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Income Inequality and Property Crime: Evidence from Iran
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Abstract: The main purpose of this study was to investigate the relationship between income inequality and
property crime rate in Iran from 1984 to 2008. Unrestricted error correction model (UECM) was employed to do
bounds test and to examine the presence of cointegration. Multiple-rank F-test was used as well to examine the
causality relationship. The results indicated that there had been long-run relationship between income
inequality and property crime rate. Also, two way causal relationship existed between income inequality and
property crime.
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INTRODUCTION legal work. Ehrlich [2] found a significant relationship

Over the recent decade, income inequality has risen below half the median income across the US states.
in Iran. According to theories, like Becker [1] and Ehrlich As explained in the early part of this paper, it cannot
[2] and  empirical evidences, like Fajnzylber et al. [3] and be denied that the seminal paper by Becker [1] and Ehrlich
Keshavarz and Markazi [4], this inequality directly [2] have been considered as the most important work in
impresses criminal behaviors and particularly property crime studies. The empirical evidences on relationship
crimes on which the current study is seeking for the between crime and inequality yield mixed results. Many of
effects of. these studies found a strong positive relation between

Economics literature on crime is referred to the income inequality and crime, but a weak or nonexistence
seminal works of Becker [1] who considers the income of the above relationship in other studies. Chiu and
inequality factor as a proxy to show the differences in Madden [5] presented a powerful link between worsening
legal and illegal gains. Hence he expected to find a income inequality and increases in the number of
positive correlation between income inequality and burglarie. Kelly [6] employed cross-sectional analyse for
commencing of crimes under the  impression  of  three United States counties in 1991 and found a positive and
factors: At first, interrelationship between moral costs and significant effect of inequality on robbery, assault overall
psychological punishments; Second, economic violent crime, but not on property crime. Fajnzylber et al.
motivation i.e. a comparison made between legal incomes [3] strongly reported that increases in income inequality
and illegal gains which probably conducts to higher raise violent crime rate, in their study on several
expected utility of illegal incomes; At last, arrest developed and developing  countries  for  the  period
probability and severity of the punishments. It goes 1970-1994. Nilsson [7] also found a strong link between
without saying that the greater the income inequality, the property crime and income inequality in Sweden foe the
higher the will toward crime commission. period 1973-2000. Scorzafav and Soares [8] used panel

While Becker [1] emphasizes on the cost and benefit data in Brazil for the period 2002-2004 and concluded that
of crime, Ehrlich [2] extends Becker’s crime model by income inequality has a positive effect on pecuniary crime
including the role of opportunity cost between illegal and rates.  Keshavarz and Markazi [4] employed panel data for

between the crime rate and the share of the population



0 1 1 2 1

1 0

t t t
p q

i t i i t j
i j

InP t InP InG

InP InG

−

− −
= =

∆ = + + +

+ ∆ + ∆∑ ∑

( ) 2

1
Long termcoefficient LTC =

World Appl. Sci. J., 19 (2): 281-286, 2012

282

provinces of Iran during 1997-2005 and found that Gini InP  = + InG  + (1)
coefficient affects property crime positively. Allen [9]
derived that although income inequality affects robbery, Where InP  is the natural log of the property crime rate
it is not statistically significant. Bourguignon et al. [10] index/100,000 population; InG  is the natural log of Gini
found only insignificant results about the link between coefficient;  and  are unknown parameters;  is the
income inequality and overall crime rate. Neumayer [11] residual. The bounds test is done to examine the presence
also failed to show a strong relationship between income of cointegration. This test is an approach to testing for
inequality and  robbery/theft  during  1980-1997 in the existence of a relationship between variables in levels
various  countries. Brush [12] conduct and compare which is applicable irrespective of whether the underlying
cross-sectional and time series analyses of   United regressors are purely I(0), purely I(1) or mutually
States counties, interestingly, the results are in cointegrated. The bounds test is based on an estimation
contradiction, income inequality is positively associated of the Unrestricted Error Correction Model (UECM) as
with crime rates in the cross section analysis, but it is follows:
negatively associated with crime rates in the time-series
analysis. Choe [13] found a positive impact of the Gini
coefficient on burglary and robbery, but fails to find an (2)
impact on property crimes. Baharom and Habibullah [14]
didn't observe any crucial effect of income inequality on
crimes in Malaysia for the period 1973-2003. P and q are optimal lags order length and are

Following Baharom and Habibullah [14], in this paper, determined by SB criterion. To test the presence of long
we employ bounds test to examine cointegration between run  relationship, we  set H0: 1 = 2=0 versus H1: 1
income inequality and crime. It is important to notice that 2 0. According to Tang and Lean [15], critical values
the current study merely focuses on property crime and which have been offered by Pesaran et al. [16] are not
neglects other crimes -an approach different from appropriate for small sample sizes. Following them, we use
Baharom and Habibullah`s. While they could not find any critical values that Narayan [17] provided. If the computed
long-run relationship between income inequality and F-statistics exceeds the respective upper critical bounds
crime rates, we found those Gini coefficient and property value,  we  conclude  that  the variables are cointegrated.
crime rates are cointegrated. If the F-statistics falls below the respective lower critical

The remainder of the paper is organized as follows. bounds, we fail to reject the null hypothesis of no
After the introduction, methodology is discussed in cointegration relationship. If the F-statistics falls between
section 2. The results of the study are elaborated in its upper and lower critical bounds values, inference is
section 3. The conclusion and proposed suggestion are inconclusive.
presented in the last part. In case of being cointegration between the variables,

Data, Methodology and Model coefficient as follow:
Data: In  this  research,  annual  data for property crime
rate  and Gini coefficient - as measure of income inequality
- in Iran during 1984-2008 have been used.  Gini coefficient
statistics have been taken from the central bank of Iran Gordon and Sakyi-Bekoe [19] and Ansari et al. [20]
(http://tsd.cbi.ir/DisplayEn/Content.aspx:1984-2008). documented that the standard parametric causality tests

Property crime data have been available on the by Granger [21] and others are based on classical
statistical year books (annual statistics: assumptions. Violation of these conditions will affect the
http://amar.sci.org.ir/index_e.aspx:1984-2008) by statistical causality conclusions. But, the nonparametric causality
center of Iran. approach does not limit to these classical assumptions.

Methodology  and  Model:  In  order to study a procedure for causality testing based on the rank ordering
relationship between income inequality and property (R) of each variable. This ranking approach is more robust
crime rate, the following double-log linear equation is than the conventional parametric approach. Furthermore,
estimated, if the classical assumptions for Granger estimation are

t t t

t

t

t

Bardsen's [18] method is used to compute the long run

Holmes and Hutton [22] suggested an alternative
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The diagnostic tests confirm absent of heteroskedasticity (ARCH test), the Breusch-Godfrey LM test shows that the model is1

free from serial correlation problem. In addition, the model incorrectly specified (Ramsey RESET test).
283

satisfied, the multiple-rank F-test results are similar to the
Granger results. Otherwise, Holmes-Hutton procedure is
superior to the Granger's test. 

The multiple-rank F-test is performed in the following
ARDL model. Each variable is ranked and the ranked
value of each observation is used to test for the causality
relationship. The optimal lag lengths are selected by AIC
criterion. Therefore, causality test is done as follows:

R(.) represents the rank order transformation; p and
q are referred to the maximum lag order; which is
determined by AIC criteria. If in equation (4), j implies
causality from Gini coefficient to the property crime;
whereas in equation (5), property crime Granger causes
Gini coefficient, if j.

We note that the standard Granger causality test
uses VAR model to examine the causal link. In this study,
we use the ARDL model due to the assumption that the Fig. 1: Respectively plots of CUSUM and CUSUM of
non-uniform lag orders reflect the relationship better than squares statistics for the estimated UECM.
the uniform lag order. We do not include the current
variables (lnG and lnP ) in the ARDL model because the of diagnostic  tests.  The plots of CUSUM (Figure 1) andt t

present or future cannot cause the past [21]. CUSUM of Squares (Figure 2) tests are always inside  the

RESULTS AND DISCUSSION estimating  parameters  during  period. The result of

The ADF unit root test has been performed to values by Narayan [17], it is clarified that there is
investigate the degree of integration and has been found cointegration in all levels (1%, 5% and 10%).
that while Gini coefficient was stationary, the property We find that the long run Gini coefficient is 17.308 and
crime rate was not. The mentioned test confirmed that is statistically significant at the 1% level. As a
stationary  of  Gini  coefficient  variable   in   its   level. consequence, income inequality increases property crime
First difference of the property crime rate was stationary. in Iran (Table 2).
In Perron's view point [23], in performing unit root tests, He and Maekawa [24] have stated that F-statistics for
special care must be taken if it is suspected that structural Granger causality often leads to  spurious  causality
change has occurred. Perron's structural change test has results  when  one  or  both of the estimated series are
been done, due to reformed judicial system in Iran in 2002. non-stationary. Structural break test showed the property
As far as the structural change test was concerned, crime rate is stationary, but we cannot insert the break
property crime time series data had structural break; as a variable in causality model; hence, we monotonically
result, the integration degree of that was I (0). transformed the first differenced variable into rank

Research findings indicate that between property ordering R (.) to avoid spurious causality conclusion.
crime rate and Gini coefficient U (2, 0), is the best model Results obtain from causality test indicate that there is a
which defined relation between Gini coefficient and bilateral causality relation between property crime and
property crime rate (Table 1). The UECM pass a  numbers Gini coefficient. 

1

5% confident lines which indicate the consistency of

bound test is 11.91; considering to the presented critical
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Table 1: The estimated UECM. Unrestricted intercept and unrestricted trend
(k=1 and T=30) from Narayan (2005).

Dependent variable lnPt

Independent variables Coefficient t-statistics
Intercept 18.6082 3.5252*
trend 0.17495 5.8551*
DU -1.5376 -4.7652* 2. Ehrlich, I., 1973. Participation in illegitimate activities:
lnP -0.99642 -5.9918*t-1

lnG -17.2469 3.1971*t-1

lnP 0.17345 0.83914t-1

lnP 0.69027 3.1158*t-2

lnG 4.2881 1.6096t

Bounds test F-statistics
Critical bounds Lower Upper
1% 10.605 11.65
5% 7.36 8.265
10% 6.01 6.78

Conclusion:
Cointegrated

Note: The symbols *, ***, ** denote significance at 1%, 5% and 10% level.

Table 2: Results of multiple-rank F-test causality test
Null hypothesis × -statis2

Gini coefficeint does not Granger-cause property crime 7
Property crime does not Granger-cause Gini coefficient 7

Granger causes from crimes to income inequality can
be explained by Fajnzylber et al.’s view point. As
demonstrated by Fajnzylber, criminals do not have access
to visibility to find a dignified job to make note worthy
lawful money. This leads to a wider class distinction
between the poor and the rich. This is what confirmed in
Iran society by this paper.

CONCLUSION

In this article, the effect of income inequality on
property crime - in Iran- has been examined. Based on the
estimated model, there was a long term relationship
between income inequality and property crime rate.
Another remarkable result was the bilateral causality
relation  between  income  inequality and property crime.
It is safe to derive the conclusion from this paper that the
policymakers could reduce property crime rate in Iran by
controlling the income inequality and vice versa.
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Appendix1: Table 6: Unit root test for lnG (Constant)
Adjusted R-squared (see Appendix 2): 0.66363; F-Statistic: 11.9117 Augmented Dickey-Fuller test statistic
[0.001]; Ramsey RESET (1): 2.3773[0.123]; Breusch-Godfrey LM test t-Statistic -3.865474
(Appendix 2) (1): 3.6231[0.057]; ARCH test (1): 0.3519[0.553]. Prob.  0.0075

Table 3: Unit root test for lnP (Constant)
Augmented Dickey-Fuller test statistic 5% level -2.991878
t-Statistic -0.940292
Prob.  0.7572 Conclusion:
Test critical values Level of the Gini coefficient is stationary
1% level -3.737853
5% level -2.991878
10% level -2.635542
Conclusion:
Level of the property crime rate is not stationary
Note: Null Hypothesis: lnP has a unit root

Table 4: Unit root test for lnP (Constant, Linear Trend)
Augmented Dickey-Fuller test statistic
t-Statistic -2.312371
Prob.  0.4114
Test critical values
1% level -4.416345
5% level -3.622033
10% level -3.248592
Conclusion:
Level of the property crime rate is not stationary
Note: Null Hypothesis: lnP has a unit root

Table 5: Unit root test for lnP (Constant)
Augmented Dickey-Fuller test statistic
t-Statistic -2.845369
Prob.  0.0676
Test critical values
1% level -3.752946
5% level -2.998064
10% level -2.638752
Conclusion:
First difference of the property crime rate is stationary
Note: Null Hypothesis: lnP has a unit root

Test critical values
1% level -3.737853

10% level -2.635542

Note: Null Hypothesis: lnG has a unit root

Appendix 2:

Adjusted  R-squared:  Adjusted R   is  used to2

compensate  for  the addition of variables to the model.
As more independent variables are added to the
regression model, unadjusted R will generally increase2

but there will never be a decrease. This will occur even
when the additional variables do little to help explain the
dependent variable. To compensate for this, adjusted R2

is corrected for the number of independent variables in
the model. The result is an adjusted R  than can go up or2

down depending on whether the addition of another
variable adds or does not add to the explanatory power of
the model. Adjusted R  will always be lower than2

unadjusted.

(1)

Where SS  is the sum of squared errors and SS  is theE T

total sum of squares.
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(2) An ARCH(q) model can be estimated using ordinary

N = number of observations ARCH errors using the Lagrange multiplier test was
K = number of independent variables proposed by Engle (1982). This procedure is as follows:

Breusch-Godfrey LM Test: In econometrics, Estimate the best fitting autoregressive model AR(q)
AutoRegressive Conditional Heteroscedasticity (ARCH)
models are used to characterize and model observed time (5)
series. They are used whenever there  is  reason to
believe that, at any point in a series, the terms will have a Obtain the squares of the error  and regress them
characteristic  size, or variance. In particular ARCH
models  assume  the  variance  of  the  current error term
or innovation to be a function of the actual sizes of the
previous time periods' error terms: often the variance is
related to the squares of the previous innovations.

Suppose  one  wishes  to model a time series  using
an ARCH process. Let  denote the error terms (returnt

residuals, with respect to a mean process) i.e. the series
terms. These  are split into a stochastic piece Z   and at t

time-dependent standard deviation  characterizing thet

typical size of the terms so that

(3)

The random variable z  is a strong White noiset

process. The series  is modelled by

(4)

Where  > 0 and  0, I > 0.0 i

least squares. A methodology to test for the lag length of

on a constant and q lagged values:

(6)

where q is the length of ARCH lags.

The  null  hypothesis  is that, in the absence of
ARCH  components,  we  have   =  0  for all i=1,… q.i

The alternative hypothesis is that, in the presence of
ARCH components, at least one of the estimated i

coefficients must be significant. In a sample of T residuals
under the null hypothesis of no ARCH errors, the test
statistic TR² follows  distribution with q degrees of2

freedom. If TR² is greater than the Chi-square table value,
we reject the null hypothesis and conclude there is an
ARCH effect in the ARMA model. If TR² is smaller than
the Chi-square table value, we do not reject the null
hypothesis.


