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I .  INTRODUCTION 
 
 Crime is a serious problem that plagues developing countries.  There has long 

been the belief that, within developing countries, poverty favors crime.  Hard proof of 

this relationship is lacking.  Evidence of related relationships in developed countries is 

easier to come by.  Raphael and Winter-Ebmer (2001) use U.S. state data to examine the 

effects of unemployment on crime.  Their results suggest that decreases in property crime 

rates can be explained, in part, to decreases in unemployment rates.  Ludwig, Duncan, 

and Hirschfield (2001) find evidence that suggests that giving families the opportunity to 

move to neighborhoods with lower levels of poverty reduces criminal behavior by 

teenagers.  In a study using data from U.S. urban counties, Kelly (2000) finds that 

inequality has no effect on property crime but a strong influence on violent crime.  

 In contrast, evidence concerning the poverty and crime connection and related 

relationships in developing countries, while growing, is still relatively sparse.  This is due 

largely to the lack of available crime data.  Existing studies include Fajnzylber et al 

(2000) and Dreze and Reetika (2000).  Fajnzylber et al (2000) illustrate that differences 

in crime rates can be linked to growth and poverty.  In India, Dreze and Reetika (2000) 

find that murder rates are unrelated with poverty. 

 In general, evidence concerning the effects of poverty on crime is looked upon 

with skepticism.  Several important issues arise when trying to determine if a relationship 

exists.  First, reverse causation could lead to the incorrect conclusion that a positive 

correlation between poverty and crime is verification that poverty levels determine 

criminal activity.  In truth, it may be that causality runs in the other direction.  That is, 

increasing rates of criminal activity within a community may lead to increases in poverty.  
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Fafchamps and Minten (2006) treat the reverse causation problem by using a natural 

experiment.  They look at the influence transitory poverty has on crime by taking 

advantage of a disputed presidential election in Madagascar.  During this period, fuel 

supplies to the central highlands were reduced.  The reduction in fuel supplies resulted in 

increased poverty levels.  Their primary finding is that the increase in transitory poverty 

had a positive and significant effect on crop theft.  Second, omitted variables may exist 

that jointly determine poverty levels and crime rates.  For example, Rephann (1999) finds 

that nonmetropolitan crime is, to an extent, a product of rural development processes that 

also lead to economic growth.  Lastly, if there exists misreporting in crime data, then 

results can be biased.  In studies where crime is the dependent variable, bias occurs when 

the measurement error is systematically related to one or more of the regressors. 

 In this paper, I look at cross-sectional household level data from South Africa.  I 

employ limited dependent variable models to determine the effect of poverty on crime.  

Specifically, I address the connection between poverty and robbery.  For South Africa, 

Demombynes and Ozler (2005) find that burglary rates are 25-43% higher in police 

precincts that are wealthier than their neighbors.  Demombynes and Ozler analyze the 

effect of local inequality on crime, but do not consider endogeneity issues.  Here, I 

instrument for the potential endogeneity of total monthly household expenditures per 

household member, my chosen measurement of poverty.  Across all model specifications, 

a positive relationship between poverty and crime exists.  Increasing household wealth, 

ceteris paribus, leads to an increase in the probability that the household will be robbed.  

The magnitude of the impact of poverty on crime is not large, but the positive 

relationship is statistically significant across all models.  The remainder of the paper is 
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organized as follows.  In Section II, I describe the data and variables.  Section III 

provides a discussion of the empirical strategy I implement.  Section IV discusses 

instrument relevance, the possible endogeneity of household expenditures, and 

overidentification.  Section V presents results and Section VI concludes. 

 

I I .  DATA AND VARIABLES 

 The data come from the 1993 South African Integrated Household Survey (SIHS) 

conducted by the South African Labour Development Research Unit (SALDRU).  The 

survey is based on the Living Standards Measurement Surveys (LSMS) of the World 

Bank.  The primary goal of the survey, undertaken during the months prior to the first 

democratic elections in South Africa, was to collect information regarding the living 

conditions of South Africans.  The 1993 SALDRU survey questioned approximately 

9,000 households grouped into 360 clusters.  A community-level survey was conducted 

for each of the 360 clusters.  Due to coding errors and missing values, there was complete 

info for 5,991 households. 

Dependent Variables 

 Crime, as defined in this paper, includes assault, robbery, rape, murder and 

abduction.  I analyze crime, in general, and examine robbery by itself.  The dependent 

variables are discrete choice variables that take the value of 1 if, in the last 12 months, a 

household member has been a victim and zero otherwise.  Robbery is examined 

separately because, in large part, it is motivated by material gain. 

 A benefit of using crime indicators that originate from a household survey is that 

measurement error problems may be mitigated.  Underreporting is an often neglected 
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problem in the crime literature.  Observed relationships can be seriously misleading when 

misreported crime goes unaccounted.  Most of the crime data used in the literature comes 

from police precinct records.  If a household has been a victim of a crime and the crime 

goes unreported, it will be excluded from the analysis.  This happens when the expected 

returns from reporting are low.1  It is likely that misreporting is also a function of police 

corruption.  Within the context of South Africa, this problem could be severe (Newman, 

2002).  This paper potentially avoids some of these issues by using crime reports from a 

household survey.  The 1993 SALDRU survey asks each household whether or not a 

household member has been a victim of a crime.  If the answer is ÒyesÓ, the respondent is 

asked to specify the crime committed.   

 Measurement error in the dependent variable is an issue when it occurs 

systematically. That is, when it is correlated with regressors in the model.  For example, 

if poorer people are less likely to file a crime report because corrupt police precincts 

favor the wealthy, then we would find a correlation between wealth and crime even if no 

correlation exists in the true relationship.  Demombynes and Ozler (2005) find their 

result, that burglaries in South Africa are more likely to take place in wealthier areas that 

are unequal, to be robust when accounting for potential measurement error due to 

misreporting. 

Independent Variables 

 The independent variables can be grouped into two categories:  Variables 

describing household-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. 
                                                
1 Duncan et al (2007) discuss underreporting among minorities. 
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 I instrument expenditures with the household headÕs level of education.  The 

instrument set consists of three dummy variables that describe the highest level of 

education attained. 

 

I I I .  EMPIRICAL STRATEGY    

 The relationship between poverty and crime is estimated with a linear probability 

model (LPM) and a probit model.  Because of the potential endogeneity of household 

expenditures, I estimate the LPM with a generalized method of moments (GMM) and the 

probit model with instrumental variables (IV).  Though relatively easy to interpret, the 

linear probability model has drawbacks.  One disadvantage is that fitted probabilities can 

be negative or greater than one.  Another disadvantage is that the partial effect of any 

explanatory variable is constant.  To bypass these limitations more sophisticated binary 

choice models, such as probit, are sometimes preferred.   

LPM and GMM 

The linear probability estimation is based on the following model 

   ' 'i i i ijCrime a totmex !" # # $1 2= + + + +hh c    (1) 

where iCrime  is a binary choice variable that is equal to 1 if a household member has 

been a victim of a crime and zero otherwise.  itotmex  is total monthly expenditures per 

household member, ihh  is a vector of household-level characteristics, and ijc  is a vector 

of community-level characteristics.  For notational purposes, consider the following 

'
i i

Crime != +0bix  

where ix  = (1, itotmex , ihh , ijc )Õ. 
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 The model allows for the possibility that elements of xi may be correlated with the 

error term, 
i

! .  Here, we consider 
i

totmex  as potentially correlated with i! .  itotmex  is an 

endogenous variable if  

[ ] 0iE totmex !" # . 

If endogeneity is present, then results can be biased and inconsistent. 

 To mitigate potential endogeneity issues, we let iz  represent the vector of 

instruments { _ , _ , _ }i i ieduc gen educ further educ higher  where each instrument is a 

dummy variable indicating the highest level of education attained by the household head.  

Let iw  represent the vector of { , , }i i iCrime x z  and assume that it is a stationary and 

ergodic process. 

Moment Conditions  

 Define 

( , ) ( ' )i i i i iCrime!"= = #0 0b bw z z xig . 

It is assumed that the instrumental variables, iz , satisfy the following orthogonality 

conditions 

[ ( , )] [ ] [ ( ' )] 0
i i i i i

E E E Crime!"= = # =0 0b bw z z xig  

that correspond to the sample moments for an arbitrary b  

1 1

1 1
( ) , ) ( ' )

n n

n i i i
i i

Crime
n n= =

= = !" "0 0b b bg w z xi(g  
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Equating the sample moments with the population moments provides us with the 

following estimating equation 

0zCrime zx! b =S S                                                   (2) 

where 
1

1 n

zCrime i i
i

Crime
n =

= !S z  and 
1

1
'

n

zx i i
i

S
n =

= ! z x . 

Identification Issues 

 A necessary, but not sufficient condition for the identification of 0b  is the order 

condition 

K L!  

where K is the number of instrumental variables and L is the number of explanatory 

variables.  If K > L, then the model is said to be overidentified.  Here, there is generally 

not a solution to equation (2).  In light of this, estimation can be done within a GMM 

framework.  The GMM solution uses the method of minimum chi-squared that attempts 

to find a b that makes 
zCrime zx

! bS S  as small as possible.  The GMM objective function is 

defined as  

                      n n
ö ö ö( ) = n ( ) ( ) ( ) ' ( )zCrime zx zCrime zxJ ' = n ! !b,W g b Wg b b W bS S S S                 (3) 

where Ŵ  is a K K!  symmetric and positive definite weight matrix. 
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Two-Step Efficient GMM 

 For estimation purposes, two-step efficient GMM is used.  This method takes 

advantage of the fact that, with an arbitrary positive definite and symmetric Ŵ , such that 

öW converges in probability to W, a consistent 
0
b  can be obtained. 

 The efficient GMM estimator minimizes the objective function shown above.  In 

two-step efficient GMM, the optimal weight matrix is the inverse of an estimate of the 

covariance matrix of orthogonality conditions.  That is, the two-step efficient GMM 

estimator is defined as 

                         -1 -1

n n
ˆ ˆˆ ˆ ˆ( ( )) = argmin(n ( ) ( ) ( ))'

b
b W g b W g bS S .                                (4) 

 Using the software package STATA, I employ two-step efficient GMM 

estimation by using the ivreg2 command with gmm option.  STATA reports coefficient 

estimates that are efficient in the presence of arbitrary heteroskedasticity.  

Probit and IV  

The probit estimation is based on an underlying latent variable model of crime 

* ' 'i i i ijCrime a totmex !" # # $1 2= + + + +hh c ,                                (5) 

where *
iCrime  is the unobserved vulnerability to crime.  Within a probit framework, the 

dependent variable is an indicator variable that relates to the underlying *Crime  such that 

1Crime=  if * 0Crime >  and 0Crime=  otherwise. 

                              

*Pr( 1| ) = Pr(Crime 0| ) 

= Pr( ' | ))

=1- ' )]

= ' )

Crime

!

= >

> "(

#["(

#(

0

0

0

b

b

b

x x

x x

x

x

         (6)  

where ( )! �  represents the standard normal cumulative distribution function. 
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As discussed earlier, poverty is potentially endogenous.  Causation may operate in 

the reverse direction, from crime to poverty.  Specifically, if an increase in crime 

decreases household expenditures, then standard probit estimates will be biased 

downward.  Another reason poverty is potentially endogenous is that unobserved factors 

may influence both crime and household expenditures.  Again, to mitigate potential 

endogeneity, I instrument household expenditures with the highest level of education 

attained by the head of the household.  I have described the first model in more detail for 

the purpose of outlining the GMM framework.  I refrain from such detail here and refer 

the reader to Woolridge (2002) Ch. 15.7.2 for a more rigorous treatment of probit models 

with endogenous explanatory variables.  The dummy variable for no education is 

excluded from both models. 

 

IV.  INSTRUMENT RELEVANCE, ENDOGENEITY OF HOUSEHOLD 
EXPENDITURES, AND OVERIDENTIFYING RESTRICTIONS 
 
 To check instrument relevance I use OLS and regress total expenditures on all 

exogenous variables 

i 2 ij 3 i' ' '
i i

totmex v! ! ! !0 1= + + + +zhh c .                       (7) 

Equation (7) represents the first-stage regression in the standard two-step IV approach.  

Analyzing the first-stage regression will help determine whether expenditures are 

correlated with levels of education.  If expenditures and education are only weakly 

correlated, then IV estimates can suffer from large asymptotic bias.2  In addition, as the 

correlation between household expenditures and education approaches zero the finite 

                                                
2 This can occur even when the instruments are only moderately correlated with the structural error term, 
! .  
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sample bias of standard IV estimates approach that of OLS estimates (Bound, Jaeger, and 

Baker, 1995). 

 In testing the endogeneity of itotmex  we consider the following hypothesis test 

   0H : E[ ] = 0 itotmex !"            (
i

totmex  is exogenous) 

   1H : E[ ] 0   
i

totmex !" #          ( itotmex  is endogenous). 

Under the null hypothesis we look at the full model.  That is, the model that includes 

i
totmex  in the instrument set.  Under the alternative hypothesis, itotmex  is treated as if 

endogenous.  For each model a HansenÕs J-statistic is calculated.  A C-statistic, defined 

as  

    C = JFull - JRestricted, 

is used to test the null. 

 Testing for endogeneity of household expenditures in the LPM can also be carried 

out by the simple two-step procedure outlined in Woolridge (2003).  First, I obtain the 

fitted residuals, îv , from equation (7).  Second, the fitted residuals are added to the 

structural LPM 

i ij 3 ö' ' 'i i i iCrime a totmex v! " " " #1 2= + + + + +hh c .  (8) 

The significance of öiv  in the structural equation is tested using an OLS regression.  If the 

coefficient on öiv  is statistically different from zero, then we can conclude that 

expenditures are endogenous.   

 When testing for endogeneity under the probit framework, I implement a two-step 

procedure described by Rivers and Vuong (1988).  The first step is the same as 
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previously described.  In the second step, instead of using OLS, probit estimation is used 

to test the significance of the fitted residuals.   

 Another requirement of an instrument is that it be uncorrelated with the structural 

error term.  This requirement cannot be tested because the error is unobserved.  However, 

if we have more than one instrument then we can test whether some of the instruments 

are uncorrelated with the error term.  Here, we report the Hansen J-statistic to test for 

overidentification.   

 

V.  RESULTS 

 Table 2 reports the coefficient estimates for the education variables in the first-

stage regression.  As one might expect, the coefficient estimates are positive and increase 

in magnitude as levels of education increase.  All estimates are significant at the 1% 

level.  Large F-statistics lead us to conclude that the education dummies are jointly 

statistically significant.  This holds when durable goods are excluded from the model. 

 Table 3 reports the results from the LPM.  The coefficients on household 

expenditures are positive and significant across all model specifications.  Results from 

the fourth column suggest that a one thousand rand increase in total monthly expenditures 

per household member increases the probability that the household will be robbed by 

about 7%.  A key result is that the magnitudes of the coefficient estimates on total 

expenditures increase when using GMM.  As explained earlier, if reverse causation is a 

problem then OLS estimates will be biased downward.  The third to last row in table 3 

reveals that the coefficient estimates for the fitted residuals obtained from the first-stage 

regressions are significantly different from zero when the fitted residuals are included in 
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the OLS regressions of the structural model.  We conclude that 
i

totmex , our proxy for 

poverty, is endogenous.3  The high p-values for the Hansen J-statistics reported in the last 

row leave us unable to reject the null hypothesis that all instruments are uncorrelated with 

the structural error term.4 

 Probit results are given in tables 4 and 5.  Household expenditures remain 

positively related to the probability of being a victim of crime and the probability of 

being robbed.  Model B in each table includes a quadratic term for household 

expenditures.  Because the quadratic term is negative this suggests that the magnitude of 

the positive impact is decreasing as household expenditures increase.  For robbery, the 

turning point at which the positive effect on the linear term is equal to the negative effect 

on the quadratic term is 9,825 rand per month per household member.  This turning point 

is extremely high suggesting that the likelihood of being robbed may only decrease for 

the very rich.5  For interpretation purposes, marginal effects are reported for model A, the 

model excluding the quadratic term.  While the probit estimates are smaller in magnitude 

than the LPM estimates, the positive relationship between household expenditures and 

crime remains. 

 Lastly, table 6 provides results from the probit with instrumental variables 

approach.  Again, household expenditures have a positive impact on the probability of 

being a victim of crime and on the probability of being robbed.  Similar to the LPM 
                                                
3 The C-statistics lead us to a similar conclusion in that we reject the null that household expenditures are 
exogenous.   
4 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. 
5 The turning point is calculated as follows 

2

1 1 1

Pr( 1| )
( ' + ' )( 2 ) 0

Crime
a totmex totmex totmex

totmex

totmex

! " " # # " "

"
"

2 2 2

1

2

$ =
= + + + + =

$

% =
&2

�
x

hh c  

where !( )�  is the standard normal density.  
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results, the magnitude of the coefficient estimates for household expenditures increase 

when using instrumental variables.  Exogeneity testing, using the Rivers and Vuong 

(1988) approach, leads to the same conclusion that was reached with the LPM.  It appears 

that household expenditures are endogenous. 

 

VI .  CONCLUSION 

 Using binary choice models, I find that decreases in poverty lead to an increase in 

the probability that a South African household is robbed.  The magnitude of the negative 

effect of poverty on crime is not great, but nonetheless is significant across all model 

specifications.  With the findings presented here, we may want to lean toward the 

conclusion that the greater expected material gain from robbing a wealthier household 

outweighs the opposing effect that poorer households are easier to rob.6  However, due to 

variables that I am unable to control, we should hesitate before making such a conclusion.  

The statement that poorer households are easier to rob has been made ad hoc.  This 

relationship requires investigation.  Also, I have not controlled for important community-

level attributes such as levels of police activity and income inequality.  If it is not wealthy 

households per se that are more likely to be robbed, but wealthier households surrounded 

by poor households then the appropriate story may be that income inequality drives 

crime.  Consequently, further research is required before suggestions on how to direct 

crime prevention policies, such as police force allocation, can be made. 

 

 
 
 
                                                
6 This could be due to a lack of simple crime deterring devices in poor households such as locks on doors. 
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