the sample moments for an arbitrary b

n n

g(0) =" glmby)==" z(Crimg ! x/b,)

i=1 i=1
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=$—( educ __ further,(Crime, # X,'D,) o.
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g—( educ _higher,(Crime, # X.'D,) °/

Equaing the sample moments with the popultion moments provides uswith the
following estimating equéion

S. 1Sh=0 )

zCrime * X

whee S

zCrime

_ 11 zcrimg and s, =11 7%,
n

i=1 i=1
Identification Issues

A necessary, but not sufficient condition for theidentification of b, isthe order

condiion

K!L
where K isthenumber of ingrumental variables and L isthe number of explanaory
variables. If K > L, then themodd issaid to beoveridentified. Here, thereisgeneally
notasolutionto equaion (2). Inlightof this, estimation can be donewithina GMM
framework. The GMM solution uses the method of minimum chi-squared tha attempts

to findab tha makes S

zCrime '

S_b assmall asposible. TheGMM objective fundionis
defined as

J(b,W)=ng (b)Wg (b)=n(S.,.' S,b)'W(S..! S,.b) ©)

zCrime *

where W isa K! K symmetric and postive definite weight matrix.



Two-Step Efficient GMM

For estimation purposes, two-step efficient GMM isused. This methodtakes
advantage of thefact that, with an arbitrary postive definite and symmetric W , such that
W convegesin probability to W, acondstent b, can beobtained.

Theefficient GMM estimator minimizes the objective fundion shown above In
two-step efficient GMM, the optimal weight matrix istheinverse of an estimate of the
covaiance matrix of orthogonaity condiions That is, thetwo-step efficient GMM
estimator isdefined as

b($" (W) =argmin(ng, (b)S™' (W)g, (b)). (4)

Using the software package STATA, | employ two-step efficient GMM
estimation by usng theivreg2 command with gmm option. STATA reports coefficient
estimates tha are efficientin the presence of arbitrary heteroskedasticity.

Probit and IV
Theprobit estimation is based on an undelying latent variable modd of crime

Crime*; = a+dtotmex, +y,'hh, +y,'c, +¢ , (5)
where Crimg’™ istheunobgrved vulnerability to crime. Within a probit framework, the

dependent variable is an indicator variable that relates to theundelying Crime  such tha
Crime=1 if Crime >0 and Crime=0 otherwise.

Pr(Crime=1|x) = Pr(Crime > 0| x)
=Pr(e > —(x'b, | x))
=1-®[-(x'b,)]

=®d(x'b,)

(6)

where ! () representsthe standad norma cumulative distribution fundion.
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Asdiscussed earlier, povety ispotentially endogenous Causation may opaatein
thereverse direction, from crime to povaty. Specifically, if anincreasein crime
decreases houshold expenditures, then standard probit estimates will be biased
downward. Another reason povaty is potentially endogenousis tha unob®rved factors
may influence both crime and houshold expenditures. Agan, to mitigae potential
endogadty, | ingrument houshold expenditures with the highest level of education
attained by the head of thehoushold. | have described thefirst modd in more detail for
the pumpose of outliningthe GMM framework. | refrain from such detail here and refer
thereader to Woolridge(2002)Ch. 15.7.2 for a more rigoroustreatment of probit modds
with endoganousexplanaory variables. Thedunmy variable for no eductionis

excluded from both modds.

V. INSTRUMENT RELEVANCE, ENDOGENEITY OF HOUSEHOLD
EXPENDITURES, AND OVERIDENTIFYING RESTRICTIONS

To check indrument relevance | use OL S and regress total expenditures on all
exogenousvariables

totmex; =! ;+! "hh +1,'c; +! 'z +v,. (7)

Equdion (7) represents thefirst-stageregression in the standad two-step IV approach.
Andyzing thefirst-stageregresson will hdp determine whether expenditures are
correlated with levels of education. If expenditures and education are only weakly
correlated, then IV estimates can suffer from largeasymptotic bias.? In addition, asthe

correlation between houghold expenditures and education approaches zero thefinite

2 This can occur even when the instruments are only moderately correlated with the structural error term,
/
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sample bias of standad IV estimates approach tha of OL S estimates (Bound,Jaeger, and
Baker, 1995)
In testing theendogendty of totmex we consder thefollowing hypohesis test

H, : E[totmex",]=0 (totmex, is exogenous

H, : E[totmex.",]1 # 0 (totmex isendogeouy.
Unde the null hypohesiswe look at thefull modd. That is, themodd that indudes
totmex, intheingrument set. Unde theaterndive hypotesis, totmex, istreated asif
endogeous For each model aHansen® J-statistic is calculated. A C-statistic, defined
as

C = Jruil - JRestricteds

isused to test thenul.

Testing for endogenaty of houghold expendituresin theLPM can aso becarried
out by thesmple two-step procedure outlined in Woolridge(2003) First, | obtain the
fitted residuds, v, fromequéion (7). Second,thefitted resduds are added to the
structural LPM

Crimg =a+dtotmex +y,'hh +y,'c, +y;'" @ +¢;. (8)
Thesignificance of ¥ in thestructural equaionis tested usng an OLSregression. If the
codficienton ¥ is statistically different from zero, then we can condudethat

expenditures are endogaous
When testing for endogandty unde the probit framework, | implement a two-step

procedure described by Rivers and Vuong(1989. Thefirst step isthesame as



12

previoudy described. Inthesecondstep, indead of uang OLS, probit estimationis used
to test the significance of thefitted residuds.

Anothe requirement of an indrumentistha it beunarrelated with the structural
error term. This requirement cannotbetested because theerror isunob®rved. However,
if we have more than oneingrument then we can test whether some of theingruments
are uncorrelated with the error term. Here, we report the Hansen J-statistic to test for

overidentification.

V. RESULTS

Table 2 reports the codficient estimates for the education variables in thefirst-
stageregression. Asonemightexpect, the codficient estimates are postive and increase
in magnitudeas levels of eductionincrease. All estimates are significant at the 1%
level. Large F-statistics lead usto condudetha the education dunmies are jointly
statistically significant. This holdswhen durable goodsare excluded fromthe modd.

Table 3 reports theresults fromthe LPM. The codficients on houshold
expenditures are postive and significant across all modd specifications Resultsfrom
thefourth column suggest tha a onethousnd rand increase in total monthly expenditures
per houshold member inareases the probability that the houshold will berobbel by
about7%. A key result istha themagnitudes of the coefficient estimates on total
expendituresincrease when usng GMM. Asexplained earlier, if reverse caustionisa
problem then OL S estimates will be biased downward. Thethird to last row in table 3
reveals tha the coefficient estimates for thefitted residuds obtained from thefirst-stage

regressionsare significantly different from zero when thefitted resduds areinduded in
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the OL S regressionsof thestructural modd. We condudethat fotmex,, our proxy for

povaty, isendogaous® Thehigh p-values for theHansen J-statistics reported in thelast
row leave usunéable to rglect thenull hypohesisthat all indruments are unarrelated with
thestructural error term.*

Probit results are given in tables 4 and 5. Household expenditures remain
postively related to the probability of being avictim of crime and the probability of
bengrobbal. Modd B in each table indudes a quadratic term for houshold
expenditures. Because the quadratic term is negdive this suggests tha the magnitudeof
thepostive impact is decreasing as houshold expenditures increase. For robbey, the
turning point at which the pogtive effect onthelinear term isequd to thenegdive effect
onthequaratic term is9,825rand pe month pe houshold member. Thisturning paint
is extremely high suggesting tha thelikelihood of being robbed may only decrease for
thevery rich.> For interpretation purposes, margind effects are reported for modd A, the
modd excluding the quadratic term. While the probit estimates are smaller in magnitude
than the LPM estimates, the postive relationship between houshold expenditures and
crime remains

Lastly, table 6 providesresults from the probit with indrumental variables
approach. Agan, houshold expenditures have a postive impact on the probability of

being avictim of crime and onthe probability of being robbed. Similar to the LPM

% The C-statistics lead us to asimilar conclusion in that we reject the null that household expenditures are
€X0genous.

* The J-statistic has a chi-squared distribution with degrees of freedom equal to the number of instrumental
variables from outside the model minus the total number of endogenous explanatory variables.

® The turning point is calculated as follows

$PrCrime=11) _ ! (a+ " totmex+ " ,[totmex® + # 'hh+#,'c)(", + 2" totmex) = 0
$totmex

% totmex = —L
2

where ¢([) isthe standard normal density.
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results, the magnitudeof the coefficient estimates for houshold expenditures increase
when udng indrumental variables. Exogendty testing, usngthe Rivers and Vuong
(1988)approach, leadsto the same condugon tha was reached with theLPM. It appears

tha houghold expenditures are endogaous

VI. CONCLUSION

Using binary choice modds, | find that decreases in povaty lead to an increase in
the probability that a South African houshold isrobbel. The magnitudeof the negaive
effect of povety oncrimeisnotgreat, but nonghdessis significant across all modd
specifications With thefindingspresented here, we may want to lean toward the
condusonthat thegreater expected material gan from robbing a wealthier household
outweighsthe opposng effect tha poorer housholdsare easier to rob® However, dueto
variablestha | am unéable to control, we should hesitate before making such aconduson.
The statement that poaer housholdsare easier to rob has been madead hoc. This
relationship requiresinvestigaion. Also, | have nat controlled for important community-
level attributes such as levels of police activity andincome inequdity. If it isnotwealthy
householdsper se tha are more likely to berobbed, but wealthier housholds surroundel
by poorhousholdsthen theappropriate story may betha incomeinequdity drives
crime. Conequently, further research is required before suggestionson how to direct

crime prevention pdicies, such as police force alocation, can be made

® This could be due to alack of simple crime deterring devicesin poor households such as locks on doors.
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