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Abstract 
 

In a highly debated paper, Lott and Mustard (1997) found that allowing citizens to carry 

concealed handguns reduced crime.  Since then, numerous researchers have questioned the 

validity of the findings.  In addition, ongoing work has shown there is an important spatial 

component to crime.  In this paper, we use spatial econometric techniques to estimate the impact 

of adoption of concealed weapons laws by some states on crime rates across the U.S.  We find 

there are spillover effects of concealed weapons laws and that spatial dependence plays an 

important role when estimating the effect of these laws on crime. 
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I. Introduction 

Gun control is a hotly debated issue in the U.S.  In addition to constitutionality arguments, there 

are questions regarding the impact of guns on crime.  Lott and Mustard (1997) found that 

allowing citizens to carry concealed handguns reduced crime.  Their findings led to a debate 

amongst economists, with some supporting the findings, while others disputed the claims.  Ayres 

and Donohue (2003) provide a summary of the research conducted on this issue. 

 So far, the research on gun laws has failed to account for the spatial dimension of crime.  

Individuals are mobile, so differences in policy may affect where an individual commits a crime.  

We account for this mobility by employing spatial econometric techniques and revisit the issue 

of how of a concealed weapon law impacts crime.  A concealed weapons law allows an 

individual to carry a concealed handgun if he can demonstrate a need to carry such a weapon.  In 

some states, governments have discretion over issuing these permits.  Other states have a “shall-

issue” law, which allow individuals to receive a concealed weapon permit unless specific and 

verifiable factors dictate otherwise.  States that have a “shall-issue” law are what we refer to as 

states with a concealed weapon law or a right-to-carry state.    

 To test whether there is a spatial dependence of right-to-carry laws on crime, we utilize a 

Spatial Durbin Panel Model (SDM).  Our results indicate that spatial dependence is present, 

suggesting the previous research that has not controlled for the spatial relationships has produced 

biased estimates.  We find that concealed weapon laws reduce the assault rate, consistent with 

the arguments of Lott and Mustard (1997) that the potential of an armed victim deters criminals.  

However, we find a positive effect for all property crimes, robbery, larceny, and motor vehicle 

theft (MVT).  Our findings also indicate that adoption of a shall-issue law has a positive spillover 

effect on neighboring states for rape, robbery, larceny, MVT, and all property crimes.  Policy 
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makers should be cognizant of our findings, as they suggest that anti-crime policies have 

spillover effects on adjacent states. 

 

II. Econometric Model and Data 

Econometric Model 

A family of related spatial econometric models can be represented by: 

 
1 1

1

N N

it ij jt it ij ijt i t it

j j

N

it ij it it

j

y w y x w x u

u w u

    

 

 



     

 

 


 (1)   

where i  is an index for the cross-sectional dimension (i.e. states), with 1, ,i N  , and t  is an 

index for the time dimension, with 1, ,t T  . ity is an observation of the dependent variable at 

i  and t , itx is an  1, K  row vector of the explanatory variables, and   is a matching  ,1K

vector of fixed but unknown parameters.  The terms i  and t  represent space- and time-period 

fixed effects. 

The additional terms are what make the panel model a spatial econometric specification.  

The model may contain a spatially lagged dependent variable or a spatial autoregressive process 

in the error term.  In addition, there may be spatially weighted explanatory variables in the 

model.  An important aspect of any spatial econometric model is the spatial arrangement of the 

units in the sample.  In practice, this is accomplished by specifying a spatial weights matrix, W , 

“which expresses for each observation (row) those locations (columns) that belong to its 

neighborhood set as nonzero elements (Anselin & Bera, p. 243).”  The individual elements in the 

spatial weight matrix, ijw , equal "1" if observations i  and j  are "neighbors" and "0" otherwise.  
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Normally, a row stochastic weight matrix is used, which means that the rows of the spatial 

weight matrix sum to unity.  Depending on the context, both   and   measure the extent of the 

spatial autocorrelation. 

Given (1), special cases can be obtained by restricting parameters.  For example, setting 

0   and 0   , we obtain a model that exhibits spatial dependence only in the dependent 

variable.  This model is the spatial autoregressive (SAR) model. The spatial error model (SEM) 

arises when the restrictions 0   and 0   are in effect, creating spatial dependence in the 

error term alone.  Placing the restriction 0   results in the spatial Durbin model (SDM).  The 

SDM allows for a spatially lagged dependent variable as well as spatially lagged independent 

variables.    It is important to note that the inclusion of the Wy term on the right hand side of the 

above equation introduces simultaneity bias and the use of OLS as an estimation strategy will 

produce biased and inconsistent parameter estimates (Anselin 1988, pp. 57-59).  Therefore, 

maximum likelihood estimation is used to estimate the parameters in the SAR model.1   

The SEM is utilized when one believes that there may be variables that are omitted from 

the model that are spatially correlated but are uncorrelated with the included regressors.    SEM 

can also be efficiently estimated via maximum likelihood.   

LeSage and Pace (2009) point out that SDM should be used when one believes there are 

omitted variables that are spatially correlated with the included explanatory variable.  If these 

conditions hold, the SDM is the appropriate model.  As indicated by (1), all three of these models 

may include space- and time-fixed effects.  In our case, we have state- and year-fixed effects.   

LeSage and Pace (2009) show that the marginal effect of a change in an explanatory 

variable is calculated using the following formula: 

                                                           
1 Details regarding maximum likelihood estimation of spatial econometric models are contained in Anselin (1988) 

and LeSage and Pace (2009). 
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where      
1

r n r rS W I W W  


   , i is the subscript representing location i, j is the 

subscript denoting location j, r represents the rth explanatory variable, r  is the coefficient on 

the rth explanatory variable, and r  is the coefficient on the rth spatially weighted explanatory 

variable.  The upper quantity in equation (2) shows how a change in an explanatory variable at 

location i affects the dependent variable at location i, known as the direct effect.  The lower 

quantity in equation (2) shows how a change in an explanatory variable at location j affects the 

dependent variable at location i, where i j .  This is known as the indirect, or spillover effect.  

It should be noted that the quantity  rS W produces a matrix of effects estimates.  LeSage and 

Pace (2009) recommend that one calculate scalar summaries of these measures to get an average 

effect.  The average direct effect is the average of the diagonal elements of the  rS W matrix, the 

average indirect effect is the average of the off-diagonal elements of the  rS W matrix, and the 

average total effect is the sum of the two. Statistical inference regarding these effects estimates 

and how they are calculated are contained in LeSage and Pace (2009).  

In addition to the right-to-carry law indicator and the state and year fixed effects, we also 

include socio-economic controls to address differences in the state population.  We include 

controls for the age, racial, and gender composition of the state.  We also include controls for the 

per capita personal income in the state, per capita unemployment insurance payments, and per 

capita income maintenance. 
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Data 

We use the crime data created by Ayres and Donohue (2003) and use the indicator variables 

created by Lott and Mustard (1997) when determining when a right-to-carry law was passed.2  

One criticism of the Lott and Mustard results is that the panel ends too early, and adding 

additional years causes the sign of the effect to flip.  For this reason, and given the years of data 

that we have a balanced panel, we consider the impact of shall-carry laws on crime rates from 

1970 to 1997.  Table 1 presents the summary statistics of the crime variables.  The first column 

lists all the crime measures we use, including each of the index crimes – murder, rape, robbery, 

aggravated assault, burglary, larceny, and MVT – as well as violent and property crime.  Violent 

crime is the sum of murder, rape, robbery, and assault while property crime is the sum of 

burglary, larceny, and MVT.   

 

III. Results 

Our results are presented in Table 2. For all specifications, we utilized the spatial Durbin model 

(SDM) with time and state fixed effects and a six nearest-neighbor spatial weight matrix. The 

first column reports the dependent variable, the type of crime which is measured as the log of the 

crime rate.  Columns 2, 3, and 4 contain the average direct, indirect, and total effect for the shall-

issue dummy variable. The final column is the value and statistical significance of the spatial 

autocorrelation parameter,  . 

We find that five crime categories have a significant direct effect. However, the sign of 

the effect differs based on the crime. Robbery, all property crimes, larceny, and MVT all have 

positive and significant average direct effects, meaning that states with a shall-issue law have 

                                                           
2 The Lott and Mustard data is not a balanced panel, and given the nature of the spatial weight matrix, it is important 

that we have a balanced panel.     



7 

 

higher crime rates than states that do not.  Shall-issue laws should affect those crimes with face-

to-face interaction, as the fear that the individual may have a concealed weapon will deter crime.  

Therefore, a positive effect for property crimes is not counter to the arguments of Lott and 

Mustard (1997), as most property crimes do not have a face-to-face interaction.  However, the 

positive effect on robbery contrasts the arguments of Lott and Mustard (1997).  There is a 

negative direct effect on the assault rate, meaning states with a shall-carry law have a lower 

assault rate.  This finding is consistent with Lott and Mustard (1997) and suggests there is some 

deterrent effect of the policy.   

The average indirect effect measures spillover effects to adjacent states. Findings indicate 

a positive and significant spillover effect for rape, robbery, all property crimes, larceny, and 

MVT.  This is not surprising for these types of crimes, especially MVT, as previous work has 

found these crimes are especially mobile (Di Tella & Schargrodsky, 2004; Draca et al., 2011; 

Klick & Tabarrok, 2005). This result further emphasizes that there are spillover effects when 

looking at the impact of policies on crime that previous research has not properly measured. 

The final column of Table 2 is the   parameter. This parameter measures the amount of 

spatial autocorrelation in the dependent variable, which in this case are the crime types. The 

results indicate that many crime categories exhibit negative spatial autocorrelation, indicating a 

checkerboard pattern in crime rates across states. The   parameter for many crime types is 

statistically significant, with the exception of all violent crimes, robbery, burglary, and MVT. 

 

IV. Conclusions  

Economists have debated the impact of gun control laws on crime rates for decades.  One of the 

most controversial papers on this topic, Lott & Mustard (1997), found that right-to-carry laws 



8 

 

reduce crime rates.  Since that paper, numerous studies have both supported and refuted these 

findings.  We revisit that question and ask if there is a spatial dimension that the previous 

literature has failed to control for.  Our findings suggest that there is an important spatial 

dimension to the adoption of these laws that needs to be addressed.  We also find that for many 

crimes there are significant spillover effects, suggesting that adoption of these laws by the own 

state is associated with increases in crime in adjacent states.   This is an important contribution, 

as spillover effects in the crime literature are likely to be present but are understudied.  
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Table 1: Summary Statistics  

Crime Rate Minimum Maximum Mean 

Violent Crime 34.2 2921.8 467.63 

Murder 0.2 80.6 7.78 

Rape 3.6 102.2 32.01 

Robbery 6.4 1635.1 157.22 

Assault 21 1557.6 270.61 

Property Crime 1123.1 9512.1 4371.23 

Burglary 286.4 2906.7 1143.46 

Larceny 693.6 5833.8 2814.81 

Motor Vehicle Theft 78.4 1839.9 412.96 

Notes: Violent crime is the sum of murder, rape, robbery, and assault.  Property crime is the sum 

of burglary, larceny, and MVT. 
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Table 2: Effect of Shall Carry Laws on Log Crime Rate 

Dependent 

Variable Direct Effect Indirect Effect Total Effect 

Spatial 

Autocorrelation 

Parameter: ρ 

Violent Crime -0.018643 

(-1.278049) 

0.058577 

(1.459264) 

0.039935 

(0.886464) 

-0.054981 

(-1.193785) 

Murder 0.014717 

(0.547907) 

0.098740 

(1.530634) 

0.113457 

(1.601888) 

-0.149994 

(-2.998044)*** 

Rape -0.019862 

(-1.133601) 

0.112365 

(3.074063)*** 

0.092503 

(2.435089)** 

-0.474985 

(-8.780712)*** 

Robbery 0.048599 

(2.641499)** 

0.204880 

(3.744196)*** 

0.253479 

(4.235125)*** 

-0.016969 

(-0.372758) 

Assault -0.042079 

(-2.381565)** 

-0.010206 

(-0.208939) 

-0.052284 

(-0.989367) 

-0.172976 

(-3.554460)*** 

Property Crime 0.022141 

(2.576952)** 

0.042032 

(1.774224)* 

0.064173 

(2.486918)** 

-0.146983 

(-3.051806)*** 

Burglary -0.014357 

(-1.288509) 

0.024043 

(0.708036) 

0.009686 

(0.259495) 

0.020991 

(0.468914) 

Larceny 0.029272 

(3.297549)*** 

0.039550 

(1.681036)* 

0.068822 

(2.715021)*** 

-0.179978 

(-3.722601)*** 

Motor Vehicle 

Theft 

0.073660 

(3.849004)*** 

0.154742 

(2.657220)** 

0.228402 

(3.470833)*** 

0.014972 

(0.331955) 

Notes: *** indicates statistical significance at the 1% level, ** indicates statistical significance at 

the 5% level, and * indicates statistical significance at the 10% level.  Violent crime is the sum of 

murder, rape, robbery, and assault.  Property crime is the sum of burglary, larceny, and MVT. 

 


