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Abstract: We examine various determinants of property and violent crimes by using 

police force area level (PFA) data on England and Wales over the period 1992-2008. Our 

list of potential determinants includes two law enforcement variables, crime-specific 

detection rate and prison population, and various socio-economic variables such as 

unemployment rate, real earnings, proportion of young people and Gini Coefficient. By 

adopting a fixed effect dynamic GMM estimation methodology we attempt to address the 

potential bias that arises from the presence of time-invariant unobserved characteristics of a 

PFA and endogeneity of several regeressors. We find that, on average, higher detection rate 

and prison population leads to lower property and violent crimes. However, socio-economic 

variables play a limited role in explaining different crime types. 
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I. Introduction 

 

In this paper, we examine how economic and law enforcement factors affect violent 

and property crimes in England and Wales since the 1990s. This has often been a matter of 

heated debate among researchers, policy makers and the general public. While some people 

suggest that we need tougher law enforcement, others emphasize the role of economic 

factors like wages and unemployment. For example, the BBC reported that in what was his 

first major speech since he took office, the Justice Secretary Ken Clarke said prison were 

often “a costly and ineffectual approach that fails to turn criminals into law-abiding 

citizens”
5
. He went on to talk about the need to address the underlying causes (economic and 

sociological) of criminal behavior. This view was immediately contested by his fellow 

Conservative and former Home Secretary Michael Howard (who said he stood by his long 

standing view that “prison work”) suggesting a lack of political consensus even within the 

same party. 

    The analysis of crime using an economist toolkit started with Becker (1968) and 

Ehrlich (1973) who developed a conceptual framework for analyzing how criminals respond 

to incentives. Since then people have tried to test these models i.e. they have empirically 

tested for evidence that actual and potential criminals respond to these costs and benefits of 

crime. Such factors which affect cost and benefits include among other things 

unemployment rate, income level, income inequality, demographic characteristics, 

probability of getting caught, and severity of punishment. By testing for the significance of 

such factors one hopes to gain some understanding into how both law enforcement and 

economic variables impact criminal behavior. Although this has been an extensively 

researched subject matter in the United States, there is relatively little understanding on how 

such factors affect crime rate in England and Wales. We use an up to date data set to study 

this question. In particular, we also attempt to separate the causal effect of such factors on 

crime from mere correlations by exploiting information in our panel data set. By doing so, 

we hope to shed some light into what factors really affect crime in England and Wales. 

We estimate a dynamic panel data model to address the potential pitfalls in 

identifying the causal effect of economic and law enforcement variables on different crime 

rates.6 Our primary panel data set is disaggregated by the Police Force Areas (PFA) in 

                                                 
5
 See http://www.bbc.co.uk/news/10457112 for details. 

6
 Two such potential pitfalls are (a) presence of unobserved variable affecting both the crime rate and the 

determinants of crime rate, and (b) reverse-causality effect whereby crime in turn affect the variable affecting 

the crime. 
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England and Wales and covers the period 1992-2008.7  We examine six crime rates which 

can be categorized into (a) violent crime that includes violence against person, sexual 

offenses, and robbery, and (b) property crime that includes burglary, theft and handling, and 

fraud and forgery. Our list of factors that explains different crime rates include among other 

variables crime detection rate, prison population, real earnings, proportion of young people, 

income inequality and unemployment rate. A detailed description of these variables is given 

in the Data Section. 

  Our paper makes several contributions to the existing research on crime. First, there 

are only a limited number of studies for the U.K. analyzing the relationship between crime 

rates and economic and law enforcement variables.
8, 9

 Of those, a significant majority of the 

studies use time series data [Dhiri et al. 1999; Hale 1998; Hale and Sabbagh 1991; Pyle and 

Deadman 1994a; Pyle and Deadman 1997; Saridakis 2008]. While time series based studies 

are informative in describing long run correlation between interested variables and crime 

rates, they are often constrained by the issues of structural break, small sample size, cross 

sectional variation across units and lack of causal interpretation [Levitt 2001]. We believe 

that our work, that uses a panel data, can circumvent some of the problems of time series 

analysis. 

Second, there are only a handful of studies in the U.K. that uses panel data 

[Carmichael and Ward 2000, 2001; Witt, Clarke and Fielding 1998, 1999]. With the notable 

exception of Witt, Clarke and Fielding (1999) and Carmichael and Ward (2001), Machin 

and Meghir (2004) who also examines crime rate at the Police Force Area (PFA), none of 

the existing studies have used panel data at our level of aggregation. Past research indicates 

that, for example, crime rate and unemployment relationship is the weakest in national level 

data and strongest in the county level data [Chiricos 1987]. Such findings have been 

                                                 
7
 There are in total 43 Police Force Areas (PFA) in England and Wales. They are Avon and Somerset, 

Bedfordshire, Cambridgeshire, Cheshire, Cleveland, Cumbria, Derbyshire, Devon and Cornwall, Dorset, 

Durham, Essex, Gloucestershire, Greater Manchester, Hampshire, Hertfordshire, Humberside, Kent, 

Lancashire, Leicestershire, Lincolnshire, City of London, Merseyside, Metropolitan Police District, Norfolk, 

Northamptonshire, Northumbria, North Yorkshire, Nottinghamshire, South Yorkshire, Staffordshire, Suffolk, 

Surrey, Sussex, Thames Valley, Warwickshire, West Mercia, West Midlands, West Yorkshire, Wiltshire, 

Dyfed-Powys, Gwent, North Wales, and South Wales. 
8
 Unlike in the U.K., there is a large literature in the U.S. on crime using panel data though the focus is on 

property crime.  It is beyond the scope of this study to summarize those papers. These include papers by Doyle 

et. al (1999), Gould et. al (2002). 
9
 There is also a growing literature in the rest of Europe [Reilly and Witt (1992), Pyle and Deadman (1994b), 

Edmark (2003), Saridakis and Spengler (2009)]. One of the few papers using a panel approach which analyzes 

violent crime is Fajnzylbera, Lederman and Loayzab (2002) but it is a cross country study and potentially 

suffers from the aggregation bias discussed above. 
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attributed to aggregation bias. By using PFA level disaggregated data we hope to minimize 

aggregation bias.
10
  

Finally, with the exception of the study by Witt, Clarke and Fielding (1999), none of 

the panel data based studies incorporate the dynamics of crime evaluation into their analysis. 

Like Witt, Clarke and Fielding (1999), we include lagged crime rate as an explanatory 

variable to capture crime dynamics. Inclusion of lagged endogenous variable as an 

explanatory variable requires us to adopt an instrumental variable estimation by using a 

Generalized Method of Moments (GMM) estimator. More on this is in the Econometric 

Methodology section. 

Our paper is most closely related to that of Witt, Clarke and Fielding (1999) because 

both uses PFA level data and dynamic panel data model in analyzing crime rates in England 

and Wales. However, there are some significant differences between these two studies. 

First, their study is somewhat dated, covering time period 1986-96. Our primary results are 

based on data that covers the time period 1992-2008. An auxiliary data set covers a longer 

time span of 1988-2008. Second, we examine both the violent and property crime rates, 

whereas their paper focuses on only property crimes. Third, we include a richer set of 

explanatory variables in our analysis. For example, a notable exception in Witt, Clarke and 

Fielding is omission of legal income in their analysis. They also do not include expected 

severity of punishment in their analysis. From the predictions of the theoretical model, both 

these variables are important determinants of crime rate (Becker 1968; Ehrlich 1973). Our 

inclusion of real earnings, crime detection rate and prison population significantly improves 

the explanatory power of crime rates. Fourth, they include size of the police force as a 

measure of law enforcement measure. Size of the police force is an endogenous variable 

because both crime rate and size of police force are likely to be jointly determined. Failure 

to address such reverse causality in law enforcement variables will bias the estimates of 

these coefficients, making their interpretation hard.11 We address such potential endogeneity 

in law enforcement variables such as the crime detection rate and prison population, in our 

GMM estimation framework by using lagged values of these variables as instruments. 

Finally, Witt, Clarke and Fielding use an instrumental variable (IV) first-difference GMM 

                                                 
10
 Since we are using PFA level data, instead of individual crime data, our study can still have some 

aggregation bias. Furthermore, not all of our explanatory variables are available at the PFA level, which can 

introduce further aggregation bias in our analysis.  
11
 Carmichael and Ward (2000, 2001) uses crime specific clear up rates, custodial rates and average sentences 

as law enforcement variables. However, they do not look at whether these variables are likely to be 

endogenous in the sense that crime rate and these variables are jointly determined. 
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estimator proposed by Arellano and Bond (1991). We use a slightly different version of the 

IV-GMM estimator, where we use “forward orthogonal deviation” to eliminate the time-

invariant PFA fixed effects. Our approach has an advantage over the first difference 

approach in that does not introduce first-order serial correlation in the estimation equation. 

More on the methodology can be found in the Econometric Methodology section. 

Our key findings include a significant positive effect of own-lagged crime rate. The 

own-lagged effect is stronger for the property crimes, on average, than the violent crimes. 

The law enforcement variables on the whole have a significant impact on crime rate. Higher 

detection rate, on average leads to lower crime rate for different property crimes and violent 

crimes. Higher prison population, on average, leads to lower crime rate for property crimes. 

The effect of increase in prison population on violent crimes is less clear cut. The economic 

variables with the exception of real earnings do not have a consistent effect on either violent 

or property crimes.  

The rest of the paper is organized as follows. Section II outlines the theoretical 

motivations and econometric specification used in the paper, Section III describes the data 

used, Section IV discusses the key findings of the paper along with robustness checks and 

Section V concludes the paper. 

 

 

II. Theoretical Motivation and Econometric Specification 

II.1. Theoretical Motivation 

The analysis of crime as an economic activity goes back to Becker (1968) and was 

expanded on by Ehrlich (1973). They provide a framework of analysis where potential 

criminals optimally chose whether to commit crime and if so what type of crime.  People 

rationally analyze costs and benefits in making this decision. These are affected by the 

probability of being caught, severity of punishment and the opportunity cost in terms of 

other activity forgone.  An empirical test of Becker’s model involves testing for whether 

people do actually respond to changes in such costs and benefits. The main empirical 

variables that are used as a proxy for costs and benefits include (some measure of) 

probability of being apprehended, severity of punishment, the presence of groups (such as 

young people) deemed to be more or less prone to crime and some measure of earnings in 

the legal sector which measures the opportunity cost of crime. In some cases the effect on 

crime is clear cut. An increase in either the probability of punishment or its severity will 
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lower crime. Similarly, an increase in the return on legal opportunities (say an increase in 

real wages) will lower crime. The effect on unemployment is ambiguous. While it lowers 

the opportunity cost of staying crime free, if accompanied by a general decline in the 

economy crime opportunities may also decrease because there is less to steal. The net impact 

on certain types of crime is far from clear. We justify the expected signs of the variables we 

use as the empirical proxies measuring costs and benefits from crime in more detail when 

outlining the econometric specification. 

 

II.2. Econometric Specification 

Following Becker (1968), we can write a utility maximizing individual’s decision to 

commit crime as a function of two factors: (a) the monetary benefits of committing the 

crime and (b) the probability of getting apprehended and punished. Therefore, any reduced-

form model of determinants of crime should include variables that proxy for such economic 

incentives and disincentives for committing a crime. Using a panel data on crime for 

England and Wales police force area, we specify the following crime equation: 

(1)  
0 1 1 2 3 4 5

6

Pr

, 1, 2, , ; 1, 2, , .

it it it t it it it

t i it

C C Det ison Unemp Earn Young

Gini i N t T

β β β β β β

β α ε

−= + + + + + +

+ + = =K K
 

where, 
itC  is the crime rate for the police force area (PFA) i at time t, 

1itC −  is the lagged 

crime rate, itDet  is the detection rate for a crime, Pr itison  is the prison population, tGini  is 

the Gini coefficient, itYoung  is the percentage of young population, itUnemp  is the 

unemployment rate, itEarn  is the real average weekly earnings of all industries. Detailed 

descriptions of these variables are provided in the Data section. The iα  is the unobserved 

time-invariant police area specific characteristics and itε is the random noise.  

 In the above specification, lagged crime rate measures the persistence of crime over 

time. There could be several reasons why crime rate can be thought to be correlated over 

time: (1) recidivism caused by, among other things, negative expected payoffs from the 

labor market for being a criminal; (2) business cycle features such as recessions affecting the 

crime rate over successive periods. Furthermore, the lagged crime rate acts as a proxy for the 

lagged effects of variables such as lagged unemployment rate, lagged detection rate that 

explain the crime rate at time t. We expect a positive correlation between 
itC  and

1itC − . 
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 The detection rate and prison population measures the law enforcement 

instruments.
12
 Higher levels of detection rate and prison population are expected to 

negatively affect the crime rate. There are two channels through which an increase in these 

two variables could reduce crime rate: (a) a higher level of these two variables could 

increase the ex-ante cost of committing a crime by increase the expected probability of 

getting apprehended, and (b) higher level of detection rate and prison population also reduce 

crime rate simply because more people are being incarcerated which reduces the overall 

pool of criminals available to commit the crime.  

The labor market conditions are represented by unemployment rate and real average 

weekly earnings in our empirical model. The effect of unemployment on crime is ambiguous 

to predict as argued in Ehrlich (1973). Unemployment rate has both motivation and 

opportunity effects on crime as argued in Cantor and Land (1985). As higher unemployment 

motivates potential offenders to commit crime by decreasing their opportunity cost of doing 

so, it also reduces the opportunities for certain crimes and thus tends to reduce those crime 

rates. Therefore, the net effect of unemployment rate will depend on which effect is 

stronger, motivation or opportunity, and could be positive, negative or even zero. The 

average weekly earning is also expected to have ambiguous effect. While higher earnings 

could reduce people’s incentives to commit crimes, it could also increase the opportunities 

for property crimes. Therefore, the net effect of real earnings on crime rates could be either 

positive, negative or zero.  

We also include proportion of young people living in the PFA because past empirical 

work suggests that crime is more likely to be carried out by younger people in the 

population [Levitt (1998, 1999), Cohen and Land (1987)]. This is because the opportunity 

cost of committing crime is much lower for the younger people than their older counterparts. 

First, the younger people have, on average, lower earnings than their older counterparts. 

Therefore, if caught, they have less to lose when it comes to foregone earnings. Second, the 

penalty associated with committing crimes is probably lower for the younger people than 

their older counterparts because they usually receive lenient punishment and if they are 

under 18, their criminal records will be sealed by the age of 18. As a result, the proportion of 

                                                 
12
 Carmichael and Ward (2000, 2001) use conviction rate as a proxy for the probability of apprehension, we 

argue that the deterrence effect of detection rate on potential offenders should be at least as strong as that of 

conviction rate. This is because, for real offenders, being detected is often regarded as the first step of 

punishment. Even though the conviction depends on a number of exogenous variables such as the evidence 

presented by the police, who the judges are etc., the potential criminals still would try to avoid detection in first 

place. Very few offenders will be so confident, when arrested, that they will not be convicted by the court. 
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young people could be positively correlated with crime rates in later empirical analyses. 

However, this reasoning should be treated with some caution. Young people could also be 

deterred to commit crimes by the fact that, if they do so and get caught, their future labor 

market opportunities could be negatively affected by their criminal records. Hence, the net 

effect of the proportion of young people on crime could be ambiguous and we do not 

necessarily expect a positive sign between this variable and crime rate.   

 Finally, we include Gini coefficient as a measure of income inequality. This 

variables is expected to be positively correlated with crime rates [Choe 2008; Kelly 2000; 

Scorzafave and Soares 2009]. Higher Gini coefficient indicates that larger proportion of 

national income is possessed by a smaller group of people. In such case, more people are at 

the bottom end of wealth distribution with lower opportunity cost if commit crimes. 

Consequently, this may lead to higher crime rates.  

The estimation of the reduced form crime equation (1) poses several challenges. 

First, there is potential correlation of time-invariant police region characteristics 
iα  and 

explanatory variables in the model. For example, by construction, 1itC −  is correlated with 

the
iα . Similarly, some police departments might have lower taste for crime (unobserved to a 

researcher) which leads to higher detention rate in that police region compared to other 

police region. Therefore, a negative relationship between crime rate and detention rate is 

picking up this unobserved preference in a police region, and we cannot attach any causal 

interpretation to this negative correlation.  

Second, there is potential reverse causality from crime rate to various explanatory 

variables. For example, a high crime rate could trigger higher investment by government on 

police enforcement which, in turn, could increase detection rate and prison population. This 

would again give rise to correlation between the error term and detection rate and prison 

population variables.  

The presence of such correlation between explanatory variables and the error term 

invalidates ordinary least squares (OLS) as an estimation strategy to uncover any causal 

relationship between these variables. A common strategy, given the availability of panel 

data, to eliminate the correlation between fixed effects such as iα  and explanatory variables 

is to estimate a fixed-effect model. This essentially involves estimating the equation (1) in 

first-differences. However, the presence of the lagged crime rate 
1itC −  as an explanatory 
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variable invalidates conclusion from such traditional fixed-effect models (Baltagi 2008; 

Hsiao 2003). 

 We use a version of dynamic panel data fixed effect estimation strategy developed 

by Arellano and Bond (1991). We briefly outline the main intuition behind such estimation 

methodology (for a detail discussion please refer to Baltagi 2008; Hsiao 2003). For the ease 

of exposition, we re-write (1) as following: 

(2)    0 1it it it i itC C Xβ γ α ε−= + + +  

where itX is an explanatory variable. Following Arellano and Bover (1995), we take 

“orthogonal deviation” to eliminate the time-invariant fixed effects
iα ,  

 

(3)   0 1it it it itC C Xβ γ ε−= + +% % % %  

 

The variable 
itC%  is defined as 

  

(4)   
1

( );
( 1)

it
it it it is it

s tit it

T
C c C C c

T T>

≡ − =
+

∑%  

where 
itT  is the number of observations for each i. This is also known as “forward 

orthogonal deviation” because it subtracts the contemporaneous observation from the 

average of all the future available observations. 13 Other variables in equation (3) are defined 

similarly. 

By construction, 
1itC −

%  and 
itε% are correlated. Furthermore, if 

itX is not strictly 

exogenous, we will have correlation between itX% and itε% . For example, if itX is detection 

rate, there is reason to believe that it is not strictly exogenous. To break the correlation 

between the error term and right-hand side variables in (3), we use instrumental variable 

estimation approach. Potentially, we can use all available lags of itC , starting from 2itC −  , as 

instruments for 1itC −
% . We also instrument the detection rate and prison population with the 

lagged values of these variables, starting from the second lag.
14
 We use the Generalized 

                                                 
13
 Another way of removing the fixed effects iα is to take the first difference instead of the orthogonal 

deviation, as proposed by Arellano and Bond (1991). However, unlike the orthogonal deviation approach, the 

first difference approach introduces first order serial correlation in the first difference regression errors. 
14
 We are assuming that the detection rate and prison population are not strictly exogenous, rather they are 

predetermined. 
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Method of Moments (GMM) framework to estimate our model by using the moment 

conditions generated by using our instruments. A robust variance-covariance matrix is used 

to obtain autocorrelation and heteroskedasticity corrected standard errors for the 

coefficients. Given that we have more instruments than the parameters to be estimated 

(over-identified model), as in our application, we carry out the Sargan/Hansan test of 

overidentifying restrictions (see Baltagi 2008 for a detailed description of this test).     

A potential problem with our “orthogonal deviation GMM” estimators is that 

moment conditions can increase prolifically. In particular, the number of instruments is 

quadratic in the time dimension of the panel. This can cause problems in finite samples. In 

particular, since the number of elements in the estimated variance matrix of the sample 

moments is quadratic in the instrument count, it is quadratic in T. A finite sample may lack 

adequate information to estimate such a matrix well (Roodman 2009). It can potentially 

weaken the Sargan / Hansen test for overidentifying restrictions to the point where it 

generates “very” good p-values of 1 (Anderson and Sorenson 1996).  

 

III. Data Description 

The empirical analyses in this chapter are based on two panel data sets in England 

and Wales. The first data set is used to provide the main estimation results and is 

disaggregated by 43 police force areas in England and Wales covering the period 1992-

2008. The second data set, covering the time period 1988-2008, is used to check the 

robustness of the results generated by the first data set. The difference between the two data 

sets stems from the level of aggregation in some of the explanatory variables used in the 

study. The level of aggregation for the variables used in the study is given in the Table 1. 

There are a total of 731 PFA - year observations (43 PFA by 17 years) in our main sample 

(1992-2008). 

 

III.1. Dependent variables 

The dependent variables in this chapter are six types of crime rates defined as the number of 

offences per 100,000 population. The crime rates being examined here are violence against 

the person, sexual offences, robbery, burglary, theft and handling, and fraud and forgery.
15
 

While the first three types are defined as violent crimes, the last three types are regarded as 

                                                 
15
 Criminal damage and other offences have been excluded from the analysis because a large proportion of 

sample does not have data on these variables. 
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property crime. The crime rates data are obtained from two sources: (1) prior to 2001, they 

are collected from the annual command papers Criminal Statistics and (2) post 2000, they 

are obtained from the Crime in England and Wales.
 16
 Both these documents are published 

by the Home Office.  

An important point about the crime rate data need to be mentioned. There have been 

changes in the counting rules for the crime rates since April 1, 1998. First, the crime rates 

and relevant statistics have been documented according to the financial year system, which 

starts from 1
st
 of April and ends on 31

st
 of March the following year, rather than normal 

calendar year. Second, the definitions of some types of crime have been broadened and thus 

their crime rates exhibited upward shifts since 1998.
17
 The most affected types are violence 

against the person and fraud and forgery and their crime rates have shown obvious upward 

shifts. Therefore, a dummy variable is included in the analyses aiming to capture the 

changes in the counting rules since 1998. The dummy variable takes the value of one for the 

post-rule change period and zero otherwise.  

 The descriptive statistics for the various crime types, averaged over the 1992-2008, 

are reported in the Table 2. On average, property crimes represent an overwhelming 

proportion of the overall crime rates. On average, Theft and Handling, accounts 68% of the 

property crimes committed, followed by Burglary and Fraud and Forgery. Violence against 

person accounts for the highest proportion of violent crimes committed, followed by the 

Robbery and Sexual Offenses. Therefore, we expect that the results for the overall property 

crimes and violent crimes are largely to be driven by Theft and Handling and Violence 

against Person, respectively.    

 

III.2. Independent variables 

A host of independent variables are included in the analyses as proxies for the 

benefits and costs of committing crimes. These include detection rate, prison population, 

Gini coefficient, unemployment rate, real average weekly earnings and proportion of young 

                                                 
16
 The serial numbers of Criminal Statistics are Cm847, Cm1322, Cm1935, Cm2134, Cm2410, Cm2680, 

Cm3010, Cm3421, Cm3764, Cm4162, Cm4649, Cm5001 and Cm5312. Crime in England and Wales, 

2001/02, 2002/03, 2003/04, 2004/05, 2005/06, 2006/07, 2007/08 and 2008/09 
17
 The category of “violence against person” has been broadened to include harassment, cruelty to or neglect of 

children, assault on a constable and common assault. The “sexual offenses” category has been added with 

soliciting or importuning by man. “Theft and handling” has included the new sub-categories of vehicle 

interference and tampering. “Fraud and forgery” has been expanded to include bankruptcy and insolvency 

offenses and vehicle/driver fraud. The definitions of “robbery” and “burglary” have not been affected by the 

change in counting rules. 
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people in the population. They are disaggregated on different levels because of the data 

availability (please see Table 1). 

The detection rate is measured by the proportion of recorded offences that have 

been “cleared up”. The “cleared up” offences are referring to those cases in which the 

offenders have been identified and given caution, fined or charged by the police. Therefore, 

the detection rate is included in the analyses as proxy for the probability of apprehension. 

The data of detection rate is disaggregated by a PFA and varies by crime type. The data is 

obtained from the annual command paper Criminal Statistics with serial numbers provided 

before (see footnote 11).  

The prison population is included as independent variable in the analyses to 

measure the “severity of punishment”. The prison population is calculated as the number of 

offenders sentenced into prison divided by the total population. In other words, it measures 

the number of offenders in prison per 100,000 population. The data is obtained from the 

annual command paper Prison Statistics England and Wales prior to year 2003. Since 2003, 

the data has been documented in the Offender Management Caseload statistics, a 

publication of the Home Office. Although this variable varies by crime type, it is only 

available on national level in both data sets.  

Unemployment rate is defined as the ratio of unemployment benefits claimants to 

the number of people in the workforce. The unemployment rate is aggregated from “local 

authorities” up to the PFA level.
18

 The PFA level unemployment data is available from only 

1992 onwards. Prior to 1992, the data is available only at the regional level. The original 

data source is the website of nomis, the official labor market statistics.
19
 Real average 

weekly earnings are measured by the deflated average weekly earnings for all industries. 

Like unemployment data, the data on weekly earnings is available at the local authority 

level. This data is available from Annual Survey of Hours and Earnings.
20
 Like 

unemployment rate, real earnings are aggregated at the PFA level from the local authority 

level.  

The variable young people is defined as the ratio between the number of young 

people aged between 15 to 24 years old and the entire population. The original data is 

                                                 
18
 “Local authorities” are lower government level than government regions but similar to county level. Data by 

local authorities typically contain six metropolitan counties, 27 non-metropolitan counties, 56 unitary 

authorities and the region of London, which has 32 London boroughs and the city of London. 
19
See https://www.noisweb.co.uk.  

20
 Regional Trends is a publication that summarized various aspects of the U.K. by government regions. It 

summarizes the “real average weekly earnings” from the Annual Survey of Hours and Earnings published by 

the Office for National Statistics. 
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available on local authority level and has been aggregated into police force areas according 

to the geographic boundaries in both data sets. The data source is the mid-year estimated 

population by age groups and sex obtained from the National Statistics.
21
 The number of 

people aged between 15 and 24 has been calculated by aggregating two original age groups 

― 15-19 and 20-24. Gini coefficient is an economic indicator measuring the degree of 

income inequality. It measures the inequality of post-tax income and it is aggregated on 

national level on both data sets. The data is obtained from the website of the National 

Statistics.  

 The descriptive statistics for the independent variables, averaged over the 1992-

2008, are reported in the Table 3. Average detection rate for the violent crimes are higher 

than that of the property crimes. Within violent crimes, Violence against person and Sexual 

offenses has the highest detection rate. Within property crime, Fraud and Forgery has the 

highest detection rate. The average prison population for the Violence against person is the 

highest, while different property crimes have similar average prison population. 

 

IV. Results 

IV.1 Main Findings 

We will first present results for the period 1992-2008. For this period, we have most 

of the data available at the Police Force Area (PFA) level aggregation – our preferred level 

of aggregation. We present results based on our preferred specification that includes a 

lagged crime rate and contemporaneous values of detection rate, prison population, 

unemployment rate, real earnings, proportion of young people and Gini coefficient as 

explanatory variables. It also includes a dummy for change in counting rules, a time trend 

and PFA level fixed effects. We instrument for two potentially endogenous variables - 

detection rate and prison population - by lagged values of these variables. We have used all 

usable lags for detection rate and prison population as instruments, starting from lag 2. 

Similarly, for the lagged crime rate, we have used all available lags starting from lag 2.  

Focusing on the property crime results in Table 4, we find that all three property 

crimes are highly persistent with a positive and statistically significant own lagged 

coefficient. The own lagged coefficient varies from a high of 0.68 for Burglary, 0.60 for 

Theft and Handling, and 0.46 for Fraud and Forgery. Our finding are consistent with 

findings of earlier researchers (Witt, Clarke and Fielding, 1999).  Property crime is expected 

                                                 
21
 See http://www.statistics.gov.uk. 
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to be highly correlated with business cycles and likely to be affected by recidivism, both of 

which could explain significant own lagged coefficient.  

Detection rate, one of our law enforcement variables, has negative and statistically 

significant effect on various categories of property crimes. For example, a 1% increase in 

detection rate leads to 11% decrease in Burglary, a 20% decrease in Theft and Handling and 

a 14% decrease in Fraud and Forgery. The effect of our other law enforcement variable, 

prison population, is less consistent for various categories of property crime. Higher prison 

population leads to a lower level Burglary. However, prison population has no statistically 

significant effect on Theft and Handling, and Fraud and Forgery. It is worth pointing out 

again that although prison population varies by crime type, it is measured at the national 

level and not at the PFA level. This could explain lack of statistical significance in this 

variable for different property crimes. Therefore, on average, it appears that increasing the 

detection rate is an effective tool in combating different types of property crimes, whereas 

an increase in prison population may not necessarily reduce property crimes.  

Continuing with our analysis of property crime and turning to different socio-

economic variables, we find that higher unemployment leads to a lower level of Burglary 

and Fraud and Forgery. As discussed earlier, unemployment rate captures the net effect of 

two counteracting forces – while higher unemployment motivates potential offenders to 

commit crime by reducing the opportunity cost of crime, it also reduces the opportunities 

available for crime. We are unable to separately identify the two counteracting forces and 

thus the net effect of unemployment on crimes is an empirical question. Our result on 

unemployment differs from the finding of both Carmichael and Ward (2001) and Witt, 

Clarke and Fielding (1998, 1999) which find a positive relationship between unemployment 

and various property crimes in England and Wales. There could be several possible 

explanations for this difference. First, our level of aggregation differs from some of those 

studies. We examine a finer level of aggregation by using the PFA level data, Witt, Clarke 

and Fielding (1998, 1999) and Carmichael and Ward (2000) analyzes regional level data
22
. 

The relationship between unemployment and crime is shown to be sensitive to the level of 

aggregation studied, with finer aggregation having higher chances of unearthing the true 

relationship between these variables (Chiricos 1987). Second, our study period differs 

significantly from those of the earlier studies, with our study being from early 90s to the late 

                                                 
22
 Carmichael and Ward (2001), analyzing county (corresponding roughly to PFA) level data finds a positive 

relationship between youth unemployment and various property crimes. 
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2000 while the earlier studies end around the mid-90s. We cannot rule out the difference in 

time period as a significant factor in explaining the difference in our results. However, we 

do not have the data at the PFA level to extend our analysis prior to 1992. Third, a direct 

apples-to-apples comparison of our study with past studies is further complicated by the fact 

that we include different set of explanatory variables, model specifications and estimation 

methodology than earlier studies.23  

The other important economic variable, real earnings, has a positive and statistically 

significant effect on all the property crime categories. As discussed earlier, the effect of real 

earnings on property crimes could be either positive or negative. Higher earnings imply 

greater opportunities for committing crime which could dominate the counteracting effect of 

increasing opportunity cost of committing crime, thereby leading to a positive relationship 

between real earnings and property crimes. Perhaps one can look at how changes in earnings 

for different income groups affect property crime to further understand the channels by 

which wages affect property crime. For example, it would be interesting to look at changes 

in wages or earnings  of the low end of the income distribution (as in Machin and Meghir, 

2004) using our time period to see if we can replicate their findings of a negative effect of 

increased wages in the lowest 25
th
 percentile of the population on property crimes

24
. The 

variable proportion of young people, in general, has no statistically significant effect on 

most of the property crime categories (with Burglary being an exception). Finally, the Gini 

coefficient has a positive and significant effect on Burglary and Theft and Handling 

implying that an increase in national level inequality leads to an increase in these two 

crimes.  

In sum, police enforcement variable detection rate significantly affect different 

property crime rates implying that it could be an effective tool to control such crimes. 

Although two of our economic variables, unemployment rate and real earnings, have 

somewhat counterintuitive positive signs, they can be justified by recognizing the fact that 

there are multiple forces that affect the relationship between these variables and crime rates 

and we are observing a net effect.  

 Moving on to the violent crimes, in Table 5 we present the GMM estimation results 

for various violent crime categories. For all the violent crime categories, own lagged 

                                                 
23
 Another potential difference could be different unemployment measure used. While we report total 

unemployment and do not break it up by gender or age group like studies by Carmichael and Ward or Witt, 

Clarke and Fielding, our results in earlier versions were not sensitive to such breakup of overall unemployment 

rate. 
24
 They also note that in theory the sign could go either way. 
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coefficient is positive and statistically significant. For example, for Violence against Person 

the own lagged coefficient is 0.65, implying a high recidivism rate for this crime. On 

average, the magnitude of own lagged effect for violent crimes are similar to those obtained 

for property crimes. Higher detection rate leads to lower violent crimes. For example, a 1% 

increase in the detection rate leads to a 21% decrease in of Violence against Person, 34% 

decrease in Robbery and 12% decrease in Sexual Offenses. However, the effect of prison 

population on various violent crimes, although statistically significant, has different signs for 

various violent crimes sub-categories. Although higher prison population leads to lower 

crime rates for Robbery and Sexual Offenses, it leads to an increase in Violence against 

Person. One interpretation of the positive effect of prison population on Violence against 

Person is that there is a positive feedback from crime rate to prison population and our 

instrument of lagged values of prison population fails to adequately address this issue.  

 The effect of unemployment on most of the violent crimes is not statistically 

significant, with the exception of Robbery. The effect of real earnings on all violent crime 

sub-categories is positive and statistically significant – a finding similar to what we found 

for various property crimes. We have already discussed for the property crimes as to why 

real earnings could have a positive effect on crimes. The proportion of young people has no 

significant effect on Violence against Person and Sexual offenses. The effect of Gini 

coefficient is again mixed for different sub-categories of violent crimes.    

  To summarize, detection rate and own-lagged crime rates are the most significant 

predictors of both property and violent crimes.  Higher detection rate predicts lower property 

and violent crimes and higher past crimes positively predict current crime rates. However, 

most of the socio-economic variables are either not statistically significant or there is no 

consistent directionality of the effect of such variables on various crimes. The only 

exception is the real earnings, which is positively correlated with all the crime types.  

  

IV.2 Robustness Check: 

 We also re-estimate our specifications for a longer time span of 1988-2008. As 

documented in Table 1, for this longer period we do not have disaggregated data for two of 

our economic variables – real earnings and unemployment rate. For both these variables, the 

data is at the regional level.25 However, for all other variables used in the analysis, the level 

                                                 
25
 There are in total 10 government regions in England and Wales and each of them contains several police 

force areas. The ten government regions are North East, North West, Yorkshire and the Humber, East 

Midlands, West Midlands, East, London, South East, South West, and Wales. 
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of aggregation remains unchanged. Furthermore, in order to avoid a mismatch of the level of 

aggregation for real earnings and unemployment after 1992, we have used the regional level 

data for these two variables for the entire 1988-2008 period in our robustness regressions. 

The GMM estimates for various property and violent crime categories are reported in Table 

6. For the lagged crime rate and detection rate, our findings are similar to what we found in 

1992-2008. We find that lagged crime rate positively affects all crime categories and 

detection rate negatively affects all crime types. The effect of prison population is 

significantly negative for all the property crime categories and the effect is stronger in our 

extended data set. Similar conclusion holds for the effect of prison population on various 

violent crime categories, with only major exception being Violence against Person. For the 

time period 1988-2008, the effect of prison population on Violence against Person is not 

statistically different from zero – this is different from the positive and significant effect we 

found for the time period 1992-2008.   

 Focusing on two of the variables that are available at less finer aggregation level, 

unemployment rate and real earnings, results for the 1988-2008 differ significantly 

compared to what we have found using more disaggregated data (and shorter time period 

1992-2008). The difference is most significant for the three of our property crime categories. 

To refresh reader’s memory, the real earnings had a significantly positive effect on all 

property crime types. However, for the time period 1992-2008, the effect of real earnings on 

Burglary and Fraud and Forgery becomes negative. Similarly, the unemployment rate sign 

flips for the Theft and Handling and Fraud and Forgery in the extended data set. The effect 

of unemployment rate on various violent crimes for the 1988-2008 data set remains, in 

general, consistent with what we have found earlier for our more disaggregated data set. 

However, like our findings for property crimes, the effect of real earnings on various violent 

crimes is either not consistently positive or not statistically significant. For example, the 

effect of real earnings is now not significantly different from zero for Violence against 

person and Sexual Offenses, while for Robbery the sign flips. The proportion of young 

people, in our extended data set, consistently negatively predicts most of the property and 

violent crimes. 

 

V. Conclusion 

 In this paper we examine the effect of various law enforcement and socio-economic 

variables that explain property and violent crimes at the police force area level in England 
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and Wales. We have estimated a dynamic GMM model with fixed effect that eliminates any 

time-invariant unobservable differences between police force areas that jointly determines 

the crime rate and any of our explanatory variables. Furthermore, we instrument for two of 

the potentially endogenous law enforcement variables, detection rate and prison population, 

by using past lagged of these variables as instruments. This allows us to address the concern 

of potential reverse causality problems for these two variables.  

We find evidence of significant persistence in both property and violent crime as 

measured by own-lagged effect. We also found that law enforcement variables exert strong 

negative influence for all the property crimes and most of the violent crimes suggesting that 

violent crime is also not immune to deterrence effects. However, socio-economic variables, 

with the exception of real earnings, were not very significant predictors of either property or 

violent crimes. As explained this may reflect the fact that the opposing effects that factors 

like unemployment have on crime may be cancelling each other
26
. As mentioned, further 

investigation of how earnings across different percentiles affect crime may gives us a better 

understanding of the channels through which earnings affect crime. Moreover, for Robbery 

and Sexual offenses, variables included in our study have very poor explanatory power and 

requires further research.  

                                                 
26
 Indeed crime fell by 7% in the U.K according to newly released figures in spite of persistent recession. See 

for example a short report in http://www.guardian.co.uk/uk/2010/apr/22/crime-falls-despite-recession-

figures?CMP=AFCYAH. 
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Table 1: Aggregation level of Variables used in the study 

 

Variables 1992-2008 1988-2008 

Crime rates Police Force Area Police Force Area 

 

Detection rate Police Force Area Police Force Area 

 

Prison population National National 

 

Unemployment rate Police Force Area Regional 

 

Real earnings Police Force Area Regional 

 

Proportion of young people Police Force Area Police Force Area 

 

Gini coefficient National National 
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Table 2: Descriptive Statistics for the Dependent Variables, 1992 – 2008 

 

Crime Type Mean Standard Deviation 

Violence against person 1,214 1,361 

 

Sexual Offenses 84 71 

 

Robbery 105 132 

 

Burglary 1,829 1,414 

 

Theft and Handling 5,438 10,034 

 

Fraud and Forgery 621 1,817 

 

Notes:  (1) All crime rates are defined as the number of offenses per 100,000 population. 

(2) There is total 731 PFA - year observations (43 PFA by 17 years) in the sample. 
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Table 3: Descriptive Statistics for the Explanatory Variables, 1992 – 2008 

 

Explanatory Variables Mean Standard Deviation 

Detection Rate - Violence against person 69 16 

Detection Rate – Sexual Offenses 59 23 

Detection Rate – Robbery 31 12 

Detection Rate – Burglary 18 8 

Detection Rate – Theft and Handling  22 7 

Detection Rate – Fraud and Forgery 44 16 

Prison Population – Violence against person 23 6 

Prison Population – Sexual Offenses 10 2 

Prison Population – Robbery 13 2 

Prison Population – Burglary 14 3 

Prison Population – Theft and Handling 8 1 

Prison Population – Fraud and Forgery 2 1 

Unemployment rate 3.85 2.34 

Real average weekly earnings 4.33 0.98 

Proportion of young people 12.36 1.17 

Gini Coefficient 38.08 1.03 
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Table 4: GMM Estimation of Property Crimes, 1992 – 2008 

 Burglary Theft and 

Handling 

Fraud and 

Forgery 

Crime(t-1) 
0.68*** 

(0.03) 

0.60*** 

(0.03) 

0.46*** 

(0.04) 

Detection Rate 
-0.11*** 

(0.02) 

-0.20*** 

(0.01) 

-0.14*** 

(0.04) 

Prison Population 
-0.27*** 

(0.03) 

-0.02 

(0.04) 

0.12 

(0.10) 

Unemployment 
-0.04** 

(0.02) 

0.03 

(0.02) 

-0.12*** 

(0.04) 

Real Earnings 
0.11* 

(0.06) 

0.36*** 

(0.04) 

0.70*** 

(0.10) 

Young People 
-0.45*** 

(0.11) 

-0.03 

(0.08) 

-0.003 

(0.15) 

Gini Coefficient 
0.61*** 

(0.13) 

0.16** 

(0.06) 

-0.35 

(0.29) 

Dummy Yes Yes Yes 

Time Trend Yes Yes Yes 

Fixed Effects Yes Yes Yes 

Adjusted R Squared 0.79 0.70 0.81 

S.E. of Regression 0.09 0.06 0.17 

J-Statistic 38.44 38.93 35.90 

Over -identification 

Test p-value 
0.28 0.26 0.38 

Notes: Robust standard errors are reported in the parenthesis. *** significant at 1% level; ** significant at 5% 

level; * significant at 10% level. The J-statistic is computed for the Sargan/Hansen over-identifying restrictions. 

The reported over-identification test is the corresponding p-value. All variables except the Dummy for rule 

change and time trend are in logarithm. 
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Table 5: GMM Estimation of Violent Crimes, 1992 – 2008  

 

 Violence 

against Person 

Robbery Sexual 

Offenses 

Crime(t-1) 
0.65*** 

(0.03) 

0.69***  

(0.02)    

0.52***  

(0.03)    

Detection Rate 
-0.21*** 

(0.04) 

-0.34*** 

(0.02)         

-0.12** 

(0.05) 

Prison Population 
0.83*** 

(0.22) 

-0.63***      

(0.10)       

-1.26*** 

(0.14) 

Unemployment 
-0.006 

(0.04) 

-0.09**   

(0.04)         

-0.02 

(0.05)    

Real Earnings 
0.85*** 

(0.02) 

0.12   

(0.09)      

0.38***   

(0.12)    

Young People 
0.05 

(0.05) 

-0.66*** 

(0.11)   

-0.28 

(0.26)  

Gini Coefficient 
-2.06*** 

(0.11) 

0.73*** 

(0.20)     

-0.77***   

(0.28)  

Dummy Yes Yes Yes 

Time Trend Yes Yes Yes 

Fixed Effects Yes Yes Yes 

Adjusted R Squared 0.90 0.75 0.63  

S.E. of Regression 0.15 0.15 0.15 

J-Statistic 39.15 41.75   35.84  

Over -identification 

Test p-value 
0.25 0.17 0.38 

Notes: Robust standard errors are reported in the parenthesis. *** significant at 1% level; ** significant at 5% 

level; * significant at 10% level. The J-statistic is computed for the Sargan/Hansen over-identifying restrictions. 

The reported over-identification test is the corresponding p-value. All variables except the Dummy for rule 

change and time trend are in logarithm. 
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Table 6: GMM Estimation of Crime Equations, 1988 – 2008 

 Burglary Theft and 

Handling 

Fraud 

and 

Forgery 

Violence 

against 

Person 

Robbery Sexual 

Offenses 

Crime(t-1) 
0.76*** 

(0.02) 

0.73*** 

(0.01) 

0.49*** 

(0.03) 

0.60*** 

(0.02) 

0.70***  

(0.02)   

0.51*** 

(0.05)   

Detection Rate 
-0.11*** 

(0.02) 

-0.14*** 

(0.01) 

-0.21*** 

(0.05) 

-0.09* 

(0.05) 

-0.36*** 

(0.04)  

 0.03 

(0.08)   

Prison Population 
-0.39*** 

(0.02) 

-0.20*** 

(0.04) 

-0.25*** 

(0.09) 

0.01 

(0.04) 

-0.89*** 

(0.20)   

-1.07*** 

(0.24)   

Unemployment 
-0.10*** 

(0.01) 

-0.08*** 

(0.01) 

0.02 

(0.03) 

-0.05** 

(0.02) 

-0.04* 

(0.02)   

 -0.08*** 

(0.03) 

Real Earnings 
-0.10 

(0.11) 

0.13** 

(0.06) 

-0.50* 

(0.26) 

0.20 

(0.15) 

-0.35*  

(0.19)   

0.03  

(0.32)     

Young People 
-0.28*** 

(0.07) 

-0.09*** 

(0.03) 

-0.81*** 

(0.15) 

-0.19** 

(0.08) 

-0.45** 

(0.19)   

0.32** 

 (0.14) 

Gini Coefficient 
1.00*** 

(0.07) 

0.65*** 

(0.17) 

-0.16 

(0.19) 

-1.32*** 

(0.12) 

1.54** 

(0.73)  

-0.27 

(0.57)  

Dummy Yes Yes Yes Yes Yes Yes 

Time Trend Yes Yes Yes Yes Yes Yes 

Fixed Effects Yes Yes Yes Yes Yes Yes 

Adjusted R Squared 0.82 0.73 0.79 0.90 0.71   0.58  

S.E. of Regression 0.09 0.07 0.18 0.15 0.19   0.15 

J-Statistic 42.22 41.93 37.92 36.29 32.81   29.49   

Over -identification 

Test p-value 
0.16 0.16 0.30 0.36 0.53 0.69  

Notes: Robust standard errors are reported in the parenthesis. *** significant at 1% level; ** significant at 5% 

level; * significant at 10% level. The J-statistic is computed for the Sargan/Hansen over-identifying restrictions. 

The reported over-identification test is the corresponding p-value.  All variables except the Dummy for rule 

change and time trend are in logarithm. 
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