
ABSTRACT 
 

COLLETT-SCHMITT, KRISTEN ELIZABETH.  Alarming Behavior: Crime Displacement 

and Observable Private Precaution.  (Under the direction of Charles R. Knoeber.) 

  

Homeowners engage in private precaution when public protection is inadequate.  

When this precaution is observable to criminals, as in the case of a home burglar alarm 

system advertised with a sign or sticker, it has the beneficial effect of decreasing the 

probability of burglary of alarmed homeowners.  However, because a burglar is rational in 

his criminal activity, he will avoid protected homes and target homeowners without alarms, 

increasing their probability of burglary.  Observable private precaution therefore incorporates 

both the deterrence (Clotfelter 1978) and diversion (Shavell 1991) effects.  Even though 

burglar alarms have been identified as effective deterrents, little research has been devoted to 

determining if they also divert crime.  In this dissertation, I examine the diversion effect 

associated with burglar alarms.  In chapter three, I estimate the net effect, or combined 

deterrence and diversion effects, of burglar alarms on burglary rates and find that burglary 

rates fall only slightly with increases in burglar alarm use.  Assuming that burglar alarms 

deter, this finding suggests the presence of the diversion effect muting deterrence.  In 

chapters four and five, I present two methods for measuring the diversion effect associated 

with burglar alarms using data from the homeowner’s insurance industry.  Since companies 

with more non-alarmed customers face larger costs due to diversion, chapter four measures 

the diversion effect as the relationship between the market shares of homeowner’s insurance 

companies and the protective device discounts they offer.  Chapter five’s approach is based 

on the empirical method of Berry, Levinsohn, and Pakes (1995) and uses supply and demand 

parameters in an oligopolistic framework to measure the diversion effect as the difference in 



the probabilities of burglary of non-alarmed homeowners when some homes install alarms 

and when no homes are alarmed.  Both methods show that diversion can be measured.  When 

empirically tested, they also yield estimates of the diversion effect.  Although the social 

effects associated with burglar alarms are likely to be positive on balance, I expose the 

hidden costs that may be associated with observable precautionary measures. 
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CHAPTER 1 

INTRODUCTION 

Property rights facilitate socially efficient use of resources. By providing individuals 

with the exclusive right to use resources as they see fit, property rights generate incentives 

for owners to take full account of the costs and benefits of employing those resources.  

Property rights related to homeownership are no different.  Public protection of residential 

property is often inadequate and owners find it in their interest to engage in private 

precautionary measures.  Empirically, private protection is important and growing.  

According to a Wall Street Journal report cited by Sherman (1995), the security guard 

industry grew eleven percent in 1994, which is more than twice the rate of growth of police 

expenditures in recent years (Ayres and Levitt 1998).     

Homeowners engage in private precaution in various ways, including installing 

burglar alarms or deadbolt locks, placing bars on windows, or even staying home during the 

day.  Rational burglars will respond to such measures (Blackstone and Hakim 1997).  

Homeowners benefit from employing private precaution because it decreases the likelihood 

that their homes are victimized.  However, homeowners also incur the costs of taking these 

measures.  A homeowner will increase the use of private precaution until marginal benefit 

equals marginal costs.   

The social effects of private precautionary measures are two-fold.  Precautionary 

measures benefit homeowners because they deter criminals, thereby lowering the expected 

loss due to crime.  Precaution can also be costly to others if it diverts crime to property that is 

not protected.  Precautionary measures that are visible to a burglar, such as burglar alarm  
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systems, incorporate both the beneficial and costly effects of private protection by not only 

reducing crime for protected homes, but also displacing it to unprotected homes.  Such 

measures exhibit what have been identified by the literature as the deterrence (Clotfelter 

1978) and diversion (Shavell 1991) effects.  Unobservable (but known) measures, such as 

hidden video cameras, generally only have the beneficial effect of reducing crime and 

therefore exhibit the deterrence effect alone.  Clearly, the overall effect of private 

precautionary measures on the level of crime in a community is largely determined by the 

type of precaution taken by households.     

Although considerable literatures in the fields of criminology, sociology, and 

economics agree on the existence of the diversion and deterrence effects associated with 

observable private precaution, measuring the size of each effect is notoriously difficult.  I 

contribute to the existing literature on the diversion and deterrence effects by analyzing the 

social effects associated with a common form of observable private precaution - burglar 

alarm systems. This analysis includes three different empirical approaches to assessing the 

significance and prevalence of the diversion effect when burglar alarms are used. 

In the first empirical approach, I produce an estimate of the net effect of burglar 

alarms on county burglary rates in the United States.  Since most burglar alarms are 

observable to burglars, their net effect encompasses both the diversion and deterrence effects.  

This research follows the econometric analysis of Levitt and Ayres (1998) on the social 

effects of Lojack, a form of unobservable private precaution for automobiles.  Lacking data 

on burglar alarms, I use security system services sales by county as a proxy for burglar alarm 

adoption and estimate the net effect for a large sample of U.S. counties using Bayesian 
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estimation.  While it is not possible to separate the deterrence and diversion effects using this 

technique, I find a small but significant, negative net effect of burglar alarms on burglary 

rates.  This finding is consistent with a large deterrence effect and a diversion effect that is 

nearly as large.  However, it is also consistent with a small deterrence effect and a negligible 

diversion effect.  By measuring a small overall social effect associated with burglar alarm 

use, this first empirical method provides motivation for measuring the diversion effect alone. 

The second approach measures the diversion effect alone using a unique dataset 

consisting of homeowner’s insurance company market shares, base premiums, and protective 

device discounts collected at the zip-code level from the state of Illinois, where insurance 

pricing has been deregulated.  Homeowner’s insurance companies have some customers who 

install burglar alarms to protect their properties, and others that do not.  Because these 

companies benefit when burglars are deterred from alarmed homes, they offer protective 

device discounts to those customers installing burglar alarms.  However, homeowner’s 

insurance companies also face a cost when burglary is diverted to its non-alarmed customers.  

Assuming that competition in the insurance industry leads to a zero-profit equilibrium, 

simple cost/benefit analysis suggests that an insurance company should be willing to offer 

protective device discounts to alarmed customers if the savings generated by the deterrence 

effect are greater than the costs generated by the diversion effect.  Furthermore, since 

companies insuring more non-alarmed customers likely face larger costs due to diversion, 

larger companies should offer smaller discounts.  In this chapter, I measure the diversion 

effect associated with burglar alarm installation by regressing the dollar value of the 

discounts offered to homeowners who install burglar alarms on the product of homeowner’s 
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insurance company market shares and the average insured loss due to burglary.  Estimation 

cannot establish that the 38 homeowner’s insurance companies in my sample individually 

face statistically significant diversion effects.  However, my findings suggest that these 

companies face a negative and statistically significant average diversion effect with the use 

of all burglar alarm types by both frame and masonry homeowners.  Support for a 

statistically significant and positive average deterrence effect is also found.  Additionally, the 

relative sizes of the two different average effects for all alarm types are consistent with the 

small net effect of burglar alarms on burglary rates found in the first empirical approach. 

The final empirical approach provides another method for measuring the diversion 

effect associated with private precautionary measures, again using the Illinois homeowner’s 

insurance company data.  It is based on the influential work in the field of Industrial 

Organization by Berry, Levinsohn, and Pakes (1995), who estimate supply and demand 

parameters in an oligopolistic, differentiated product setting without using consumer-level 

data.  The benefit of using this empirical approach over the second approach is that it 

measures the diversion effect in an oligopolistic setting and does not require generally 

unavailable data on the number of homeowners installing burglar alarms.  In this chapter, I 

construct a structural model of equilibrium in the oligopolistic homeowner’s insurance 

industry and measure supply and demand parameters to predict probabilities of burglary of 

non-alarmed homes in two cases.  In the first case, some homes install burglar alarms; the 

second case is a counterfactual where no homes are alarmed.  The difference in these 

predicted probabilities represents the change in the probability of burglary of non-alarmed 

homes due to an increase in alarm installation, or the diversion effect.  Although this method  
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cannot generate a precise estimate of the fraction of the market installing burglar alarms, 

results show that both diversion and deterrence effects are likely to be present with burglar 

alarm use.  This method even suggests that for some types of housing construction and 

burglar alarms, the diversion effect may outweigh the deterrence effect.  Coupled with the 

success of the second method in measuring the diversion effect, the main contribution of this 

chapter is that it provides evidence that crime displacement associated with burglar alarms 

can, in fact, be measured.          

This paper is organized as follows:  chapter two justifies interest in the social effects 

of burglar alarms by providing an overview of the literature regarding observable private 

precaution, the diversion and deterrence effects, and protective device discounts offered by 

homeowner’s insurance companies.  The three different methods for assessing the diversion 

effect associated with burglar alarm use are presented separately in chapters three, four and 

five.  A brief conclusion ends the paper.  Although the social effects associated with burglar 

alarms are likely to be positive on balance, this dissertation exposes the hidden costs that may 

be associated with observable precautionary measures.  
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CHAPTER 2 

 

LITERATURE REVIEW 
 

Observable precautionary measures are those that are visible to a burglar 

contemplating entry, as when an alarm system is advertised in the form of a sign or sticker on 

a window or mailbox. A rational burglar will tend to avoid homes that are protected by this 

form of security.  By increasing both the probability of apprehension and the difficulty of 

entry for the burglar, observable security measures increase the expected cost of criminal 

activity to the burglar and therefore engender the deterrence effect.  Despite its ability to 

deter criminals, not all homeowners engage in observable private precaution (Hakim, 

Rengert, and Schachmurove 1995).  Blackstone and Hakim (1997) estimate the range of 

alarm ownership to be just 11-15% of all homes and businesses.  A rational burglar will find 

unprotected homes more attractive and tend to make them his target.  Therefore, as the 

fraction of protected homes within a community increases, the likelihood of burglary of 

unprotected homes in that community also increases.  This is the diversion effect, a negative 

externality, associated with observable security measures. 

Private precautionary measures that are unobservable are unlikely to be associated 

with the diversion effect.  Unobservable measures, such as silent alarms, do not allow a 

burglar to determine a household’s level of protection.  Assuming that rational burglars gain 

a general idea of how many households are protected, unobservable private precaution serves 

two purposes: one is to stop the burglary of protected homes, and the second is to deter the 

burglary of unprotected homes (Hakim, Rengert, and Schachmurove 1995).  Because such 

measures leave potential criminals unaware of which households are protected, unobservable 
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private security does not divert crime, but rather generates positive externalities for the 

community.  Unobservable precautionary measures exhibit only the deterrence effect, and 

therefore unambiguously lead to an overall decrease in crime.  This general deterrence of 

unobservable security is estimated empirically by Ayres and Levitt (1998).  Adjusting for the 

fact that Lojack is disproportionately installed in central cities, they show that a one 

percentage-point increase in the installation of the unobservable car retrieval system reduces 

the rate of auto theft by 7% or more (Ayres and Levitt 1998). 

There are several types of diversion described in the literature, including temporal, 

tactical, target, crime type, spatial, and perpetrator (Bowers and Johnson 2003).  These types 

refer to diversion by time of day, modus operandi, target, type of crime, location, and 

offender, respectively.  Due to the nature of housebreaking, residential burglars are less likely 

to shift to other types of crime when faced with an increase in burglar alarm use.  For 

example, residential burglars are unlikely to switch from houses to banks because of the 

greater risks associated with bank breaking.  House burglars are also unlikely to switch from 

residential burglary to street robbery because of the personal confrontation involved in work 

on the street.  The type of diversion that is likely to be associated with burglar alarm use is a 

change in modus operandi or a change in target (Home Office Research Study No. 34).  By 

changing targets, burglars seek out unprotected houses.  Previous ethnographic studies 

(Cromwell et al. 1991; Rengert and Wasilchick 1995; Wright and Decker 1994) reveal that 

burglars prefer to avoid targets with alarms.  Bowers and Johnson (2003) show that burglars 

seek out unprotected properties located near protected properties, as well as areas that are 

similar to protected households in external characteristics and income.  Burglars may also try 
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to adopt techniques that neutralize the effects of burglar alarms.  

Although an independent measure of the deterrence effect associated with burglar 

alarms does not exist, evidence of their deterrence has been documented.  Blackstone and 

Hakim (1997) describe a burglar alarm system as “the single most effective precaution one 

can take” because of its ability to deter, prevent, and detect burglary.  They also establish 

burglar alarm installation as a necessary condition for an effective security package.  Using a 

household questionnaire and review of police files in Philadelphia’s metropolitan area in 

1992, Buck and Hakim find that among homeowners who take at least three minor private 

precautionary measures, such as deadbolt locks, non-alarmed homeowners are 5.2 times 

more likely to be burgled than alarmed homeowners.  This is an especially informative 

statistic regarding deterrence because it controls for the fact that some homeowners may be 

more careful than others, as well as for differences between neighborhoods that may make 

homeowners more likely to take minor precautionary measures.  A separate study in Cedar 

Rapids, Iowa in 1972 shows that there is a 55% percent reduction in burglaries and a 

reduction in financial losses in alarmed residences, compared to non-alarmed homes.  

Between 1979 and 1981, a police department in the affluent Scarsdale, New York finds that 

90% of burgled homeowners do not have alarm systems; the other 10% have disabled or 

incomplete systems.         

Blackstone and Hakim (1997) insist that a major factor in the deterrence generated by 

burglar alarms is the visibility of a sign advertising them.  A survey of burglars conducted by 

Wright and Logie (1987) suggests that burglars look for an exterior indicator of the presence 

of an alarm.  A survey of homeowners in Greenwich, Connecticut by Blackstone and Hakim 
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reports that 40% of alarmed homeowners that were burgled had no sign, while only 33% of 

non-burgled alarmed homeowners did not have a sign.   

Perhaps the best evidence of the effectiveness of burglar alarms and their ability to 

deter is that homeowners are willing to incur the private costs of employing them.  A study of 

alarmed homeowners in Tredyffrin Township by Buck and Hakim (1992) estimates the 

annual nominal costs of burglar alarms to the entire community to be $1,066,576.  This 

figure includes residential installation costs, monthly service costs, and the cost of the local 

police department responding to false alarms.  Despite their significant costs, the total 

benefits accruing to homeowners from the use of burglar alarms tend to be larger.  Benefits 

to the entire community, including the non-monetary and monetary costs of burglary, costs of 

residential property stolen, and demoralization costs that are avoided when a burglar alarm is 

installed, are estimated to be $1,551,888.  Again in the Tredyffrin Township study, Buck and 

Hakim find that 94% of alarmed respondents are satisfied with their decision to install, 83% 

say that a burglar alarm makes them/their family feel safe, and 12% claim that an alarm has 

prevented a burglary.   

According to Blackstone and Hakim (1997), alarms tend to deter myopic or “narrow-

minded” burglars.  Professional burglars avoid alarmed properties, especially those reporting 

to a central station, because alarms limit the time they can spend in a house before being 

caught.  A burglar alarm connected to a central station limits the burglar to 15 minutes to 

complete the burglary and escape from the premises. This is a constraint that burglars do not 

face in non-alarmed homes.  A sample of incarcerated burglars (Dimitz and Huff 1988) 

indicates that burglar alarms connected to central stations and police stations are the most 
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effective deterrents, and that local burglar alarms are the least effective.  When asked about 

the most effective measures they would take in their own homes, burglars list dogs and alarm 

systems.  Blackstone and Hakim (1997) cite the example of a retired, professional burglar 

who preferred to switch to non-alarmed targets when faced with burglar alarms. The burglar 

claims that as far as a residential target was concerned, he avoided alarmed homes [or ones 

with a large dog] and switched to other homes that lacked both.   

Although burglar alarms are widely described as deterrents, empirical evidence of the 

diversion effect is rare and informal.  Clarke, Hough, Mayhew, and Sturman (Home Office 

Research Study No. 34) compare the fraction of stolen new cars in 1969, when some new 

cars were fitted with steering column locks, with the same fraction in 1973, when all new 

cars had locks.  Steering column locks are a form of observable private precaution for 

automobiles.  The authors find that new cars represented a smaller portion of stolen cars in 

1973, when more cars were equipped with the locks, than in 1969.  Despite the fact that more 

new cars were protected and fewer protected cars were vandalized, an increase in the number 

of offenses related to vehicle theft occurred.  Clarke et al. attribute the increase in crime to a 

redirection of thieves to vehicles without steering column locks.  In another study, LeBeau 

and Vincent use evidence that criminals do not attempt to burgle alarmed homes more than 

once as reason to suggest that alarmed premises may be responsible for diverting crimes to 

non-alarmed locations.   

While empiricism is rare, diversion has been examined theoretically by a number of 

researchers.  Shavell (1991) shows that the level of observable precaution taken by 

households will be higher than the level of unobservable precaution, due to the negative 
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externality that diversion imposes.  Since unobservable private precaution benefits the entire 

community, not just those homeowners who incur the costs of engaging in protection, fewer 

homeowners are likely to protect when security is unobservable.  Clotfelter (1978) argues 

that since successful crimes result in losses to victims that are probably not offset by gains to 

criminals, the negative externality from the diversion effect results in an inefficiently large 

number of households employing security measures.  What is the efficient number when the 

diversion effect is present?  De Meza and Gould (1992) suggest that social efficiency 

requires all or no households to install burglar alarms.  This result follows from their 

assumption that the expected loss from burglary is an increasing function of the number of 

households installing burglar alarms.   

Of course, there are also arguments against the concern that burglar alarms displace 

crime.  Blackstone and Hakim (1997) claim that their own and other research efforts find 

little support for the existence of displacement, citing Hakim and Rengert (1981).  They fail 

to attribute any of the aforementioned differences in the probabilities of burglary of 

homeowners to diversion, and use the fact that only a small percentage of homeowners are 

actually alarmed as evidence that displacement is unlikely to occur until alarm ownership 

reaches a greater number of establishments.  These arguments, however, primarily refer to 

temporal and crime type diversion.  Furthermore, the work of Hakim and Rengert focuses on 

public enforcement. Since burglar alarms are a form of private precaution that are likely to 

cause target displacement, these arguments do not provide convincing evidence against the 

diversion effect.    

Some economists argue that if in fact observable private precaution generates the 
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diversion effect, efforts should be made to either reduce the use of observable precaution or 

incentivize the use of unobservable precaution in order to eliminate the negative externality.  

Landsburg (1997) goes as far as calling observable precautionary measures, “socially 

wasteful.”  Di Tella, Galiani, and Schargrodsky (2002) suggest taxation or regulation of the 

private security industry as a way to eliminate the diversion effect.  However, despite this 

suggestion, the use of some burglar alarm systems is actually subsidized.  Homeowner’s 

insurance companies subsidize the use of private security by offering their customers 

discounted homeowner’s insurance premiums for employing the use of protective devices.   

On average, homeowner’s insurance companies offer protective device discounts that 

range between 1% and 25%.  A survey by Hakim and Gaffney (1994) shows that 

homeowner’s insurance companies enjoy net gains from offering these discounts.  Hakim 

and Gaffney suggest that homeowner’s insurance companies are willing to offer protective 

device discounts in order to attract customers, compete effectively with other companies, and 

encourage burglar alarm installation in order to lower the average insured loss due to 

burglary.  Hakim (1996) describes a discount as being effective from an insurance company’s 

perspective if two conditions are met: the value of claims saved from alarm systems 

outweighs the cost of offering discounts, and alarm buyers are aware of discounts prior to 

purchasing alarm systems.   
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CHAPTER 3 

 

MEASURING THE NET EFFECT OF BURGLAR ALARMS ON 

BURGLARY RATES 
 

 My purpose in this chapter is to estimate the net effect, or the combined deterrence 

and diversion effects, of burglar alarms on burglary rates.  This estimation is the motivation 

for teasing out the separate diversion effect associated with burglar alarms in chapters four 

and five.   

 

3.1 Empirical Specification and Data Sources 

The empirical specification I use to measure the net effect of burglar alarms on 

burglary rates is: 

ln(BURGLARYi ) =  +  ALARMi + ’ CONTROLi + i , (1) 

where i indexes county.  Analysis is conducted at the county level in the United States 

because crime displacement is likely to occur within short distances (Bowers and Johnson 

2003).  BURGLARY represents the per-capita burglary rate,  is the intercept, ALARM 

represents the fraction of homes with burglar alarms, CONTROL is a vector of control 

variables affecting the likelihood of residential burglary,  is a conformable vector of 

parameters, and i is an error term.  Because BURGLARY is logged,  is interpreted as the 

percentage change in the per-capita burglary rate associated with a one percentage-point 

change in the fraction of homes using burglar alarms.  For example, if  is estimated to be -2, 

a change from 0.50 to 0.51 in the fraction of homes using burglar alarms results in a 2% 

decrease in burglaries.   is the measure of the net effect of burglar alarms on burglary rates.   
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While previous research does not provide an independent measure of the actual 

deterrence effect, chapter two outlines convincing evidence that burglar alarms deter.  The 

cited statistic that non-alarmed homeowners are burgled 5.2 times more than alarmed 

homeowners (Buck and Hakim 1992) suggests that the deterrence effect might even be quite 

large.  Using this evidence to assume the existence of a significant deterrence effect 

associated with burglar alarms, two different findings regarding the net effect are possible if 

the diversion effect also exists.  One possible finding is that ALARM is statistically 

significant and negatively related to burglary rates.  In this case, it is the size of the net effect 

that offers support for whether or not diversion is present.  A finding of a small net effect, 

converted to an elasticity for ease of interpretation, suggests that the overall effect of burglar 

alarms on burglary rates is small because diversion is muting the deterrence effect.   

However, without an independent estimate of the deterrence effect, I cannot rule out the 

possibility that a small net effect also suggests the presence of a small deterrence effect and 

negligible diversion effect.  The other finding regarding the net effect that is possible if the 

diversion effect exists is that ALARM is statistically insignificant in determining burglary 

rates.  This finding suggests that the presence of the diversion effect may be neutralizing the 

deterrence of burglar alarms, making the overall effect of burglar alarms on crime 

insignificant.  Since it is improbable that the diversion effect is larger than the deterrence 

effect,  is unlikely to be positive. 

To measure BURGLARY, I employ per-capita burglary rates, which are calculated 

using total number of burglaries and total population from Uniform Crime Reports County 

Data.  Per the Uniform Crime Report, burglary is defined as “the unlawful entry of a 
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structure to commit a felony or theft, where the use of force is not necessary for entry.”  The 

FBI does not distinguish between residential and commercial burglaries.   

Data on ALARM, the primary variable of interest, are not readily available.  Previous 

empirical studies on the effectiveness of burglar alarms, including those mentioned in chapter 

two, rely on burglar alarm data from household questionnaires and police files.  Such data are 

not available for my research.  Contact with trade associations for the licensed security alarm 

industry and companies that insure households installing burglar alarms also failed to 

generate data sources.  Therefore, as a proxy for the fraction of homes with burglar alarms in 

each county, I employ data on the nominal sales of security system services (in $1,000’s) 

from the U.S. Census, Business and Industry Statistics Sampler, North American Industry 

Classification System (NAICS) 56162.  NAICS 56162 is the industry classification that is 

comprised of establishments “engaged in selling security systems, such as burglar and fire 

alarms and locking devices, along with installation, repair, or monitoring services or remote 

monitoring of electronic security alarm systems.”  Data on security system services sales do 

not distinguish between the sale of residential and commercial security systems, between fire 

and burglar alarms, or between observable and unobservable devices.  However, previous 

studies have found that a significant amount of revenue from security sales originates from 

residential burglar alarms: 58% of revenue comes from burglar alarms (Blackstone and 

Hakim 1997) and roughly 60% of new burglar alarms installed each year is residential 

(Blackstone, Hakim, and Spiegel 2000).   

I face two significant obstacles when using U.S. Census data on security system 

services sales as a proxy for burglar alarm use.  Because it is unlikely that all security system 
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services used throughout the year are purchased that year, total sales is not a direct measure 

of burglar alarm use.  I specify that burglar alarm use is related to security system services 

sales through the following relationship: 

ALARM_STOCKit = SALESit + (1- ) ALARM_STOCKit-5  ,  (2) 

where i refers to county and t refers to year.  ALARM_STOCK
1
 represents the total number 

of homes with burglar alarms installed,  is the five-year depreciation rate (assumed to be 

0.3
2
), and SALES represents the annual real receipts of establishments selling security 

system services.  ALARM_STOCK is lagged by five on the right-hand side because of the 

frequency with which U.S. Census data on sales are available.  Equation (2) suggests that the 

current year’s use of burglar alarms is the sum of the current year’s security system services 

sales and last period’s use, taking depreciation into account. Recursively substituting 

ALARM_STOCKit-5, …., ALARM_STOCKit-5n into (2), where n is the number of years prior 

to time t for which data are available, (2) becomes: 

ALARM_STOCKit = SALESit + (1- ) SALESit-5 + …… + (1- )
n 

SALESit-5n   . (3) 

I convert data on nominal security system services sales from the U.S. Census to real 

sales using the CPI (1982-84 dollars).  ALARM_STOCK is divided by the total number of 

housing units in each county to obtain ALARM, which represents the fraction of protected 

homes
3
. Data on the total number of housing units are available only from decennial 100-

percent U.S. Census reports, so annual data are linearly interpolated.  The U.S Census 

                                                 
1
 ALARM_STOCK is the ALARM variable before it is converted to the fraction of homes using burglar alarms. 

2
 Other values for the five-year depreciation rate are considered, as discussed in section 3.2. 

3
 Gaffney and Hakim (1994) quote the average nominal price of a custom-designed alarm system to be $2,000.  

Using the CPI (1982-84 dollars), a nominal price of $2,000 converts to a real price of just slightly more than 

$1,000.  Since SALES are denominated in $1,000, I can therefore approximate ALARM as the “fraction” of 

protected homes. 
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defines a housing unit as “a house, an apartment, a mobile home, a group of rooms, or a 

single room that is occupied (or, if vacant, is intended for occupancy) as separate living 

quarters.”  Because Business and Industry Statistics are only available every five years, the 

calculation of (3) is limited to the years of 2002, 1997, and 1992.       

The second obstacle I face in using U.S. Census data to measure burglar alarm use is 

that in order to use (3), all U.S. counties in the sample are required to have security system 

services sales data in 2002, 1997, and 1992.  However, sales data from NAICS 56162 are 

only available for the years of 2002 and 1997 because the industry classification did not exist 

until 1997.  Furthermore, only 109 counties have sales data in both 2002 and 1997.  The 

unavailability of sales data for all counties in both years is primarily due to the fact that 

security system services establishments do not operate in all counties in the United States.  

Data are also suppressed for counties with few sales in order to maintain company 

anonymity.     

 To overcome the problem of a small sample size, I employ a straightforward method 

for estimating security system services sales at the county level using murder rates in 2002, 

1997, and 1992.  This approach focuses on the perception that homeowners have of the 

prevalence of violent crime.  The evening news and local newspaper are more likely to 

broadcast violent, rather than property, crime.  Violent crimes are also more likely to shock 

homeowners into thinking that they live in a dangerous neighborhood, inducing the 

employment of private precautionary measures, such as burglar alarms.  Using murder to 

predict SALES is econometrically sound because I do not use murder as a CONTROL 

variable in my specification measuring the net effect of burglar alarms on burglary rates. 
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Employing this argument, as well as the sample of 109 U.S. counties for which I am able to 

obtain data on security system services sales from the U.S. Census in both 2002 and 1997
4
, I 

estimate the following specification to measure the effect of murder rates on burglar alarm 

sales:  

  ln(SALESi ) =  +   ln(MURDERi ) +  INCOMEi +  UNITSi + i     ,      (4) 

where i corresponds to county, SALES represents real security system services sales,  is the 

intercept, MURDER is the number of murders, INCOME is per-capita real personal income, 

UNITS represents the number of housing units, and i  is an error term.  Each of the three 

explanatory variables should be positively related to burglar alarm sales.  Data on MURDER 

are obtained from Uniform Crime Reports County Data.  Per the Uniform Crime Report, 

murder is considered to be a violent crime and is defined as “the willful (non-negligent) 

killing of one human being by another.” Data on the total number of housing units are 

linearly interpolated from 100-percent U.S. Census reports.  Per-capita nominal personal 

income data are available from the Regional Economics Information System, Bureau of 

Economics Analysis, and are converted to real values using the CPI (1982-84 dollars).   

Table 3.1 presents the parameters obtained from (4) via Ordinary Least Squares 

(OLS) estimation.  Although these results are not the focus of this chapter, it is interesting to 

note that murder is statistically significant and positively related to security system services 

sales
5
.  The coefficient on MURDER is an elasticity measure of the responsiveness of 

SALES to instances of murder.  Focusing only on those U.S. counties with SALES data in 

                                                 
4
 The observations from 2002 and 1997 are pooled without year-indicator variables. 

5
 MURDER is found to be statistically insignificant when represented by the per-capita murder rate in the data. 
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2002, 1997, or both
6
, I use the parameters in Table 3.1, in conjunction with data on 

MURDER, INCOME and UNITS in 2002, 1997, and 1992, to predict SALES for counties 

without U.S. Census sales data in the same years.   

Literature on property crime and security dictate several control variables to be 

included in the specification measuring the net effect of burglar alarms on burglary rates.  

According to the literature on private security, determinants of residential burglary include 

home value, race of the homeowner, and age of the home.  Buck, Hakim, and Rengert (1993) 

suggest that homes of higher value are more likely to be burgled, as well as newer houses and 

those owned by African Americans (Hakim and Gaffney 1995).  Data on median age of 

housing units, nominal median value of housing units, and the number of African American 

homeowners are obtained from decennial sample U.S. Census reports.  Annual data are 

linearly interpolated.  Data on real median value of housing units are preferred, but an annual 

housing price index at the county level is difficult to obtain.  Data on the number of African 

American homeowners are converted to a percentage of the population using population data 

from Uniform Crime Reports County Data.   

Explanatory variables suggested by property crime literature include the 

unemployment rate and age distribution.  Chiricos (1987) and Freeman (1996) argue that 

property crime is negatively related to employment, and Blumstein et al. (1986) suggest that 

the prevalence of criminal involvement drops after the teen years.  Data on the 

unemployment rate are obtained from the Bureau of Labor Statistics.  To represent age 

                                                 
6
 This sample includes 219 counties.  It is different than the smaller sample of 109 counties used to generate 

Table 3.1 results because it includes counties with at least one observation of SALES data in 2002, 1997, or 

both.     
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distribution, I use the percentage of the population aged 0-17, 18-24, and 25-44.  The 

percentage of the population aged 44+ is omitted from the sample.  Annual data are linearly 

interpolated from decennial data from County and City Data Books.  In addition to these 

CONTROL variables, dummy variables are included to represent the geographical region of 

the counties in the sample because FBI statistics show that the prevalence of burglary differs 

between national regions.  According to the 2004 FBI publication of “Crime in the United 

States,” the South, West, Midwest, and Northeast regions of the U.S. account for 45.2%, 

23.9%, 19.8%, and 11% of all burglaries, respectively.  The boundaries of the geographical 

regions are defined by the FBI.  The dummy variable for the Western region is omitted.   

It is important to note that previous literature also establishes the theoretical 

importance of size of the police force and income in explaining burglary rates.  Levitt (1997) 

and Marvell and Moody (1986) argue that increased numbers of police reduce crime.  The 

Bureau of Justice Assistance Annual Crime Victim Survey (1999) reports that residential 

burglaries tend to concentrate around low-income families, while Buck, Hakim, and Porat 

(1992) argue that households with higher income are more susceptible to theft.  However, 

when including size of the police force and income as explanatory variables in estimating the 

net effect of burglar alarms on burglary rates
7
, results suggest the existence of 

multicollinearity.  Because of their correlation with ALARM, the inclusion of these variables 

increases the standard error of ALARM and leads to its statistical insignificance.  Intuitively, 

size of the police force and ALARM are inversely related because of the substitutability 

                                                 
7
 When including these variables, I use data on the total number of sworn officers from the FBI’s 2002 “Crime 

in the United States” and city and county police department websites and per-capita nominal personal income 

(converted to real using the CPI) from the Regional Economics Information System, Bureau of Economics 

Analysis. 
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between private and public protection.  The correlation between ALARM and income is due 

to the fact that wealthier homeowners are more likely to employ burglar alarm services, as 

suggested by Table 3.1 results.  As a result of their correlation with ALARM, I omit both size 

of the police force and income from my final specification measuring the net effect of burglar 

alarms on burglary rates.  However, their effects are likely to be captured by other variables 

in the specification with which they are also correlated.  Specifically, size of the police force 

is correlated with the percentage of African American homeowners and income is correlated 

with nominal median house value.  Future research will explore the possibility of eliminating 

multicollinearity using a larger sample while including size of police force and income as 

explanatory variables in measuring the net effect of burglar alarms on burglary rates.   

Summary statistics for the data used in the measurement of the net effect of burglar 

alarms on burglary rates are presented in Table 3.2.  In order to employ the use of (3), 

estimation is conducted only for 2002, which means that data on security system services 

sales from 2002, 1997, and 1992 are used in the construction of ALARM.  The final sample 

consists of data for 219 U.S. counties.   

 

3.2 Results and Discussion 

Although an estimate of  from (1) is initially obtained using OLS, it is possible that 

the employment of burglar alarm services in a given county is endogenous.  That is, although 

burglar alarms likely induce a change in county-level burglary rates, it is also possible that 

higher burglary rates motivate the use of burglar alarms.  This endogeneity makes OLS 

estimates inconsistent.  As a result, I also employ Two-Stage Least Squares (2SLS) analysis 
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and use the number of security system services establishments by county in 2002 and 1997 as 

separate instruments for ALARM.  The number of security system services establishments is 

considered a valid instrument because although counties with higher burglary rates may have 

more security system services establishments, the number of establishments is unlikely to 

respond contemporaneously to changes in burglaries.  County-level data on the number of 

security system services establishments are obtained from the U.S. Census Bureau, Business 

and Industry Statistics Sampler, NAICS 56162.  Data on the number of security system 

services establishments are available for the same counties for which original security system 

services sales data are available.  For counties without data on the number of establishments 

in either 2002 or 1997, I use the number of establishments from the year in which data are 

available, since the number of establishments in a county is unlikely to change drastically 

within a 5-year period.  Summary statistics for the data used for the 2SLS instruments are 

also included in Table 3.2. 

Table 3.3 presents estimation results.  Column A provides OLS results, column B 

provides 2SLS results using the number of security system services establishments in 2002 

and in 1997 as separate instruments, and column C provides 2SLS results using the average 

number of security system services establishments between the years of 2002 and 1997 as 

one instrument.  As seen from Table 3.3, OLS estimation finds that ALARM is negatively 

related to burglary rates, but statistically significant only at the 12% level.  The 2SLS 

regressions find that the coefficient on ALARM has the expected negative sign, but is 

statistically insignificant with a t-statistic less than one.  The net effect is also estimated to be 

larger in the 2SLS regressions.   Since the determination of which estimation technique is 

 



 23 

consistent depends on whether or not ALARM is endogenous, a Hausman Test is conducted. 

The Hausman test shows that ALARM is not endogenous.  Although this result is surprising, 

it is consistent with the theory used to predict SALES data, which suggests that violent, 

rather than property, crime has a significant impact on burglar alarm use.  Confidence is 

therefore placed in OLS estimation of the net effect of burglar alarms on burglary rates.  If it 

is the case that the 2SLS results and finding of the Hausman test are due to weak instruments, 

rather than the lack of endogeneity, OLS results are still informative in the sense that they 

only underestimate the true value of .  Since burglary rates are likely to have a positive 

effect on the use of burglar alarms and I estimate the net effect of burglar alarms on burglary 

rates to be negative, endogeneity would have the effect of increasing the probability limit of 

my estimator of 
8
.   

According to OLS results, a one percentage-point increase in the fraction of homes 

using burglar alarms leads to roughly a 0.46% decrease in burglary rates
9
.  This decrease in 

burglary rates is quite small, when compared to the finding of Ayres and Levitt (1998) that 

auto-theft rates decrease by 7% due to a one percentage-point increase in the use of Lojack.  

To better understand the magnitude of this change, I interpret OLS results in terms of the 

decrease in the number of burglaries per year due to the use of a burglar alarm by one 

homeowner.  Evaluated at the mean values of BURGLARY and ALARM, the results in 

                                                 
8
 In the presence of endogeneity, the probability limit of my OLS estimate of  would be equal to the sum of the 

true estimate of  and COV(ALARM,)/VAR(ALARM).  COV(ALARM,)>0 because  and BURGLARY are 

positively related, and if BURGLARY were to induce changes in ALARM, their relationship is also likely to be 

positive.   Since VAR(ALARM) is also positive, endogeneity would therefore have the effect of increasing the 

probability limit of my estimate of , which I estimate to be negative.   
9
 In other words, an increase in the fraction of homes using alarms from 0% to 100% leads to a 46% decrease in 

burglary rates. 
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Table 3.3 are consistent with one alarmed home decreasing the number of committed 

burglaries by 0.45 per year
10

.  In other words, it takes approximately three alarmed homes to 

decrease the number of committed burglaries per year by one.  I also calculate a measure of 

the elasticity of burglary rates with respect to the fraction of homes with burglar alarms for 

each of the three regressions in Table 3.3.  According to Column A, a 1% increase in the 

fraction of homes
11

 installing burglar alarms leads to a 0.06% decrease in burglary rates.  

Since empirical evidence overwhelmingly shows that burglar alarms deter crime at alarmed 

homes, the fact that burglary rates respond little to burglar alarms, coupled with the relative 

statistical significance of ALARM, suggests that the diversion effect may be present.   

The statistically significant CONTROL variables in the specification include the 

percentage of African American homeowners at the 0.01% level, the unemployment rate at 

the 0.01% level, the percentage of the population aged 25-44 at the 0.02% level, and the 

dummy variables representing the Northeast and Midwest regions of the U.S. at the 2% and 

0.3% levels, respectively.  The explanatory power of median age of house and nominal 

median house value may already be captured by the ALARM variable, as newer and more 

expensive homes are more likely to install alarms.  For those CONTROL variables that are 

statistically significant, all except the percentage of the population aged 25-44 have the 

predicted effect.  Calculations of elasticities measuring the responsiveness of burglary rates 

to changes in each significant CONTROL variable reveal that burglary rates respond 

inelastically to changes in all, except for the 25-44 age group (relative to the omitted age 

                                                 
10

 For cities with more (fewer) housing units, this numerical example overestimates (underestimates) the 

decrease in the number of burglaries due to the use of a burglar alarm by one homeowner. 
11

 Note that a 1% change in the fraction of homes using burglar alarms is different and smaller than a one 

percentage-point change.   
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group).  Finally, it is important to note that changes in the assumed value of depreciation of 

burglar alarms do not affect the statistical significance of ALARM in explaining burglary 

rates.  However, the significance level of ALARM decreases in OLS estimation when I 

assume a larger value for depreciation. 

 

3.3 Joint Estimation of the Diversion Effect and Unobserved Sales Using a Bayesian 

Estimator 

 

Although the method I use to estimate security system services sales data in section 

3.1 successfully increases the sample size for measuring the net effect of burglar alarms on 

burglary rates, the increase is not large given that the U.S. Census Bureau recognizes over 

3,000 counties in the United States.  Since data for all other variables in (1) and (4), except 

SALES, are available for 3,034 counties, the results of section 3.2 leave much to be desired.  

In this section, I conduct a robustness check of the measure of the net effect of burglar alarms 

on burglary rates described in section 3.2 using a larger sample of 3,034 U.S. counties.  Since 

SALES are unobserved for the majority of the 3,034 counties, I estimate the net effect using 

a Bayesian technique that also generates security system services sales data for counties 

without original data in the years of 2002, 1997, and 1992.  The fundamental methodology 

behind the estimation of security system services sales data is still based on (4), ALARM is 

still generated from data on security system services sales in 2002, 1997, and 1992 according 

to (3), and Bayesian estimation of the net effect of burglar alarms on burglary rates for the 

year of 2002 remains consistent with (1).  Observed data for the sample of 3,034 counties are  
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collected from the same sources described in section 3.1
12

.   

For simplicity in explaining my Bayesian algorithm, denote X as [INTERCEPT 

MURDER INCOME UNITS], Z as [INTERCEPT ALARM CONTROL],  as [   ]’, Γ 

as [α β λ]’, S as ln(SALES), Y as ln(BURGLARY), and variables with * as representative of 

the final sample of 3,034 U.S. counties.  Define n as equal to all 3,034 counties in the final 

sample, and T as 3, the number of years for which U.S. Census SALES data are available.   

The parameter vector of interest is Γ, which contains the parameter β that measures 

the net effect of burglar alarms on burglary rates in (1). My primary objective is to jointly 

estimate security system services sales for counties with missing data and posterior 

distributions for Γ, based on the observed data.  The difficulty in using the joint conditional 

posterior distribution of unobserved SALES and Γ to estimate unobserved SALES and Γ is 

that it is not explicitly known.  However, I do know the individual conditional distributions 

of SALES and Γ.  Assuming a diffuse Jeffries prior on ζ
2

υ, ζ
2

υ is distributed as: 

2( | *, *, )f S X   ~ inverse gamma ((a + nT/2), (b + ((S* - X* )’(S* - X* )/2)))   .      (5) 

 The conditional distribution of unobserved SALES data is:   

2( | *, , )f S X   ~ random normal (X* , 2

 )   ,     (6) 

and the conditional distribution of Γ is: 

2( | *, *, )f Y Z  ~ multivariate student-T ((Z*'Z*)
-1 

(Z*’Y*), ( 2

 )(Z*’Z*)
-1

)   .   (7) 

                                                 
12

 Bayesian estimation is only used to generate SALES data.  Data for all other variables in the specification are 

available for all years from these sources. 
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Because the individual conditional distributions outlined above are known, I can 

therefore jointly estimate unobserved SALES and Γ using a Gibbs Sampler, rather than 

integrating over the joint distribution with respect to SALES*.  A Gibbs Sampler is an 

algorithm that generates a sequence of samples from the joint distribution of two or more 

random variables.  The process produces an instance from each of the unknown variables, 

conditional on the current values of observed variables.  The sequence of samples comprises 

a Markov Chain, and the stationary distribution of that Markov Chain is the sought-after joint 

distribution of the unobserved variables, which in this case are SALES and Γ (Gelman et al. 

1995).   

Logistically, I start the Gibbs Sampler by simulating draws of S* from a random 

normal distribution with mean X* and variance ζ
2

υ.  Merging these draws with 

CONTROL*, I then derive the posterior distributions of Γ from a multivariate student-T 

distribution with mean (Z*'Z*)
-1 

(Z*’Y*), variance ( 2

 )(Z*’Z*)
-1

, and degrees of freedom 

equal to 3,022.  The distribution of Γ is assumed to be multivariate student-T, rather than 

normal, because 2

  is unknown
13

.  The specifics of the implementation are described in the 

algorithm below: 

a. To obtain starting values of 2

  and  , regress S on X for the sample of counties 

from section 3.2 for which SALES data are available in the years 2002, 1997, or both. 

 

b. To obtain starting values for S*, draw S for the counties for which SALES data are 

not originally available from a random normal distribution with mean X and 

variance 2

 .  Merge the draws with original SALES data.   

                                                 
13

 However, as the number of degrees of freedom increases, a random draw that follows the multivariate 

student-T distribution approaches the normal distribution (Rowe 2003).  With a sample size of 3,034 U.S. 

counties, this is likely to be the case here.  For precision, I rely upon multivariate student-T results. 
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c. Update   using a multivariate normal distribution with mean (X*'X*)
-1 

(X*’S*) and 

variance ( 2

 )(X*’X*)
-1

. 

 

d. Update ζ
2
 using an inverse gamma distribution with mean (a + nT/2) and variance (b 

+ ((S* - X* )’(S* - X* )/2)). 

 

e. Using the updated ζ
2
 and , draw new S for counties without original SALES data 

from a random normal distribution with mean X* and variance 2

 .  Merge with 

original SALES data to update S*. 

 

f. Take exponential of S* to obtain SALES* and separate according to year, t. 

 

g. Assuming a value of 0.3 for depreciation, calculate ALARM_STOCK* according to 

(2).   

 

h. Divide ALARM_STOCK* by UNITS* to obtain ALARM*. 

 

i. Regress Y* on Z* to measure the net effect of burglar alarm on burglary rates, where 

Z* consists of ALARM* from h. and CONTROL*. 

 

j. Collect ζ
2

ε from i. 

 

k. Draw Γ from a multivariate student-T distribution with mean (Z*'Z*)
-1 

(Z*’Y*) and 

variance ( 2

 )(Z*’Z*)
-1

. 

 

l. Iterate steps c.-k. many times, using the most recently updated parameters and S*. 

 

The means, standard deviations, and posterior probability intervals for the posterior 

distributions of Γ based on 2,000 iterations
14

 are shown in Table 3.4.  Figures 3.1 – 3.12 

represent histograms of the posterior distributions for the different elements of Γ based on 

2,000 iterations and 500 burns.  The histogram of the posterior distribution of the elasticity of 

BURGLARY with respect to ALARM is shown in Figure 3.13.  As expected, the histograms 

                                                 
14

 The first 500 draws are discarded. 
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reveal both normality, due to the large sample size, and the thicker tails of the multivariate 

student-T distribution.     

As described in section 3.1, the size of the coefficient on ALARM is important in 

understanding the net effect of burglar alarms on burglary rates.  How does the size of the 

coefficient on ALARM change with a larger sample size?  In analyzing the mean of the 

posterior distribution of the coefficient on ALARM in Table 3.4, it is clear that the size of the 

estimated net effect actually increases with the larger sample.  With the larger sample, for 

every one percentage-point increase in the fraction of homes using burglar alarms, per-capita 

burglary rates fall on average by 1.22%.  This is consistent with one alarmed homeowner 

decreasing the number of committed burglaries by two per year.  To further understand the 

magnitude of this relationship, I calculate the elasticity of BURGLARY with respect to 

ALARM, evaluated at the mean of ALARM.  Table 3.4 shows that this elasticity is -0.56, 

suggesting that a 1% increase in burglar alarm use leads to a 0.56% decrease in burglaries.  

Although this is larger than the small-sample estimate, burglary rates continue to respond 

inelastically to burglar alarm use.  Additionally, the decrease in burglary rates is still 

considerably smaller than the decrease in auto-theft rates associated with Lojack.    

The statistical significance of ALARM is another way to understand the net effect of 

burglar alarms on burglary rates.  Although discussion on statistical significance is more of a 

Frequentist, rather than Bayesian, analysis, I compute an implicit t-statistic for ALARM and 

each of the CONTROL variables in order to be consistent with the discussion on statistical 

significance in section 3.2.  Implicit t-statistics are provided in Table 3.4.  Implicit t-statistics 

are calculated as the ratio of the means to the standard deviations of the posterior  
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distributions in Table 3.4.   

ALARM is statistically significant at the 0.01% level in the large Bayesian sample, 

which is an improvement over the small sample result in section 3.2.  This finding, coupled 

with the inelastic response of per-capita burglary rates to burglar alarm use in both the small 

and large samples and previous evidence of deterrence, supports the possible presence of the 

diversion effect.  In terms of the CONTROL variables, all are statistically significant at a 

level of at least 5%, based on their calculated implicit t-statistics, with the exception of 

median age of house, the unemployment rate, the percentage of the population aged 25-44, 

and the dummy variables representing the Northeast and Southern regions of the U.S.  The 

means of the posterior distributions of the coefficients on the statistically significant 

CONTROL variables all have the expected signs according to previous literature.   

 

3.4 Conclusion 

 Homeowners employ private precautionary measures to decrease the likelihood that 

their property will be burgled.  When these precautionary measures are observable to 

criminals, potential burglars likely divert crime to unprotected homes.  Both these deterrence 

and diversion effects arise when burglar alarms are installed.  In this chapter, I measure the 

combination of these two effects by analyzing how burglary rates respond to burglar alarm 

use.  I find that increases in the fraction of households with burglar alarms are associated 

with only slight decreases in burglary rates.  I arrive at this conclusion by overcoming a 

significant hurdle in data collection, using sales of security system services as a proxy for the 

fraction of households with burglar alarms, and generating missing data using murder rates. 
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My finding that burglary rates respond inelastically to burglar alarms for a large sample of 

U.S. counties, coupled with the evidence that burglar alarms deter criminals, is consistent 

with the diversion effect muting the effectiveness of observable precautionary measures.  The 

decrease in burglary rates is also much smaller than the decrease in crime rates associated 

with unobservable private precautionary measures, such as Lojack.  Although the size of this 

diversion effect alone is not discernable from my measure of the net effect of burglar alarms 

on burglary rates, the findings of this chapter are important to consideration of policy and 

supports the research devoted to estimating the size of the diversion effect in chapters four 

and five of this dissertation.    
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Table 3.1: Parameters Used in Prediction of Sales Data 

 

Variable Estimate

INTERCEPT 6.13

0.25

MURDER, 2002 and 1997: total number of murders 0.34

0.048

INCOME, 2002 and 1997: real per-capita personal income 0.00011

0.000011

UNITS, 2002 and 1997: total number of housing units 0.00000087

0.00000016

No. of Observations 216

R
2

0.58

* Standard errors are in itallics.  
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Table 3.2: Summary Statistics 

 

Variable Mean

Standard 

Deviation Minimum Maximum

BURGLARY, 2002: per-capita burglary rate (x1000) 0.99 0.54 0.07 3.28

ALARM, 2002: fraction of homes with burglar alarms 0.16 0.12 0.041 1.074

CONTROL, 2002:

          % African American homeowners (of population) 4.76 5.13 0.063 23.62

          Median age of house (since built) 28.22 8.51 7.80 54.80

          Nominal median house value 153,166.21 74,250.60 55,700.00 546,680.00

          Unemployment rate 5.65 1.64 3.00 15.00

          % aged 0-17 (of population) 26.10 2.82 14.30 34.80

          % aged 18-24 (of population) 9.25 3.21 2.020 32.020

          % aged 25-44 (of population) 30.62 3.035 21.92 43.14

          Dummy variable - located in Northeast region of U.S. 0.18 0.38 0.00 1.00

          Dummy variable - located in Southern region of U.S. 0.35 0.48 0.00 1.00

          Dummy variable - located in Midwest region of U.S. 0.21 0.40 0.00 1.00

Instruments:

          No. security system services establishments, 1997 23.63 31.35 3.00 349.00

          No. security system services establishments, 2002 24.47 31.77 3.00 344.00

          Avg. no. security system services establishments, 1997 and 2002 24.05 31.46 3.00 346.50

No. of Observations 219
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Table 3.3: Regression Results on the Net Effect of Burglar Alarms on Burglary Rates 

 

Variable A B C

INTERCEPT 1.42 1.66 1.66

0.63 0.69 0.70

ALARM, 2002: fraction of homes installing alarms -0.46 -1.65 -1.68

0.30 2.081 2.086

CONTROL, 2002:

          % African American homeowners (of population) 0.035 0.035 0.035

0.0079 0.0083 0.0083

          Median age of house (since built) -0.0043 -0.0036 -0.0036

0.0060 0.0064 0.0064

          Nominal median house value -1.18E-07 -1.14E-07 -1.13E-07

5.37E-07 5.69E-07 5.70E-07

          Unemployment rate 0.10 0.11 0.11

0.026 0.028 0.028

          % aged 0-17 (of population) -0.0096 -0.0073 -0.0072

0.015 0.016 0.016

          % aged 18-24 (of population) -0.015 -0.014 -0.014

0.012 0.013 0.013

          % aged 25-44 (of population) -0.050 -0.054 -0.054

0.013 0.013 0.013

          Dummy variable - located in Northeast region of U.S. -0.32 -0.32 -0.32

0.14 0.15 0.15

          Dummy variable - located in Southern region of U.S. -0.21 -0.23 -0.23

0.12 0.12 0.12

          Dummy variable - located in Midwest region of U.S. -0.37 -0.38 -0.38

0.13 0.13 0.13

Elasticity of BURGLARY with respect to ALARM (evaluated at 

mean of ALARM) -0.06 -0.22 -0.23

R
2

0.34 0.32 0.32

* Omitted age group is % aged 44+.  Omitted geographical region is Western Region of the U.S.  Standard errors are in itallics.  
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Table 3.4: Summary Statistics for Parameter Posterior Distributions of Regression 

Coefficients, Γ 

 

Variable Mean Standard Deviation Implicit t-statistic

Lower Bound Upper Bound

INTERCEPT -2.34 0.59 -3.94 -3.30 -1.33

ALARM, 2002: Fraction of homes installing alarms -1.23 0.081 -15.21 -1.36 -1.10

CONTROL, 2002:

          % African American homeowners (of population) 0.052 0.0099 5.28 0.036 0.069

          Median age of house (since built) -0.0013 0.0010 -1.30 -0.0030 0.00040

          Nominal median house value 2.34E-06 1.10E-06 2.13 5.53E-07 4.20E-06

          Unemployment rate 0.035 0.025 1.38 -0.0086 0.077

          % aged 0-17 (of population) 0.054 0.014 3.81 0.031 0.058

          % aged 18-24 (of population) 0.036 0.014 2.61 0.013 0.058

          % aged 25-44 (of population) -0.0038 0.017 -0.22 -0.031 0.024

          Dummy variable - located in Northeast region of U.S. 0.31 0.21 1.49 -0.030 0.65

          Dummy variable - located in Southern region of U.S. 0.32 0.17 1.92 0.056 0.60

          Dummy variable - located in Midwest region of U.S. -1.23 0.15 -8.03 -1.49 -0.98

Elasticity of BURGLARY with respect to ALARM (evaluated at 

mean of ALARM) -0.56 -0.62 -0.50

* Distributions are based on 2,000 iterations and 500 burns.

Posterior Probability Interavals
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Figure 3.1:  Posterior Distribution of Bayesian Parameter Estimates of INTERCEPT Based 

on 2,000 Iterations and 500 Burns 
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Figure 3.2:  Posterior Distribution of Bayesian Parameter Estimates of Coefficient on 

ALARM Based on 2,000 Iterations and 500 Burns 
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Figure 3.3:  Posterior Distribution of Bayesian Parameter Estimates of Coefficient on % 

African American Homeowners (CONTROL) Based on 2,000 Iterations and 500 Burns 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 39 

-5 -4 -3 -2 -1 0 1 2

x 10
-3

0

50

100

150

200

250

300

350

400

 
 

Figure 3.4:  Posterior Distribution of Bayesian Parameter Estimates of Coefficient on 

Median Age of House (CONTROL) Based on 2,000 Iterations and 500 Burns 
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Figure 3.5:  Posterior Distribution of Bayesian Parameter Estimates of Coefficient on 

Nominal Median House Value (CONTROL) Based on 2,000 Iterations and 500 Burns 
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Figure 3.6:  Posterior Distribution of Bayesian Parameter Estimates of Coefficient on 

Unemployment Rate (CONTROL) Based on 2,000 Iterations and 500 Burns 
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Figure 3.7:  Posterior Distribution of Bayesian Parameter Estimates of Coefficient on % 

Aged 0-17 (CONTROL) Based on 2,000 Iterations and 500 Burns 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 43 

-0.01 0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09
0

50

100

150

200

250

300

350

400

 
 

Figure 3.8:  Posterior Distribution of Bayesian Parameter Estimates of Coefficient on % 

Aged 18-24 (CONTROL) Based on 2,000 Iterations and 500 Burns 
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Figure 3.9:  Posterior Distribution of Bayesian Parameter Estimates of Coefficient on % 

Aged 25-44 (CONTROL) Based on 2,000 Iterations and 500 Burns 
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Figure 3.10:  Posterior Distribution of Bayesian Parameter Estimates of Coefficient on 

Northeast Region Dummy Variable (CONTROL) Based on 2,000 Iterations and 500 Burns 
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Figure 3.11:  Posterior Distribution of Bayesian Parameter Estimates of Coefficient on 

Southern Region Dummy Variable (CONTROL) Based on 2,000 Iterations and 500 Burns 
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Figure 3.12:  Posterior Distribution of Bayesian Parameter Estimates of Coefficient on 

Midwest Region Dummy Variable (CONTROL) Based on 2,000 Iterations and 500 Burns 
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Figure 3.13:  Posterior Distribution of Bayesian Estimates of Elasticity of Burglary Rates 

with respect to ALARM Based on 2,000 Iterations and 500 Burns 
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CHAPTER 4 

 

USING THE RELATIONSHIP BETWEEN HOMEOWNER’S 

INSURANCE COMPANY MARKET SHARES AND PROTECTIVE 

DEVICE DISCOUNTS TO MEASURE THE DIVERSION EFFECT  
 

The finding of a small net effect of burglar alarms on burglary rates in chapter three, 

along with the considerable evidence of deterrence described in chapter two, suggests that 

both diversion and deterrence may be present when homeowners employ observable private 

precaution.  However, the methodology of chapter three cannot discern a measure of the 

diversion effect alone.  The diversion effect associated with burglar alarms is notoriously 

difficult to measure separately from the deterrence effect for two reasons: first, measurement 

lacks a standardized method, and second, data on burglar alarm use by households are 

generally unavailable.  My purpose in this chapter is to develop a method for measuring the 

diversion effect associated with burglar alarms using a unique dataset from the homeowner’s 

insurance industry, where insurance companies offer discounts to their customers for 

installing burglar alarms. 

While the welfare of alarmed and non-alarmed homeowners is affected by burglar 

alarm use due to the deterrence and diversion effects, they are not the only parties affected.  

Homeowner’s insurance companies that provide insurance policies to alarmed and non-

alarmed homeowners are also affected.  If installing burglar alarms deters crime, companies 

insuring alarmed households experience a savings when protective devices lower the 

expected insured loss due to theft.  However, if burglar alarms divert crime to non-alarmed 

homes, homeowner’s insurance companies also incur a cost.  This cost increases as both the 

size of the diversion effect and the number of customers not engaging in observable private 
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precaution increase.  From a simple cost/benefit analysis, insurance companies should be 

willing to offer protective device discounts to their customers if the savings generated by the 

deterrence effect are greater than the costs generated by diversion.  It then follows that 

insurance companies with more non-alarmed policyholders face larger costs due to diversion, 

and therefore should offer lower protective device discounts.   

 

4.1 Theoretical Model 

The analysis of the diversion effect in this section exploits the relationship between a 

homeowner’s insurance company’s market share and the benefit it receives from a protective 

device discount.  I assume rationality on the part of both homeowners and insurance 

companies.  This assumption implies that homeowners derive utility from private protection 

and the savings generated from protective device discounts, and that insurance companies 

only offer discounts to customers when a net gain is possible.  The market for homeowner’s 

insurance is also assumed to consist of both alarmed and non-alarmed homeowners, with 

insurance companies offering coverage to both.  

 Due to the presence of the diversion and deterrence effects, the probabilities of 

burglary of alarmed and non-alarmed homeowners are affected when the total number of 

households installing burglar alarms in the market changes.  When one homeowner insured 

by insurance company j, for j=1, ……, N, engages in observable private precaution by 

installing a burglar alarm, insurance company j enjoys a savings.  Let PR1 be the probability 

that the alarmed homeowner is burgled, M1 the average insurance claim of the alarmed 

homeowner due to burglary, and ΔPR1 the change in the probability of burglary of the 
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alarmed homeowner due to the installation of a burglar alarm.  The savings to insurance 

company j is then the total change in the average insurance claim due to burglary that occurs 

because the alarmed homeowner engages in observable private precaution: 

∆PR1M1 < 0 , (8) 

where ∆PR1<0 and M1>0.  ∆PR1 is a measure of the deterrence effect, as observed private 

precaution decreases the probability that the alarmed homeowner is burgled.   

In addition to insuring the alarmed homeowner, insurance company j insures other 

homeowners who do not take private precautionary measures.  Crime may be diverted to 

these non-alarmed homeowners when the alarmed homeowner engages in private precaution.  

This imposes a cost on insurance company j.  Let PR2 represent the probability that non-

alarmed homeowners are burgled, M2 the average insurance claim of non-alarmed 

homeowners due to burglary, sj the portion of insurance company j’s market share not 

installing burglar alarms, and ΔPR2 the change in the probability of burglary of non-alarmed 

homeowners that occurs as a result of the alarmed homeowner installing a burglar alarm.  

The cost to insurance company j is then the total change in the average insurance claim of 

non-alarmed homeowners due to burglary that occurs because the alarmed homeowner 

engages in observable private precaution: 

sj∆PR2M2 > 0   , (9) 

where ∆PR2>0,  M2>0, and 1≥ sj ≥0.  ∆PR2 is a measure of the diversion effect, as observable 

private precaution taken by the alarmed homeowner increases the probability that non-

alarmed homeowners are burgled.   The net savings to insurance company j from the alarmed  

homeowner engaging in observable private precaution but inducing the diversion effect is: 
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net savings = ∆PR1M1 + sj∆PR2M2    . (10) 

Assuming that competition in the homeowner’s insurance industry leads to zero-profit 

equilibrium and the savings of insurance company j generated by the deterrence effect 

exceeds the cost imposed by the diversion effect, insurance company j passes its net savings 

off to the alarmed homeowner in the form of a discount, Dj: 

Dj = net savings = ∆PR1M1 + sj∆PR2M2    ,  (11) 

where Dj is the dollar value of the discount offered by insurance company j to alarmed 

customers for installing protective devices.  Since the discount is a function of ΔPR2, (11) 

can be used to estimate the diversion effect.  Suppose first that M=M1=M2, so that the 

average insurance claim due to burglary is the same for both alarmed and non-alarmed 

homeowners.  In this case, the discount offered by insurance company j to the alarmed 

homeowner is: 

Dj = (∆PR1+ sj∆PR2)M    .  (12) 

Dj is negative if |∆PR1| > sj∆PR2, which suggests that insurance company j offers a 

discount to the alarmed homeowner if the deterrence effect outweighs the diversion effect.  

Dj is zero if |∆PR1| = sj∆PR2, or if |∆PR1| < sj∆PR2, implying that insurance company j does 

not offer a discount to the alarmed homeowner if the costs from diversion are larger than or 

equal to the benefits of deterrence.  Although the discount would be positive if |∆PR1| < 

sj∆PR2, insurance companies are not observed to tax households for installing burglar alarms. 

Dividing both sides of (12) by M and taking the derivative with respect to sj yields 

ΔPR2, the diversion effect generated when the alarmed homeowner engages in private  

precaution: 
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∂(Dj/M)/∂sj = ΔPR2> 0    , (13) 

where ∂(Dj/M)/∂sj is the derivative of the dollar value of the protective device discount 

offered to the alarmed homeowner divided by the average insurance claim of all homeowners 

due to burglary, with respect to insurance company j’s share of the market not installing 

burglar alarms.   

Empirically, however, the average insurance claim due to burglary is not the same 

among alarmed and non-alarmed homeowners.  A survey of homeowners in Tredyffrin 

Township by Buck et al. in 1993 finds that the average insurance claim, net of deductible and 

conditional on burglary, is $775 for alarmed homeowners and $1,174 for non-alarmed 

homeowners (Blackstone and Hakim 1997).  These calculations are based on the number of 

alarmed and non-alarmed homes in Tredyffrin Township and the probability of burglary in 

each.  For the more realistic case where M1<M2, the diversion effect becomes: 

∂(Dj)/∂(sjM2) = ΔPR2> 0   . (14) 

The derivative in (14) reveals that in a regression of Dj on sjM2, the coefficient on 

sjM2 yields an estimate of the diversion effect associated with observable private 

precautionary measures.   

 

4.2 Empirical Specification and Data Sources 

 The empirical specification that I use to measure the diversion effect associated with 

burglar alarms according to (14) is: 

DISCOUNTij = α + δ SHAREij*LOSS + εij    ,   (15) 

where i indexes zip code and j represents the homeowner’s insurance company.  As diversion 
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is likely to occur over short distances (Bowers and Johnson 2003), the zip-code-level analysis 

of this chapter is an improvement over the county-level analysis of chapter three. 

In (15), DISCOUNT represents the dollar value of the protective device discount 

offered to the alarmed homeowner by insurance company j and α is the intercept.  

DISCOUNT is calculated as the product of the base premium charged and protective device 

discount offered by insurance company j.  LOSS is the average insurance claim of non-

alarmed homeowners due to burglary, which does not vary among homeowner’s insurance 

companies or zip codes due to data limitations explained later in this section.  LOSS is 

therefore not indexed by i or j in (15).  SHARE is the portion of insurance company j’s share 

of insured homeowners without burglar alarms.  ε is the error term.   

The parameter of interest is δ, which measures the diversion effect associated with 

burglar alarm use.  Unlike in the theoretical model, the diversion effect is expected to be 

negative in the empirical specification
15

.    A negative diversion effect suggests two things:  

first, insurance companies with larger market shares and therefore more non-alarmed 

customers offer smaller protective device discounts, and second, the probability of burglary 

of non-alarmed homeowners increases when the alarmed homeowner engages in private 

precaution.   

When divided by the average insurance claim of the alarmed homeowner due to 

burglary, α measures the deterrence effect associated with burglar alarm use.  The deterrence 

effect is expected to be positive.  Given the results indicating a small net effect of burglar 

                                                 
15

 The diversion effect is positive in section 4.1 because by definition, the dollar value of the discount is 

negative.  In the case of actual data, the discount is positive. 
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alarms on burglary rates in chapter three, the deterrence effect is also likely to be larger than 

the diversion effect. 

Data on DISCOUNT and SHARE are available at the zip-code level for homeowner’s 

insurance companies operating in the state of Illinois from the Illinois Department of 

Financial and Professional Regulation, Division of Insurance.  I rely on data from Illinois 

because the state is well-known for successfully deregulating insurance pricing.  That is, 

insurance companies are given a free hand in setting premiums.  Illinois insurance pricing 

has not been governed by insurance rating law since 1971.  Studies show that Illinois has 

more homeowner’s insurance companies competing for business than any other state 

(Whitman 1973).   

Although several different types of homeowner’s insurance coverage exist, including 

homeowner dwelling, homeowner contents, condominium, and renter, I rely solely on data 

relating to HO-3 insurance.  HO-3 is the most common type of homeowner’s insurance 

policy and is designed to cover all aspects of the home, structure, and contents.  By focusing 

only on HO-3 insurance policies and omitting the relevance of those policies that protect 

against the burglary of condominiums, apartments, and other housing structures, I assume 

that diversion occurs among homes only.  For example, I assume that when a burglar alarm 

deters a burglar from breaking into a home, it does not divert the burglar to a condominium 

or apartment.  Although this assumption is admittedly strong, it is consistent with the 

literature on the diversion effect discussed in chapter two.  This literature noted that diversion 

is likely to occur between structures that are similar in terms of external characteristics and 

income (Bowers and Johnson 2003).   
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Data on homeowner’s insurance company base premiums and protective device 

discounts were extracted from homeowner’s insurance company manuals maintained by the 

Illinois Department of Financial and Professional Regulation, Division of Insurance, in the 

summer of 2007.  Data were collected for 38 homeowner’s insurance companies operating in 

the state of Illinois.  The Division of Insurance does not maintain a database of homeowner’s 

insurance company premiums or protective device discounts.  Rather, when each company 

reports its premium and discount information to the state of Illinois, the Division of 

Insurance files this information in the company’s insurance manual.  Each time the insurance 

company makes changes to its premiums and protective device discounts, it must report them 

to the Division of Insurance. The Division of Insurance then updates the company’s 

insurance manual.  When I manually extracted premium and discount data from insurance 

company manuals in 2007, I only had access to each company’s most recently filed data.  

Historical data were not available, and the Division of Insurance could not estimate how 

frequently insurance companies update their premiums and discounts.   

Homeowner’s insurance company premiums are defined as annual base premiums, or 

the dollar price charged by homeowner’s insurance companies for their services before any 

discounts are applied for such factors as age of house, credit rating, having multiple policies, 

and protective device use.  For the majority of the 38 companies in the sample, premiums are 

based on $100,000 coverage and a $500 deductible
16

.  When assigning a base premium to 

                                                 
16

 I include dummy variables in (15) to identify those companies in the sample that either specified different 

coverage and/or deductible amounts, or did not specify coverage and/or deductible amounts.  The dummy 

categories included are whether homeowner’s insurance companies specify a deductible equal to or greater than 

$500, whether they specify a deductible less than $500, whether they specify a coverage amount equal to or 

greater than $100,000, and whether they specify a coverage amount less than $100,000.  The categories for not 

specifying deductible or coverage amounts are excluded.   

 

 



 57 

each zip code in Illinois, homeowner’s insurance companies first divide the state into 

territories. Each company defines these territories differently, but all territories are based on 

either county and/or zip-code boundaries.  Some companies further break each territory into 

protection classes
17

, which are used to set premiums based on the quality of fire protection.  

Each company assigns one base premium to each territory, or if it uses them, assigns one 

base premium to each protection class in the territory.  In order to obtain data on base 

premiums at the zip-code level, I match up each zip code in Illinois to a territory for each 

company without protection classes.  For each company with protection classes, I take the 

unweighted average of base premiums over protection classes
18

 in each territory so that each 

territory has only one associated base premium.  I then assign one base premium to each zip 

code in Illinois for these companies.  Since most companies differentiate base premiums by 

construction type
19

, I have separate data for frame and masonry homes.   

Protective device discounts are defined as the percentage discount offered for 

installing a burglar alarm.  Discount data were collected for central station reporting burglar 

alarms, police station connected burglar alarms, and local burglar alarms.  Central station 

reporting burglar alarm systems connect to a central station or responder with a direct phone 

wire.  Police station connected burglar alarms alert a local police station.  Local burglar 

alarms do not include any monitoring, but signal using indoor or outdoor sounders or lights.  

                                                 
17

 I include a dummy variable in (15) to identify those companies that define protection classes.   
18

 Given that protection classes are unrelated to the level of crime or quality of police protection in the 

community, this is a sound way of assigning one base premium to each territory.   
19

 Homeowner’s insurance companies likely assign separate premiums to frame and masonry homeowners 

because frame houses are more susceptible to fire damage.  I maintain differences in premiums for the two 

housing construction types in my dataset simply because that is the way data are presented in the manuals filed 

at the Illinois Department of Financial and Professional Regulation, Division of Insurance.   
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Protective device discounts vary only by company, and not by zip code or housing 

construction type. 

Data on total
20

 market shares of homeowner’s insurance companies by zip code were 

obtained directly from a database maintained by the Illinois Department of Financial and 

Professional Regulation, Division of Insurance.  Total market shares are based on company-

reported data on the total dollar value of HO-3 premiums collected from selling 

homeowner’s insurance policies.  I employ market share data from 2006, the most recent 

year in which data are available.  Since not all homeowner’s insurance companies operate in 

all Illinois zip codes, market share data are only available for the zip codes in which the 

companies operate, or for which the companies report a dollar value of collected premiums 

equal to zero.  Observations for which companies have negative market shares due to 

premium reversals are excluded from the sample
21

, since SHARE is assumed to be positive.   

Although SHARE is defined in (15) as insurance company j’s share of insured but 

non-alarmed homes, the market share data from the Illinois Department of Financial and 

Professional Regulation, Division of Insurance do not distinguish between premiums 

collected from alarmed and non-alarmed homeowners.  I therefore employ total market 

shares to represent SHARE in (15).  On average, this data adjustment does not affect my 

interpretation of the diversion effect in section 4.3.  That is, as long as homeowner’s 

insurance companies have equal shares of both alarmed and non-alarmed customers, ∆PR2 

represents the change in the probability of burglary of non-alarmed homeowners when the 

                                                 
20

 Total market shares include both alarmed and non-alarmed homeowners. 
21

 Excluded observations amount to 2.1% of the original sample.   
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alarmed homeowner installs an alarm.  Individually, however, insurance companies are not 

likely to have equal shares of alarmed and non-alarmed customers.  For these companies, 

measurement of the diversion effect in (15) misrepresents the true diversion effect.  

Specifically, for an individual homeowner’s insurance company with a larger share of non-

alarmed customers, (15) underestimates the true diversion effect.  

Finally, since data on LOSS are not available at company or zip-code levels, I 

measure this variable as $1,174, the average loss from burglary to non-alarmed homeowners 

in the aforementioned Tredyffrin Township study.  In calculating the deterrence effect using 

the intercept in (15), I measure the average insurance claim of the alarmed homeowner as 

$775, also from the Tredyffrin Township study.   

Table 4.1 provides summary statistics for the homeowner’s insurance industry, 

collected from the Illinois Department of Financial and Professional Regulation, Division of 

Insurance.  Data on DISCOUNT are specified according to home construction and burglar 

alarm types, as analysis is conducted separately for each.  

For both types of housing construction, summary statistics reveal that homeowners 

using central station reporting burglar alarms receive the largest DISCOUNT, while 

homeowners with local burglar alarms receive the smallest.  This is consistent with the 

evidence in chapter two that central station reporting burglar alarms are the most effective 

(from a burglar’s perspective).  As the minimum DISCOUNT is $0.00 for all housing 

construction and burglar alarm types, it is clear that some homeowner’s insurance companies 

do not offer protective device discounts.  Given that DISCOUNT is the product of percentage 

protective device discounts and base premiums, it is interesting to note the summary statistics 
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for these variables separately.  The average percentage protective device discount offered to 

alarmed homeowners, which does not vary by housing construction type, is 7.7%, 5.1%, and 

2.4% for central station reporting, police station connected, and local burglar alarms, 

respectively.  The average base premium is $726.21 for frame homeowners and $659.64 for 

masonry homeowners.  The higher base premium charged to frame homeowners is the likely 

explanation for why frame homeowners receive a higher DISCOUNT than masonry 

homeowners, for all burglar alarm types.  The large range in the summary statistics for 

SHARE indicates that the 38 insurance companies in the final sample vary in size.     

 

4.3 Results and Discussion 

The final sample used in estimation consists of zip-code level observations for 38 

homeowner’s insurance companies operating in a potential of 1,780 zip codes in the state of 

Illinois.  When pooled over all companies, the sample amounts to 23,732 observations.  An 

estimate of δ, which measures the diversion effect associated with burglar alarms, is obtained 

by estimating (15) via Ordinary Least Squares (OLS) estimation.   

Before estimating (15) using the pooled sample, I first determine whether it is 

necessary to use company-indicator variables.  Without company-indicator variables, 

estimation using the pooled sample of 23,732 observations yields one estimate of the 

diversion effect for the entire market and assumes that each homeowner’s insurance company 

faces the same diversion effect.  The use of company-indicator variables with the pooled 

sample measures a separate diversion effect for each company and allows for homeowner’s 

insurance companies to face different diversion effects.  In order to determine whether 
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company-indicator variables are suitable for my model, I first estimate (15) using company-

indicator variables.  I then employ a multiple hypotheses test (F-test) to measure the 

following for the diversion effect: 

H0:  δ1 = δ2 = …… = δj for j = 1, …, 38    , (16) 

and, for completeness, the following for the deterrence effect: 

H0:  α1 = α 2 = …… = αj for j = 1, …, 38   . (17) 

Table 4.2 provides the F-statistics for testing (16) and (17).  Based on a critical value 

of 1.83, results indicate a strong rejection of both hypotheses.  Relying on the conclusion that 

measuring a separate diversion effect for each homeowner’s insurance company is suitable 

for my purposes
22

, I then consider the reason why the 38 companies in my sample face 

different diversion effects.  The theoretical model of section 4.2 predicts that companies with 

different market shares face different diversion effects, but (15) already controls for this 

prediction.  An additional explanation for which I do not account in my theoretical model is 

that companies may face difficulty in appropriately setting protective device discounts 

because of the significant costs of measuring the diversion effect.  These costs may also vary 

by company, especially if companies vary in size
23

.  For example, a larger company that 

operates throughout the entire state of Illinois may find it too costly to measure the diversion 

effect in every zip code or county.  For this company, it may be more cost effective to set 

protective device discounts broadly or according to an average diversion effect across its 

markets, rather than based on the size of its diversion effect in each zip code or county.  

                                                 
22

 Given that I estimate (15) separately for each company, inclusion of dummy variables regarding protection 

classes and deductible and coverage amounts is no longer necessary, since variation only occurs between 

companies for these data. 
23

 Companies in this chapter’s sample do, in fact, vary in size.  See the wide range of SHARE in Table 4.1. 
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Alternatively, the larger company may incorporate the cost of estimating the diversion effect 

into the size of its protective device discount, or not offer one at all because the costs of 

measuring its diversion effect outweigh the benefits of offering a discount.    For this type of 

company, the diversion effect measured by (15) will misrepresent the true effect.  A smaller 

company, on the other hand, may face negligible costs in estimating its diversion effect and 

thus set its discounts deliberately.  For this company, (15) will more precisely measure 

diversion.  It is therefore possible that because not all homeowner’s insurance companies will 

find it worthwhile to accurately measure its diversion effect when setting protective device 

discounts, the diversion effects that I measure from (15) will vary by company.  The same 

argument applies to estimated deterrence effects. 

Another possible explanation is that while my estimation controls for company 

differences in zip-code market shares, it does not account for the size of relative market 

shares among nearby zip codes.  If diversion, in fact, occurs over short distances, as modeled 

in this paper and predicted by previous literature, then the size of the diversion effect faced 

by one company in one zip code heavily relies on the size of that company’s market shares in 

geographically-close zip codes.  Suppose insurance company j+1 and j have market shares of 

approximately the same size in zip code i.  When setting their protective device discounts in 

zip code i, both companies must consider how many of their non-alarmed customers will face 

diversion in nearby zip code i+1 when their discounts encourage burglar alarm installation in 

zip code i.  If insurance company j’s market share in zip code i+1 is smaller than the market 

share of insurance company j+1, insurance company j will face a smaller diversion effect 

than insurance company j+1.  It is therefore possible that company differences in relative 
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market shares explain the differences in diversion effects among the 38 homeowner’s 

insurance companies in my sample.  The argument here is that zip codes typically 

underestimate the appropriate size of the market in which diversion occurs.  As before, the 

same argument applies to estimated deterrence effects. 

After estimating company-individual diversion and deterrence effects, I analyze the 

estimates in order to ascertain a general pattern in terms of sign and significance among the 

38 homeowner’s insurance companies in my sample.  Table 4.3 details the percentage of 

companies in the sample that face a statistically significant and negative diversion effect, as 

predicted by the theoretical model in section 4.2, for all three types of burglar alarm systems 

and both frame and masonry homes.  More companies face a statistically significant and 

negative diversion effect when insuring masonry homeowners using central station reporting 

burglar alarm systems, than when insuring homeowners with any other housing construction 

or burglar alarm type.  For frame homeowners, approximately 63% of the companies in the 

sample face a negative diversion effect (ignoring significance) when customers use central 

station reporting burglar alarm systems.  This fraction is smaller when frame homeowners 

use police station connected and local burglar alarm systems.  The same pattern is apparent 

when homeowner’s insurance companies insure masonry homeowners.   

According to Table 4.3, some homeowner’s insurance companies in the sample face a 

diversion effect equal to zero.  This result is misleading because in order for companies not 

to face a diversion effect, all of their customers must be alarmed, which is highly unlikely.  In 

actuality, this result coincides with those homeowner’s insurance companies in the sample 

that do not offer a protective device discount.  As already described in this chapter, there are 
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several reasons why a company would choose not to offer a protective device discount.  As 

noted in section 4.1, companies may choose not to offer a discount if the costs they face from 

diversion are greater than or equal to the benefits they experience from deterrence.  Other 

companies may choose not to offer a discount because they face significant costs in 

measuring the diversion effect, as mentioned in this section.  Results in Table 4.3 also 

indicate that the decision not to offer a protective device discount is a function of the 

effectiveness of the burglar alarm system employed by homeowners, but not the type of 

housing construction.  Very few companies do not offer a protective device discount for 

central station reporting burglar alarms, which are considered the most effective at deterring 

burglaries. 

From Table 4.3, I discern the general pattern that, on average, homeowner’s insurance 

companies face a negative, but statistically insignificant, diversion effect.  This result is 

verified by the first two columns of Table 4.4 and Table 4.5.  Table 4.4 displays summary 

statistics for the average diversion effect for the 38 homeowner’s insurance companies in my 

sample, where company-individual diversion effects are averaged using state-wide company 

market shares as weights.  Data on state-wide company market shares are obtained from the 

Illinois Department of Financial and Professional Regulation, Division of Insurance.  

Although company-individual diversion effects are insignificant on average, results show 

that the average diversion effect, when calculated using the market-share weights, is 

statistically significant at the 5% level for most housing construction and burglar alarm 

system types.  The 95% confidence intervals in Table 4.4 strongly suggest that the average 

diversion effect is negative and statistically different from zero when companies insure 
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masonry houses with all burglar alarm types.  This result also holds when companies insure 

frame homeowners that use central station reporting burglar alarms.  For frame homeowners 

using central station reporting burglar alarms, a diversion effect equal to -0.00634 is 

interpreted as the increase in the probability of burglary of non-alarmed homeowners when 

the alarmed homeowner installs an alarm.  This is consistent with a 37% increase in the 

probability of burglary of non-alarmed homeowners
24

.    For frame homeowners, the 

percentage increase in the probability of burglary of non-alarmed homeowners is 

approximately 20% when using police station connected burglar alarms and 11% when using 

local burglar alarms.  For masonry homeowners, the percentage increase in the probability of 

burglary of non-alarmed homeowners is 48% when using central station reporting burglar 

alarms, 33% when using police station connected burglar alarms, and 17% when using local 

burglar alarms.  In addition, Table 4.4 shows that the size of the average diversion effect (in 

absolute value) decreases with the sophistication of the burglar alarm system.  If central 

station reporting burglar alarms are assumed to be the most effective in diverting crime 

because of their ability to deter, and local burglar alarms are the least effective because of 

their inability to deter, the difference in the effectiveness of alarms is apparent in Table 4.4. 

While the results of Table 4.4 suggest that a negative diversion effect is present with 

burglar alarm use, the results in Table 4.5 present a different story.  Table 4.5 displays 

summary statistics for the average diversion effect for the 38 homeowner’s insurance 

companies in my sample, where now company-individual diversion effects are averaged 

                                                 
24

 The percentage change in the probability of burglary is based on an initial probability of burglary equal to 

1.7% in the state of Illinois, calculated as the ratio of burglaries to households in 2006.  This calculation is 

independent of whether homeowners are alarmed or non-alarmed, as well as housing construction and burglar 

alarm types.   
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using an arithmetic mean.  When the average diversion effect is calculated in this manner, the 

average diversion effect is statistically insignificant for all housing construction and burglar 

alarm types, with the exception of police station connected burglar alarms for both housing 

construction types.  Only for the case of police station connected burglar alarm systems for 

all housing construction types does there exist strong evidence of a statistically significant 

and negative average diversion effect.  The results of Table 4.5 show the importance of 

taking into account the state-wide presence of each homeowner’s insurance company when 

looking at the Illinois market as a whole. 

I now turn to analysis of company-level deterrence effects, which I estimate for the 

38 homeowner’s insurance companies in my sample.  Table 4.6 reveals that although all 

homeowner’s insurance companies in my sample face a statistically insignificant deterrence 

effect, the effect is positive for all housing construction and burglar alarm types.  Table 4.7 

and Table 4.8 present summary statistics on the average deterrence effect, where the average 

is calculated as a weighted average and as an arithmetic mean in each respective table.  

Unlike the results on the average diversion effect, results on the sign and statistical 

significance of the average deterrence effect are the same, no matter how the average effect is 

calculated.  In both cases, company-individual deterrence effects are positive and 

insignificant, on average, for all housing construction and burglar alarm types.  However, the 

average deterrence effect is positive and statistically significant at the 5% level.  The 95% 

confidence intervals in Table 4.7 and Table 4.8 are strong evidence that the average 

deterrence effect is positive and statistically different from zero when companies insure both 

frame and masonry homeowners using all burglar alarm types.  Based on Table 4.7, the 
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 average deterrence effects for all housing construction and burglar alarm types are consistent 

with an enormous decrease in the probability of burglary of alarmed homeowners
25

 generally 

exceeding 100%.   

I conclude this section by analyzing the relative sizes of the estimated average 

diversion and deterrence effects.  This analysis is worthwhile because chapter three’s 

measurement of the net effect of burglar alarms on burglary rates shows that if the diversion 

effect is present, it is likely to be smaller than the deterrence effect.  Regardless of how the 

average diversion and deterrence effects are calculated, results show that the sizes of the 

average deterrence effects in Table 4.7 and Table 4.8 are larger (in absolute value) than the 

sizes of the average diversion effects in Table 4.4 and Table 4.5.  Deterrence also exceeds 

diversion in terms of the percentage change in the probability of burglary.  These finding are 

consistent with a small net effect of burglar alarms on burglary rates. 

 

4.4 Conclusion  

 Due to the lack of methodology and appropriate data, previous literature fails to 

provide a measure of the separate diversion effect associated with observable private 

precaution.  In this chapter, I overcome this challenge by developing a method for measuring 

the diversion effect associated with burglar alarm systems using data from the homeowner’s 

insurance industry.  The methodology measures the diversion effect using the relationship 

between homeowner’s insurance company market shares and protective device discounts.  In 

                                                 
25

 The percentage change in the probability of burglary is again based on an initial probability of burglary equal 

to 1.7% in Illinois in 2006.   
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this chapter, I find that while homeowner’s insurance companies face individual diversion 

effects that differ in sign and significance, the average diversion effect facing the entire 

market is negative and statistically different from zero, suggesting that burglaries are diverted 

to non-alarmed homes.  This finding holds when the average diversion effect is calculated as 

a weighted average using state-wide company market shares as weights.  Additionally, the 

average deterrence effect facing the market is positive and statistically significant, suggesting 

that alarms deter burglaries.  The average deterrence effect is also estimated to be larger than 

the average diversion effect.  The results of this chapter provide substantial evidence that the 

presence of the diversion effect cannot be ruled out when homeowners employ observable 

private precaution.  In addition, results are not only consistent with the finding of a small net 

effect of burglar alarms on burglary rates in chapter three, but also support the analysis of 

chapter five, which develops yet another method for measuring the diversion effect.   
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Table 4.1: Summary Statistics 

 

Variable Mean

Standard 

Deviation Minimum Maximum

Frame Housing

DISCOUNT: dollar value of discount offered to alarmed homeowners 

     Central Station Reporting Burglar Alarm 57.39 37.51 0.00 431.93

     Police Station Connected Burglar Alarm 38.48 41.96 0.00 431.93

     Local Burglar Alarm 18.40 16.39 0.00 163.85

Masonry Housing

DISCOUNT: dollar value of discount offered to alarmed homeowners 

     Central Station Reporting Burglar Alarm 51.99 33.53 0.00 388.75

     Police Station Connected Burglar Alarm 35.07 37.73 0.00 388.75

     Local Burglar Alarm 16.70 14.73 0.00 133.90

SHARE: homeowner's insurance company market  shares 0.025 0.060 0.00 1.00

Dummy Variables:

     Use of protection classes 0.53 0.50 0.00 1.00

     Deductible amount equal to or greater than $500 0.40 0.49 0.00 1.00

     Deductible amount less than $500 0.021 0.14 0.00 1.00

     Coverage amount equal to or greater than $100,000 0.74 0.44 0.00 1.00

     Coverage amount less than $100,000 0.015 0.12 0.00 1.00

No. of Observations 23,732

 
 

 

 

 

 

 

 

 

 

 

 

 

 



 70 

Table 4.2: F-Statistics for Multiple Hypotheses Tests 

 
Central Station 

Reporting Burglar 

Alarm

Police Station 

Connected 

Burglar Alarm

Local Burglar 

Alarm

Frame Housing

H0:  δ1 = δ2 = …… = δj for j = 1…38 3.54 6.02 4.63

H0:  α1 = α2 = …… = αj for j = 1…38 4.45 3.75 3.06

Masonry Housing

H0:  δ1 = δ2 = …… = δj for j = 1…38 3.54 6.10 4.78

H0:  α1 = α2 = …… = αj for j = 1…38 3.91 3.20 2.62

*Results are for 37 numerator degrees of freedom and 23,656 denominator degrees of freedom.  
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Table 4.3: Sign and Significance of Individual Company Diversion Effects  

 
Central Station 

Reporting Burglar 

Alarm

Police Station 

Connected 

Burglar Alarm

Local Burglar 

Alarm

Frame Housing

% of companies for which the diversion effect is significantly positive 7.89% 5.26% 7.89%

% of companies for which the diversion effect is significantly negative 21.05% 10.53% 21.05%

% of companies for which the diversion effect is insignificantly positive 26.32% 15.79% 21.05%

% of companies for which the diversion effect is insignificantly negative 42.11% 42.11% 36.84%

% of companies for which the diversion effect is zero 2.63% 26.32% 13.16%

100.00% 100.00% 100.00%

Masonry Housing

% of companies for which the diversion effect is significantly positive 5.26% 2.63% 5.26%

% of companies for which the diversion effect is significantly negative 44.74% 10.53% 18.42%

% of companies for which the diversion effect is insignificantly positive 26.32% 15.79% 21.05%

% of companies for which the diversion effect is insignificantly negative 21.05% 44.74% 42.11%

% of companies for which the diversion effect is zero 2.63% 26.32% 13.16%

100.00% 100.00% 100.00%
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Table 4.4: Average Diversion Effect Calculated as Weighted Average 

 

Average Diversion 

Effect

Average T-

Statistic

T-Statistic of Average 

Diversion Effect

Standard Error 

of Average 

Diversion Effect

Frame Housing Lower Upper

Central Station Reporting Burglar Alarm -0.0063 -0.57 -2.37 0.0027 -0.012 -0.0011

Police Station Connected Burglar Alarm -0.0034 -0.25 -1.50 0.0023 -0.0079 0.0011

Local Burglar Alarm -0.0018 -0.41 -1.89 0.00097 -0.0037 0.000063

Masonry Housing

Central Station Reporting Burglar Alarm -0.0082 -0.90 -3.43 0.0024 -0.013 -0.0035

Police Station Connected Burglar Alarm -0.0056 -0.59 -2.72 0.0021 -0.0096 -0.0016

Local Burglar Alarm -0.0029 -0.74 -3.35 0.00086 -0.0046 -0.0012

95% Confidence Interval

*Average diversion effects and t-statistics are calculated using state-wide company market shares as weights.  Results include companies that offer 0% 

protective device discounts.  
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Table 4.5: Average Diversion Effect Calculated as Arithmetic Mean 

 

Average Diversion 

Effect

Average T-

Statistic

T-Statistic of Average 

Diversion Effect

Standard Error 

of Average 

Diversion Effect

Frame Housing Lower Upper

Central Station Reporting Burglar Alarm -0.0055 -0.67 -0.36 0.015 -0.035 0.024

Police Station Connected Burglar Alarm -0.033 -0.81 -2.58 0.013 -0.059 -0.0080

Local Burglar Alarm -0.0053 -0.65 -0.97 0.0055 -0.016 0.0054

Masonry Housing

Central Station Reporting Burglar Alarm -0.0092 -0.69 -0.67 0.014 -0.036 0.018

Police Station Connected Burglar Alarm -0.030 -0.84 -2.60 0.012 -0.053 -0.0075

Local Burglar Alarm -0.0057 -0.67 -1.17 0.0049 -0.015 0.0039

95% Confidence Interval

*Average diversion effects and average t-statistics are calculated as arithmetic means.  Results include companies that offer 0% protective device discounts.  
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Table 4.6: Sign and Significance of Individual Company Deterrence Effects  

 
Central Station 

Reporting Burglar 

Alarm

Police Station 

Connected 

Burglar Alarm

Local Burglar 

Alarm

Frame Housing

% of companies for which the deterrence effect is significantly positive 0.00% 0.00% 0.00%

% of companies for which the deterrence effect is significantly negative 0.00% 0.00% 0.00%

% of companies for which the deterrence effect is insignificantly positive 100.00% 100.00% 100.00%

% of companies for which the deterrence effect is insignificantly negative 0.00% 0.00% 0.00%

100.00% 100.00% 100.00%

Masonry Housing

% of companies for which the deterrence effect is significantly positive 0.00% 0.00% 0.00%

% of companies for which the deterrence effect is significantly negative 0.00% 0.00% 0.00%

% of companies for which the deterrence effect is insignificantly positive 100.00% 100.00% 100.00%

% of companies for which the deterrence effect is insignificantly negative 0.00% 0.00% 0.00%

100.00% 100.00% 100.00%
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Table 4.7: Average Deterrence Effect Calculated as Weighted Average 

 

Average 

Deterrence 

Effect

Average T-

Statistic 

T-Statistic of Average 

Deterrence Effect

Standard Error of 

Average 

Deterrence Effect

Frame Housing Lower Upper

Central Station Reporting Burglar Alarm 0.10 0.16 10.25 0.0098 0.081 0.12

Police Station Connected Burglar Alarm 0.088 0.14 10.54 0.0084 0.072 0.10

Local Burglar Alarm 0.044 0.15 12.60 0.0035 0.038 0.051

Masonry Housing

Central Station Reporting Burglar Alarm 0.090 0.16 10.24 0.0088 0.072 0.11

Police Station Connected Burglar Alarm 0.079 0.14 10.50 0.0075 0.064 0.093

Local Burglar Alarm 0.040 0.15 12.38 0.0032 0.033 0.046

95% Confidence 

Interval

*Average deterrence effects and t-statistics are caluclated using state-wide company market shares as weights.  Results include companies that offer 0% 

protective device discounts.  
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Table 4.8: Average Deterrence Effect Calculated as Arithmetic Mean 

 
Average 

Deterrence 

Effect

Average T-

Statistic 

T-Statistic of Average 

Deterrence Effect

Standard Error of 

Average Deterrence 

Effect

Frame Housing Lower Upper

Central Station Reporting Burglar Alarm 0.074 0.16 15.54 0.0047 0.064 0.083

Police Station Connected Burglar Alarm 0.048 0.17 11.85 0.0041 0.040 0.056

Local Burglar Alarm 0.023 0.16 13.59 0.0017 0.020 0.027

Masonry Housing

Central Station Reporting Burglar Alarm 0.067 0.16 15.67 0.0043 0.058 0.075

Police Station Connected Burglar Alarm 0.044 0.17 12.10 0.0036 0.037 0.051

Local Burglar Alarm 0.021 0.16 13.86 0.0015 0.018 0.024

95% Confidence 

Interval

*Average deterrence effects and average t-statistics are calculated as arithmetic means.  Results include companies that offer 0% protective device 

discounts.  
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CHAPTER 5 

 

ESTIMATING THE DIVERSION EFFECT USING THE PROBABILITY 

OF BURGLARY OF NON-ALARMED HOMEOWNERS 
 

In one of the most influential papers of the empirical Industrial Organization 

literature, Berry, Levinsohn, and Pakes (1995) present a procedure for estimating supply and 

demand parameters in an oligopolistic, differentiated product setting.  The authors use only 

widely-available, product-level, aggregate data, rather than data at the consumer level, to 

analyze equilibrium in the U.S. automobile industry.  Their general approach is to posit a 

distribution of consumer preferences over products, and then to explicitly aggregate these 

preferences into a market-level demand system in order to generate equilibrium prices and 

quantities.   

My purpose in this chapter is to present another method for measuring the diversion 

effect associated with observable private precaution that is separate from the deterrence 

effect.  This method, which is loosely based on the work of Berry, Levinsohn, and Pakes, 

involves a structural model of equilibrium in an oligopolistic setting.  I then test this method 

empirically using the homeowner’s insurance data introduced in chapter four.  The benefit of 

using an approach similar to that of Berry, Levinsohn, and Pakes to measure the diversion 

effect is that it does not require data on individual homeowners, and actually estimates the 

alarmed and non-alarmed portions of the market.  Although anecdotal evidence of the 

percentage of homeowners who install burglar alarms is generally available, actual data are 

rarely observed.  Oligopolistic competition may also be a more reasonable assumption for the 

homeowner’s insurance industry in the state of Illinois, compared to the perfectly 
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competitive setting of chapter four.  Although Illinois has been described as a “competition 

state,” more than half of the state’s homeowner’s insurance industry consists of just five 

large companies
26

.    

Previous literature suggests that protective device discounts are only effective in 

encouraging alarm installation if alarmed homeowners are aware of them and take them into 

account when purchasing an alarm system (Blackstone and Hakim 1997).  The empirical 

methodology of this section assumes that homeowners derive utility from private precaution 

and the savings generated from protective device discounts.  Insurance companies are also 

assumed to only offer protective device discounts to their customers when a net gain is 

possible.  That is, homeowner’s insurance companies offer protective device discounts when 

it is cost-effective in the sense that the amount sacrificed by offering discounts is less than 

the savings on claims from burglaries prevented by burglar alarms. 

 

5.1: The Demand Side 

In this section, I use mean utility levels of both alarmed and non-alarmed 

homeowners to define demand-side parameters.  I then use these parameters to calculate 

market shares, which are a function of the decision of homeowners to purchase insurance and 

install burglar alarms.     

On the demand side of the market, homeowners gain utility from both installing 

burglar alarms and purchasing insurance from a specific homeowner’s insurance company.  

Homeowners install the type of alarm and purchase homeowner’s insurance from the 

                                                 
26

 This finding is based on state-wide market shares calculated according to the value of premiums collected by 

homeowner’s insurance companies. 
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company that yields the highest utility.  Define N as the number of homeowner’s insurance 

companies operating in the market.  The utility specification for homeowners insuring with 

insurance company j and installing burglar alarms is:   

U
1

j  = Xj γ + δ – ε p
1

j + ε
1

j, for j= 1, ………, N   .  (18) 

Xj is a vector of product (insurance company) characteristics, including a constant, δ 

represents the net benefit of installing burglar alarms and is assumed to be positive and 

constant among alarmed homeowners, p
1

j is the price charged by insurance company j, which 

is discounted because homeowners install burglar alarms, and ε
1

j  is a disturbance term that is 

identically and independently distributed with extreme value distribution over homeowners 

and insurance company j.  γ and ε are the marginal utility of product characteristics and 

price, respectively.  Note that unlike Berry, Levinsohn, and Pakes, γ and ε are assumed to be 

the same for all homeowners. 

Homeowners decide not to install burglar alarms and insure with homeowner’s 

insurance company j if doing so yields the highest utility.  The utility specification for 

homeowners insuring with insurance company j but not installing burglar alarms is: 

U
2

j  = Xj γ – ε p
2

j + ε
2

j, for j= 1, ………, N .    (19) 

In (19), Xj, γ and ε are defined as before.  p
2

j is the price charged by insurance 

company j, which is not discounted because homeowners do not install burglar alarms, and 

ε
2

j is a disturbance term that is identically and independently distributed over homeowners 

and insurance company j.  Note that since non-alarmed homeowners do not receive a 

protective device discount, p
2

j>p
1

j, unless the homeowner’s insurance company chooses not 

to offer a discount to customers installing burglar alarms. 
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Albeit a small portion, not all of the market purchases homeowner’s insurance.  

Define the “outside good” as the option not to purchase homeowner’s insurance.  What 

distinguishes the “outside good” from the option that homeowners have to purchase 

insurance is that the price of the “outside good” is not set in response to the price of the 

“inside good.”  The “inside good” is the option to purchase homeowner’s insurance.  The 

utility specification for homeowners not purchasing homeowner’s insurance but installing 

burglar alarms is: 

U
1

0 = δ + ε
1

0   .    (20) 

The utility specification for homeowners not purchasing insurance or installing 

burglar alarms is: 

U
2

0 = ε
2
0   .   (21) 

 For use in defining market shares, denote the mean utility level of homeowners 

insuring with company j and installing burglar alarms as: 

δ
1

j = Xj γ + δ – ε p
1

j  , for j = 1, …, N    ,    (22) 

the mean utility level of homeowners insuring with company j and not installing burglar 

alarms as: 

δ
2

j = Xj γ – ε p
2

j , for j = 1, …, N     ,     (23) 

the mean utility level of homeowners not purchasing homeowner’s insurance but installing 

burglar alarms as: 

δ
1

0 = δ    ,     (24) 

and the mean utility level of homeowners not purchasing homeowner’s insurance or 
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installing burglar alarms as: 

δ
2

0= 0    .     (25) 

Now consider the following definitions of market shares, for j = 1, …, N: 

s
1

j = fraction of the market insuring with insurance company j and installing burglar alarms, 

  

s
2

j = fraction of the market insuring with insurance company j and not installing burglar 

alarms
27

 , 

 

and for j=0: 

 

s
1

0 = fraction of the market not purchasing homeowner’s insurance but installing burglar 

alarms, 

 

s
2

0 = fraction of the market not purchasing homeowner’s insurance or installing burglar 

alarms.   

 

Since insurance company j’s customers are either alarmed or non-alarmed, the total 

market share of insurance company j is defined as: 

s
m

j = s
1

j + s
2
j .    (26) 

The total share of the market installing burglar alarms is: 

s
1
 = 



N

j 0

s
1

j   ,   (27) 

and the total share of the market not installing burglar alarms is: 

s
2
 = 



N

j 0

s
2

j   .    (28) 

Since ε
1

j and ε
2
j are identically and independently distributed with extreme value 

distribution and drawn from the same density, only the mean utility levels, δ
1

j and δ
2
j, 

differentiate homeowner’s insurance companies (Berry 1994).  As a result, all properties of 

                                                 
27

 Note that this variable is denoted as sj in chapter four. 

 

 

 



 82 

market demand, including market shares, are determined solely by δ
1

j and δ
2

j.  Assuming that 

homeowners purchase insurance from just one company and employ the combination of 

homeowner’s insurance and burglar alarm installation that generates the highest utility, 

market shares defined in terms of mean utility levels are:  

s
1

j =exp(δ
1

j)/ (


N

j 0

exp(δ
1

j) + 


N

j 0

exp(δ
2

j)), for j = 1, …, N       (29) 

and  

s
2

j = exp(δ
2

j)/ (


N

j 0

exp(δ
1

j) + 


N

j 0

exp(δ
2

j)) , for j = 1, ……, N  .       (30) 

For the fraction of the market not purchasing homeowner’s insurance or installing 

burglar alarms, for which mean utility is zero, the market share is: 

s
2

0 = 1
  
/ (



N

j 0

exp(δ
1

j) + 


N

j 0

exp(δ
2

j
 
))  . (31) 

Given that alarmed and non-alarmed portions of market shares are defined in terms of 

mean utility and are functions of γ, δ, and ε, it is now possible to generate estimates of 

demand-side parameters.  If data were readily available on s
1

j and s
2
j, non-linear least squares 

analysis could be used to obtain estimates of γ, δ, and ε directly from (29) and (30).  

However, as described in chapter four, s
1

j and s
2

j are not observable.  I therefore estimate γ, δ, 

and ε using data on total market shares, s
m

j, and, in turn, use those estimates to compute s
1

j 

and s
2

j. 

Recall that s
m

j is defined by (26).  Given that s
1

j and s
2

j are also defined by (29) and 
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(30), s
m

j for j = 1, ……, N is: 

s
m

j = (exp(δ
1

j) + exp(δ
2

j)) / (


N

j 0

exp(δ
1

j) + 


N

j 0

exp(δ
2

j))   .      (32) 

Dividing (32) by s
m

0, which is a function of the market share of the “outside good,” 

and assuming s
m

j/s
m

0 is observed with error: 

(s
m

j/s
m

0)= (exp(δ
1

j) + exp(δ
2

j))/ (exp(δ
1

0) + exp(δ
2

0))    

                                  = (exp(Xj γ + δ – ε p
1

j)  + exp(Xj γ – ε p
2

j))/ (exp(δ) + 1)  ,   (33) 

I estimate γ, δ, and ε using non-linear least squares estimation
28

: 

min 


N

j 1

[ (s
m

j/s
m

0) –((exp(Xj γ + δ – ε p
1

j)  + exp(Xj γ – ε p
2
j))/ (exp(δ) + 1))]

2    
,  (34) 

where Xj, p
1

j, p
2

j, s
m

j, and s
m

0 are observed in the data.  Substituting estimates of γ, δ, and ε 

into (29) and (30), I calculate s
1

j and s
2
j.  Based on (27) and (28), s

1
 and s

2
 are also computed.   

 

5.2: The Supply Side 

In this section, I assume that homeowner’s insurance companies maximize profit with 

respect to the prices and protective device discounts they offer.  Since these companies incur 

a cost when crime is diverted to their non-alarmed customers, then when they maximize 

profit, they must consider how the probability of burglary of their customers changes with 

the fraction of the total market installing burglar alarms.  I therefore define the profit of 

homeowner’s insurance companies as a function of the probability of burglary, which, in 

                                                 
28

 Endogeniety of price was addressed by Berry, Levinsohn, and Pakes (1995) in their analysis of the 

automobile industry because consumer utility was a function of unobserved product characteristics, which were 

correlated with the product’s price.  Here, δ is uncorrelated with insurance policy prices, so endogeneity is not 

considered.   
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turn, is a function of the fraction of the market installing burglar alarms, s
1
.  I estimate 

supply-side parameters from homeowner’s insurance companies’ first order conditions using 

Generalized Method of Moments (GMM) estimation, and use them to compute the 

probability of burglary of both alarmed and non-alarmed homeowners when some 

homeowners install burglar alarms.   

On the supply side of the market, the N homeowner’s insurance companies operating 

in the market are assumed to be price setters, competing in a Bertrand fashion.  Each 

company generates revenue by selling homeowner’s insurance policies at different prices, 

offering a protective device discount to homeowners installing burglar alarms.  Homeowner’s 

insurance companies incur a marginal cost of production, as well as an additional cost when 

their customers are burgled.  The expected cost of burglary depends on the probability of 

burglary and the value of the property stolen.  Define the profit of homeowner’s insurance 

company j as: 

Пj = (p
1

j – c
1

j)s
1

j + (p
2

j – c
2

j)s
2

j – PR
1
M

1
s

1
j – PR

2
M

2
s

2
j    .  (35) 

p
1

j, s
1

j, p
2

j, and s
2

j are defined as before.  c
1

j is the marginal cost of production that 

homeowner’s insurance company j incurs when insuring alarmed homeowners, c
2

j is the 

marginal cost of production that homeowner’s insurance company j incurs when insuring 

non-alarmed homeowners, M
1
 is the average insurance claim of alarmed homeowners due to 

burglary, and M
2
 is the average insurance claim of non-alarmed homeowners due to burglary.  

PR
1
 is the probability of burglary of alarmed homeowners when some homeowners in the 

market install burglar alarms, specified as: 

PR
1
 = (exp(α0 + α s

1
(p))) / (1 + exp(α0 + α s

1
(p)))   .     (36) 
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To incorporate the presence of the diversion effect, PR
1
 is a function of the total share 

of the market installing burglar alarms, s
1
.  s

1
 is a function of all prices, p, since firms 

compete on price.  Since the deterrence effect is defined as the decrease in the probability of 

burglary of alarmed homeowners when they install burglar alarms, α is assumed to be 

negative.   

In a similar fashion, PR
2

 is the probability of burglary of non-alarmed homeowners 

when some homeowners in the market install burglar alarms, specified as: 

PR
2
 =   (exp(β0 + β s

1
(p))) / (1 + exp(β0 + β s

1
(p)))   .      (37) 

Since the diversion effect is associated with an increase in the probability of burglary 

of non-alarmed homeowners when burglar alarm use increases, β is assumed to be positive.   

Maximizing (35) with respect to both p
1

j and p
2
j and assuming p

1
j and p

2
j are observed 

with error, homeowner’s insurance company j’s first order conditions are: 

p
1

j ={(1/ε)/(1-s
1

j)} + {((p
2

j – c
2

j)s
2

j)/(1-s
1

j)} + {(M
1
PR

1
[(1-s

1
j) + (1-PR

1
)α (1-s

1
)s

1
j])/(1-s

1
j)} – 

{(M
2
PR

2
[s

2
j – s

2
j(1-PR

2
)β (1-s

1
)])/(1-s

1
j)} + c

1
j   (38) 

and  

p
2

j = {(1/ε)/(1-s
2

j)} + {((p
1

j – c
1

j)s
1

j)/(1-s
2

j)} + {(M
2
PR

2
[(1-s

2
j) – s

2
j(1-PR

2
)β s

1
])/(1-s

2
j)} - 

{(M
1
PR

1
[s

1
j + s

1
j(1-PR

1
)α s

1
])/(1-s

2
j)} + c

2
j  . (39) 

The derivations of (38) and (39) are detailed in the appendix.  Since data on marginal 

cost are unavailable, I assume c
1

j is specified as:  

 c
1

j = Xj ζ + e
1

j    ,     (40) 

where Xj is the same vector of eight homeowner’s insurance company characteristics 
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(including a constant) used in demand-side estimation in section 5.1.  c
2

j is specified as: 

 c
2

j = Xj ζ + e
2

j    .  (41) 

Substituting the demand-side estimate of ε, computations of s
1

j, s
1
, s

2
j, and s

2
, c

1
j and 

c
2

j from (40) and (41), PR
1
 and PR

2
 from (36) and (37), and data on p

1
j, p

2
j, M

1
, and M

2
  into 

(38) and (39), I obtain supply-side estimates of ζ, α0, α, β0, and β using GMM analysis.  

Given that ζ consists of eight elements, at least 12 moment conditions are required for GMM 

estimation.  With two first order conditions given by (38) and (39) and eight exogenous 

variables in Xj, I easily meet this requirement with 16 moment conditions.  The 16 moment 

conditions are defined by: 

E(Xj’ ej) = 0   ,      (42) 

where the first eight elements of Xj’ ej are Xj’ e
1

j and the last eight elements of Xj’ ej are     

Xj’ e
2

j. 

Define L as the total number of observations in the sample.  The objective function I 

use in GMM estimation is:  

1 1
{( ) ' }' {( ) ' }j j j jX e I X e

L L
  ,  (43) 

where I is an identity matrix that serves as the weighting matrix. 

Substituting supply-side estimates of ζ, α0, α, β0, and β into (36) and (37), I compute 

PR
1
 and PR

2
, the probabilities of burglary of alarmed and non-alarmed homeowners, 

respectively, when some homeowners install burglar alarms.   
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5.3: Calculating the Diversion Effect 

Sections 5.1 and 5.2 describe the first stages of measuring the diversion effect 

associated with observable private precaution by computing the probability of burglary of 

non-alarmed homeowners when some homeowners make the decision to install burglar 

alarms.   The final stage compares this calculation to the probability of burglary of non-

alarmed homeowners when homeowners collectively decide not to install burglar alarms, 

which I compute in this section.  The difference in these probabilities measures the change in 

the probability of burglary of non-alarmed homeowners due to an increase in burglar alarm 

use, or the diversion effect. 

Consider the case if all homeowners are non-alarmed.  Using similar notation as the 

first scenario when some homeowners install burglar alarms, I now redefine the probabilities 

of burglary described in section 5.2. 

The probability of burglary of non-alarmed homeowners is no longer a function of s
1
, 

given that the homogeneous decision of all homeowners not to install burglar alarms 

eliminates the diversion effect.  Since s
1
=0, the probability of burglary of non-alarmed 

homeowners who are also non-alarmed in sections 5.1 and 5.2 is: 

PR
N
 = (exp(β0)) / (1 + exp(β0))  . (44) 

The probability of burglary of non-alarmed homeowners who are alarmed in sections 

5.1 and 5.2 is: 

PR
A
 = (exp(α0)) / (1 + exp(α0))  . (45) 

As the method of Berry, Levinsohn, and Pakes is structural in nature, I use the 

estimates of β0 and α0, generated from GMM estimation of (38) and (39), to calculate PR
N
, as 
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defined by (44), and PR
A
, defined by (45).  The diversion effect is estimated as the difference 

between the probability of burglary of non-alarmed homeowners when some homeowners 

install burglar alarms, PR
2
, and the probability of burglary of those same homeowners when 

all homes are non-alarmed, PR
N
: 

DIV = PR
2
 - PR

N
   .  (46) 

The diversion effect, DIV, is expected to be positive.  A positive diversion effect 

suggests that the probability of burglary of non-alarmed homeowners increases with the use 

of observable protective devices by surrounding homeowners. 

The deterrence effect is estimated as the difference between the probability of 

burglary of alarmed homeowners when some homeowners install burglar alarms, PR
1
, and 

the probability of burglary of those same homeowners when all homes are non-alarmed, PR
A
: 

DET = PR
1
 – PR

A   
.  (47) 

The deterrence effect, DET, is expected to be negative.  A negative deterrence effect 

suggests that the probability of burglary of alarmed homeowners decreases with the use of 

observable protective devices. 

 

5.4:  Data Sources 

To empirically investigate the method for measuring the diversion effect described in 

sections 5.1-5.3, I use the data from the Illinois Department of Financial and Professional 

Regulation, Division of Insurance employed in chapter four.  I define the market at the zip-

code level in order to capture diversion within short distances.   

On both the demand and supply sides of the market, the price charged by  
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homeowner’s insurance company j to alarmed homeowners, p
1

j, is defined as insurance 

company j’s base premium, discounted by the protective device discount.  Because 

homeowner’s insurance companies offer different premiums to frame and masonry 

homeowners, as well as different protective device discounts depending on the burglar alarm 

type, p
1

j varies by homeowner’s insurance company, zip code, type of housing construction, 

and protective device discount.  The price charged to non-alarmed homeowners, p
2

j, is 

defined as insurance company j’s base premium before any discounts are applied.  Since p
2

j is 

not associated with any protective device discount, p
2

j varies only by homeowner’s insurance 

company, zip code, and type of housing construction.  I measure the diversion effect 

separately for each type of burglar alarm and housing construction, as in chapter four.   

The market share of homeowner’s insurance company j, s
m

j, is defined as the total 

market, or zip code, share of homeowner’s insurance company j.  I obtain data on s
m

j from 

the Illinois Department of Financial and Professional Regulation, Division of Insurance, 

which provided the total dollar value of homeowner’s insurance premiums collected by 

homeowner’s insurance company j in each zip code.  Data on s
m

0, the share of the market not 

purchasing homeowner’s insurance, are not available from the Illinois Department of 

Financial and Professional Regulation, Division of Insurance.  Because data on s
m

0 are not 

available but required for estimation of the diversion effect, I proxy s
m

0 using data from the 

2000 U.S. Census on the number of occupied housing units in Illinois and the average 

premium charged by the 38 homeowner’s insurance companies in my sample.  This proxy 

also affects the way s
m

j is represented in the data.  First, I sum the actual total value of 

premiums collected by each homeowner’s insurance company in each zip code in order to 
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obtain the actual total value of premiums collected by all homeowner’s insurance companies 

in each zip code.  I then calculate the theoretical total value of premiums collected by all 

homeowner’s insurance companies if all frame homeowners purchased insurance by 

multiplying the average frame premium of the 38 homeowner’s insurance companies in my 

sample by the total number of housing units in each zip code.  I do the same for masonry 

homeowners.  Data on the total number of housing units by zip code are collected from the 

2000 U.S. Census
29

.  I then calculate the total value of premiums lost in each zip code from 

homeowners not purchasing homeowner’s insurance by subtracting the actual total value of 

premiums collected from the theoretical total value of premiums collected if all homeowners 

purchased insurance.  I do this separately for each housing construction type.   After omitting 

from the sample those observations for which this difference is negative, I calculate s
m

j for all 

j by dividing the actual total value of premiums collected by homeowner’s insurance 

company j in each zip code by the theoretical total value of premiums collected by all 

homeowner’s insurance companies if all homeowners purchased insurance in each zip code.  

Finally, I calculate s
m

0 by dividing the value of premiums lost from homeowners not 

purchasing homeowner’s insurance in each zip code by the theoretical total value of 

premiums collected by homeowner’s insurance companies if all homeowners purchased 

insurance in each zip code.   

Based on these calculations, s
m

j and s
m

0 both vary by housing construction type.   s
m

j 

and s
m

0 also sum to one in each zip code.  Due to the fact that data on s
m

0 are not observable 

and proxied using the aforementioned technique, s
m

0 represents not only the share of the 

                                                 
29

 Those zip codes for which this information is not available are omitted from the sample. 
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market not purchasing homeowner’s insurance, but also the share of the market insuring with 

a homeowner’s insurance company not represented in the sample
30

.   

Data on homeowner’s insurance company characteristics, which are used to define 

both the utility of homeowners and the marginal cost of homeowner’s insurance companies, 

are denoted by the vector Xj.  These data are available from the information that I manually 

extracted from each homeowner’s insurance company’s manual on file at the Illinois 

Department of Financial and Professional Regulation, Division of Insurance.  The vector Xj 

includes dummy variables for the following characteristics:  if the homeowner’s insurance 

company sets its premiums according to protection class, bases its polices on a coverage 

amount less than $100,000 or does not specify an amount, bases its policies on a deductible 

amount less than $500 or does not specify an amount, offers a multi-policy discount to 

customers purchasing more than one insurance policy, and is domiciled in the state of 

Illinois.  It is important to note that data for these characteristics are based solely on the 

information I obtained from the filed manuals at the Illinois Department of Financial and 

Professional Regulation, Division of Insurance.  If information on a given homeowner’s 

insurance company was missing from these manuals, I did not have access to it.  As a result, 

when companies are presented as not specifying deductible or coverage amounts, it may 

actually mean that the company specifies this information elsewhere.   

Finally, I use the statistics on the average loss from burglary from the Tredyffrin 

Township study mentioned in chapter four as data for M
1
 and M

2
, the average insurance 
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claims of alarmed and non-alarmed homeowners, respectively, due to burglary.  As before, 

these statistics do not vary by homeowner’s insurance company or zip code, due to data 

limitations.   

 

5.5: Results and Discussion  

 The final dataset used in measurement of the diversion effect associated with burglar 

alarm use consists of a pooled sample of 17,949 observations at the zip-code level for 38 

homeowner’s insurance companies operating in the state of Illinois at the time of data 

collection in the summer of 2007.  Table 5.1 presents summary statistics for data related to 

frame housing that I use for initial, demand-side estimation.  Table 5.2 presents the same 

summary statistics for data related to masonry housing.  For both types of housing structures, 

it is immediately clear that s
m

0, the variable representing the fraction of the market not 

purchasing homeowner’s insurance, is quite large.  This is an unusual finding, as it is not 

realistic for 85% of the market, on average, not to purchase homeowner’s insurance.  This is 

especially true because most mortgages require that homeowners purchase insurance.  

However, recall that data are not available on the fraction of the market not purchasing 

homeowner’s insurance.  Because of the way I estimated s
m

0, as described in section 5.4, s
m

0 

not only represents non-insured homeowners, but also those homeowners who insure with 

companies that do not appear in my sample.  Given that the 38 homeowner’s insurance 

companies in the sample make up approximately 30% of the state-wide market, the finding 

of a large s
m

0 in Table 5.1 and Table 5.2 is understandable. 

 For both types of housing construction, summary statistics additionally reveal that the 
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average homeowner’s insurance company in the sample offers the largest discount for central 

station reporting burglar alarms. Non-alarmed customers pay the highest prices for their 

insurance policies
31

.  In comparing the two housing construction types, frame homeowners 

pay higher prices for homeowner’s insurance than masonry homeowners. 

 Recall that data on the dummy variables used as homeowner’s insurance company 

characteristics were limited, so that companies in my sample not offering standard deductible 

or coverage amounts may actually be misrepresented.  As a result, little interpretation comes 

from the summary statistics for these variables or from their role in measurement of the 

diversion effect.  However, it is interesting to note that more than half of the homeowner’s 

insurance companies in the sample set their premiums using protection classes and offer a 

multi-policy discount.   

Table 5.3 includes demand-side parameter estimates obtained using non-linear least 

squares estimation of (34).  Demand-side estimation is conducted separately for frame and 

masonry housing, as well as for central station reporting burglar alarms, police station 

connected burglar alarms, and local burglar alarms.  For all housing construction and burglar 

alarm types, the dummy variables that are statistically significant at the 5% level include if 

the homeowner’s insurance company sets its premiums according to protection classes, does 

not specify deductible and coverage amounts, offers multi-policy discounts, and is domiciled 

in the state of Illinois.  The exception to this finding is that the dummy variable representing 

if the homeowner’s insurance company does not specify a coverage amount is not 

statistically significant for masonry homeowners using police station connected and local 
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burglar alarms.  Referring to statistically significant variables only, results show that 

homeowners prefer to insure with companies that do not use protection classes when setting 

their premiums, do not specify coverage amounts but do specify deductible amounts, offer 

multi-policy discounts, and are domiciled in Illinois.   

Although the net benefit of installing burglar alarms and price are not statistically 

significant for any housing construction or burglar alarm types, they bear the expected signs.  

That is, for all housing construction and burglar alarm types, the net benefit of installing 

burglar alarms is positive, and ceteris paribus, higher protective device discounts increase the 

utility of homeowners.  Additionally, results show that for frame homeowners, local burglar 

alarms yield the highest net benefit.  Since this type of burglar alarm is considered to be less 

sophisticated, the finding of a high net benefit may be due to the fact that the price of a local 

burglar alarm and its associated operating costs are lower, relative to other types of alarms.  

For masonry homeowners, police station connected burglar alarms yield the highest net 

benefit.  Among housing construction types, frame homeowners tend to receive a higher net 

benefit from installing burglar alarms than masonry homeowners.   

Table 5.4 displays summary statistics for market-share estimates.  Market shares are 

calculated using the demand-side parameter estimates displayed in Table 5.3.  Note that all 

market shares are scaled by 1,000 because of the small sizes of s
2
j and s

2
.  Mean values of 

market shares are calculated using an unweighted average over all zip codes and 

homeowner’s insurance companies.  Although the purpose of calculating these market shares 

is to complete supply-side estimation and measure the diversion effect associated with 

burglar alarm use, their calculations are interesting independently because they offer insight 
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into generally unavailable data on how many homeowners install burglar alarms.  

Unfortunately, several anomalies are apparent in these summary statistics.  Table 5.4 shows 

that virtually 100% of the market installs burglar alarms.  This is certainly unrealistic, as 

demonstrated by the finding of chapter three that roughly 16% of the county-level market 

installs burglar alarms.  Additionally, according to Hakim and Blackstone, alarm ownership 

ranges from 11% to 15% of all homes and business (1997).  The finding of a large s
1
 poses a 

significant challenge to measuring the diversion effect using the method of this chapter.  

Although the diversion effect theoretically increases as more homeowners install burglar 

alarms, estimation is unlikely to find the presence of a diversion effect if the non-alarmed 

portion of the market to which crime could be diverted is virtually non-existent. 

Results from demand-side estimation provide insight as to why the fraction of the 

market installing burglar alarms is estimated to be so large.  By specifying the net benefit of 

burglar alarm installation to be positive and constant among homeowners in (18), demand-

side estimation fails to take into account the several reasons why individuals may decide not 

to install burglar alarms.  In fact, it assumes that all homeowners have a positive net benefit 

of installing burglar alarms and therefore predicts that all homeowners will install.  Without 

taking homeowner characteristics into account, my measure of the diversion effect in this 

chapter assumes that all homeowners are alike and that any differences in market shares arise 

solely from differences in insurance products in different markets.  Homeowner 

characteristics to consider include those related to the likelihood of burglary.  Previous 

literature shows that certain qualities of both homes and homeowners increase the probability 

of burglary, such as the race and income of homeowners and the age and value of homes.  A 
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homeowner may decide not to install a burglar alarm if any of these factors decrease their 

probability of burglary, or if the direct costs of burglar alarm installation are large enough to 

outweigh the benefits received from deterrence.  Including those characteristics that may 

affect a homeowner’s decision to install a burglar alarm in demand-side estimation may help 

reduce the estimate of s
1
.  Section 5.8 of this chapter proposes future research that will 

attempt to resolve the difficulty in measuring the fraction of the market installing burglar 

alarms.     

Keeping the identified anomalies in estimated market shares in mind, Table 5.5 

displays supply-side parameter estimates for frame and masonry homeowners using all three 

types of burglar alarms. Note that GMM estimation does not converge
32

 for the majority of 

housing construction and burglar alarm types, as identified in Table 5.5, and GMM 

estimation fails for frame homeowners using local burglar alarms.  Despite these problems, 

estimates of α and β, which are key parameters in estimating the deterrence and diversion 

effects, respectively, yield anticipated signs.  The estimate of α is negative for all housing 

construction and burglar alarms types, which is consistent with the presence of the deterrence 

effect decreasing the probability of burglary of alarmed homeowners when they install 

burglar alarms.  For all housing and burglar alarm types, the estimate of β is positive and 

consistent with the diversion effect increasing the probability of burglary of non-alarmed 

homeowners when other homeowners install burglar alarms.  The key parameters are 

statistically insignificant, except for frame homeowners using central station reporting 

burglar alarms and masonry homeowners using local burglar alarms.  For frame homeowners 
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using central station reporting burglar alarms, the marginal cost parameters found to be 

statistically significant at the 5% level include those associated with dummy variables for if 

the homeowner’s insurance company does not specify coverage and deductible amounts.  

Results show that homeowner’s insurance companies that do not specify deductible and 

coverage amounts have lower marginal costs of production than companies that do specify 

these amounts.  For frame homeowners using police station connected burglar alarms, the 

statistically significant marginal cost parameters include the dummy variables for if the 

homeowner’s insurance company sets its premiums according to protection classes, bases its 

policies on a deductible amount less than $500, and does not specify deductible and coverage 

amounts.  Results show that homeowner’s insurance companies that use protection classes in 

their pricing structures face higher marginal costs, and that companies that base their policies 

on a deductible amount less than $500, and do not specify deductible and coverage amounts 

face lower marginal costs.  Finally, for masonry homeowners using a local burglar alarm 

system, all marginal cost parameters are found to be statistically significant at the 5% level, 

except the dummy variable for if the homeowner’s insurance company sets it premiums 

according to protection classes.  Results show that homeowner’s insurance companies that 

base their policies on a deductible amount less than $500, base their policies on a coverage 

amount less than $100,000, and do not specify deductible or coverage amounts have lower 

marginal costs.  Companies face higher marginal costs if they offer multi-policy discounts 

and are domiciled in the state of Illinois.  Housing construction and burglar alarm types not 

mentioned have statistically insignificant marginal cost parameters. 

Table 5.6 includes results on the mean probabilities of burglary for both alarmed and 
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non-alarmed homeowners.  Mean probabilities are determined using an unweighted average 

over all zip codes and homeowner’s insurance companies.  PR
1
 and PR

2
 represent the 

probabilities of burglary when some homeowners install burglar alarms, and PR
A
 and PR

N
 

represent the probabilities of burglary when all homeowners are non-alarmed.  Because of 

the lack of homeowner characteristics in the model, these statistics represent the probabilities 

of burglary under the assumption that all homeowners are exactly the same, except for their 

decision to install burglar alarms.  As a result, the fact that PR
A
 exceeds PR

N
 suggests that 

even before homeowners decide to install burglar alarms, the homeowners that eventually 

become alarmed face a higher likelihood of burglary than those homeowners who remain 

non-alarmed.  It is then no surprise that after some homeowners install burglar alarms, those 

who decide to install burglar alarms still face a higher probability of burglary.  The fact that 

alarmed homeowners face a higher probability of burglary than non-alarmed homeowners 

suggests that alarmed homeowners decide to install burglar alarms because they have more 

valuable assets to protect.  As mentioned in chapter three, homeowners with higher income 

may be more likely to install burglar alarms.  Furthermore, it is possible that the presence of 

a burglar alarm alone makes the alarmed homeowner more susceptible to burglary because it 

provides a signal to burglars of the valuable assets inside the home.  It is interesting to note 

that the probability of burglary, regardless of whether the home is alarmed, is generally larger 

for frame homeowners.   

 Finally, Table 5.7 illustrates the estimated mean diversion effect for all housing 

construction and burglar alarm types.  Again, the mean is calculated as the unweighted 

average over all zip codes and homeowner’s insurance companies in the sample.  Table 5.8 
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presents estimated mean deterrence effects.  Both mean effects have the anticipated signs for 

all housing construction and burglar alarm types.  That is, the diversion effect is found to be 

positive, which indicates that the probability of burglary of non-alarmed homeowners 

increases when homeowners around them install burglar alarms.  A diversion effect equal to 

0.040 for frame homeowners using central station reporting burglar alarms is interpreted as 

meaning that the probability of burglary of non-alarmed homeowners increases by 0.040 

when other homeowners install burglar alarms.  Converted to a percentage change for 

comparison purposes, a diversion effect equal to 0.040 coincides with an increase in the 

probability of burglary equal to approximately 6%.  This calculation is based on the mean 

probability of burglary of non-alarmed homeowners when all homeowners are non-alarmed, 

which is equal to 0.63 in Table 5.6.  For masonry homeowners, the estimated diversion effect 

is consistent with an 11% increase in the probability of burglary.  For police station 

connected burglar alarms, the diversion effect is associated with an increase in the probability 

of burglary equal to 12% for frame homeowners and 11% for masonry homeowners.  For 

masonry homeowners using local burglar alarms, the diversion effect causes the probability 

of burglary of non-alarmed homeowners to increase by 9%.  Averaging over all housing 

construction and burglar alarm types, the diversion effect increases the probability of 

burglary of non-alarmed homeowners by roughly 10%.  Across all burglary alarm types, 

police station connected burglar alarms cause the largest amount of diversion.  This is 

surprising because police station connected burglar alarms are not considered to be the most 

sophisticated.  However, they have the advantage of connecting directly to a police station, 

rather than a central station that eventually contacts the police.  As expected, local 
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burglar alarms are associated with the least amount of diversion. 

The deterrence effect is negative for all types of housing construction and burglar 

alarms.  This finding is consistent with the probability of burglary decreasing for alarmed 

homeowners when they install burglar alarms.  Results suggest that central station reporting 

burglar alarms decrease the probability of burglary of alarmed frame homeowners by 

approximately 5% and alarmed masonry homeowners by 10%.  Police station connected 

burglar alarms decrease the probability of alarmed frame homeowners by approximately 5% 

and alarmed masonry homeowners by 9%.  Alarmed masonry homeowners using local 

burglar alarms experience roughly a 1% decrease in their probability of burglary.  Averaging 

over all housing construction and burglar alarm types, the deterrence effect decreases the 

probability of burglary of alarmed homeowners by 6%.  The results of Table 5.8 show that 

central station reporting burglar alarms and police station connected burglar alarms are 

comparable in their ability to deter criminals for all housing construction types, with central 

station reporting burglar alarms being slightly more effective for masonry homeowners.  Not 

surprisingly, local burglar alarms deter the least. 

It is also interesting to compare the deterrence and diversion effects for each housing 

construction and burglar alarm type.  For both frame and masonry homeowners using central 

station reporting burglar alarms, the absolute size of the deterrence effect in Table 5.8 

outweighs the size of the diversion effect in Table 5.7.  However, when comparing the 

percentage change in the probability of burglary, the diversion effect causes a percentage 

increase in the probability of burglary of non-alarmed homeowners that is larger than the 

percentage decrease in the probability of burglary of alarmed homeowners caused by the 
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deterrence effect
33

.  For police station connected burglar alarms, the estimated diversion 

effect is larger than the absolute value of the deterrence effect for frame homeowners, but 

smaller than the absolute value of the deterrence effect for masonry homeowners.  Again, 

when comparing the percentage change in the probability of burglary, the diversion effect 

causes a percentage increase in the probability of burglary of non-alarmed homeowners that 

is larger than the percentage decrease in the probability of burglary of alarmed homeowners 

caused by the deterrence effect for both housing construction types.  Finally, for masonry 

homeowners using local burglar alarms, the diversion effect outweighs the deterrence effect 

in both absolute size and percentage change in the probability of burglary.  On average, 

burglar alarms divert more crime than they deter, in terms of the percentage change in the 

probability of burglary.  However, given that estimation generates so few non-alarmed homes 

in this exercise, the total amount of crime is still likely to decrease even though the diversion 

effect outweighs the deterrence effect. 

 

5.6: Robustness Check on s
m

j/s
m

0 

 While the results discussed in section 5.5 provide substantial evidence of the presence 

of the diversion effect with all housing construction and burglar alarm types, several 

anomalies are duly noted.  These anomalies include unrealistically large estimates of s
1
 and 

s
m

0, as well as difficulty in successfully completing GMM estimation for some housing 

construction and burglar alarm types.  In the next two sections, I perform a robustness check 

on this chapter’s method for measuring the diversion effect associated with burglar alarms by 
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A
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correcting for the abnormally large values of s
1
 and s

m
0 and then exploring how these 

corrections affect measurement of the diversion effect.  I present results for frame and 

masonry homeowners using central station reporting burglar alarms only, but the results are 

easily transferable to the other burglar alarm types.   In this section, I focus on how a 

reduction in s
m

0 changes estimation of the diversion effect.  I refer to the results discussed in 

section 5.5 as “original results.”     

 As described in section 5.5, s
m

0 is estimated to be entirely too large in original results 

because only 30% of the homeowner’s insurance industry is represented in the sample. In 

order to reduce s
m

0, I scale the left-hand side of (33) and conduct non-linear least squares 

estimation using (34).  By scaling, I not only increase the ratio of s
m

j to s
m

0, but also reduce 

the estimated s
1
.  Because scaling s

m
j/s

m
0 influences estimates of s

1
, it is also likely to affect 

estimates of the diversion effect.  To determine by how much to scale the left-hand side of 

(33), I establish the following criteria: 

1. Maintain predicted signs on the key parameters of ε and δ in demand-side estimation, 

2. Decrease the estimated s
1
 , and 

3. Establish convergence in supply-side GMM estimation. 

Based on these criteria, I employ a scale of 23,000 for frame housing and 12,000 for 

masonry housing.  Table 5.9 presents results from demand-side estimation for frame and 

masonry homeowners using central station reporting burglar alarms, where now s
m

j/s
m

0 is 

scaled.  Compared to original results, the signs and statistical significance of demand-side 

parameters have not changed for both frame and masonry housing (except for the intercept), 

as expected.  Although statistically insignificant, the net benefit of installing a central station 
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reporting burglar alarm is found to be higher for masonry homeowners than for frame 

homeowners.   

The impact of scaling the ratio of s
m

j to s
m

0 is certainly seen in Table 5.10, which 

presents summary statistics for market shares.  For both frame and masonry housing, the 

share of the market installing burglar alarms, s
1
, decreases from approximately 100% of the 

market in original results to approximately 52% for frame homeowners and 65% for masonry 

homeowners.  While these estimates are still too large according to previous research, they 

provide a more realistic estimate of s
1
.  All other market shares increase as a result of the 

scaling. 

Table 5.11 displays the supply-side parameters obtained after scaling the ratio of s
m

j 

to s
m

0.  Compared to original results, α and β retain their anticipated signs for both frame and 

masonry homeowners.  That is, α is still negative and likely to be consistent with a negative 

deterrence effect, and β is positive.  Given that β is still found to be positive, a positive 

diversion effect is also likely.  In terms of the marginal cost parameters, now only the dummy 

variable representing if the homeowner’s insurance company does not specify a deductible 

amount is statistically significant. Results show that homeowner’s insurance companies that 

do not specify a deductible amount face lower marginal costs than those companies that do 

specify an amount. 

As seen in Table 5.12, the mean probabilities of burglary for frame homeowners 

increase when I scale the ratio of s
m

j to s
m

0, compared to original results for frame 

homeowners using central station reporting burglar alarms.  As in the original results for the 

case when all homes are non-alarmed, the probability of burglary of homeowners that 
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become alarmed, PR
A
, is larger than the probability of burglary of homeowners that remain 

non-alarmed, PR
N
.  The mean probabilities of burglary of masonry homeowners stay 

approximately the same, compared to original results.  The exception to this finding is that 

PR
N
 is significantly smaller than original results.  This probability of burglary decreases from 

0.57 to 0.07.  As with original results, all mean probabilities of burglary are higher for frame 

homeowners than for masonry homeowners.   

As predicted, the measured mean diversion effect is positive for both frame and 

masonry homeowners when I scale s
m

j/s
m

0, as shown in Table 5.13.  A diversion effect equal 

to 0.032 for frame homeowners is consistent with an increase in the probability of burglary of 

non-alarmed homeowners equal to 5%.  The diversion effect for masonry homeowners is 

consistent with an increase in the probability of burglary equal to approximately 800%.  This 

result is unrealistic, but clearly due to the fact that PR
N 

is so small for masonry homeowners.   

Table 5.14 shows that the mean deterrence effect for both frame and masonry 

homeowners using central station reporting burglar alarms is negative when I scale s
m

j/s
m

0.  

For alarmed frame homeowners, their probability of burglary decreases by 3% when they 

install burglar alarms.  The probability of burglary of alarmed masonry homeowners 

decreases by 10%.  For frame homeowners, the mean diversion and deterrence effects are 

approximately the same size in absolute value.  However, when comparing the percentage 

change in the probability of burglary, diversion causes the probability of burglary of non-

alarmed homeowners to increase more than deterrence causes the probability of burglary of 

alarmed homeowners to decrease.  As for masonry homeowners, the diversion effect clearly 

outweighs the deterrence effect in both absolute size and percentage change in the probability 
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of burglary.  Since the estimate of the fraction of alarmed homeowners is still unrealistically 

large, the results of this section are likely to be consistent with a decrease in the total level of 

crime, as in section 5.5.   

Compared to the original results described in section 5.5, measurement of the 

diversion effect for frame homeowners does not appear to be affected by scaling the ratio of 

s
m

j to s
m

0.  Although estimates of s
1
 are smaller, the percentage change in the probability of 

burglary of frame homeowners using central station reporting burglar alarms is still 

approximately 5-6%.  The measured deterrence effect for both frame and masonry 

homeowners also appears to be unaffected by scaling s
m

j/s
m

0.  As a result, the robustness 

check of this section shows that while the method presented in this chapter for measuring the 

diversion effect may not be precise in estimating s
1
 or s

m
0, it provides solid estimates of the 

diversion effect that are robust to changes in s
m

0.  Estimation is also robust to decreases in s
1
 

that are caused by changes in s
m

0.  The exception to this finding is that the diversion effect 

associated with masonry homeowners using central station reporting burglar alarms increases 

from an 11% change in the probability of burglary of non-alarmed homeowners to an 

unrealistic 800% change, when the ratio of s
m

j to s
m

0 is scaled.      

 

5.7: Robustness Check on s
1
 

 In this section, I focus on how a direct reduction in s
1
 to the published estimate of 

approximately 15% affects this chapter’s method for measuring the diversion effect 

associated with burglar alarms.  Although the diversion effect is assumed to increase with the 

fraction of the market installing burglar alarms, the finding of a large s
1
 is problematic 
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because without any non-alarmed homeowners in the market, there is unlikely to be a 

presence of the diversion effect.  In order to reduce s
1
, I first assume the results of Table 5.3 

and then scale the market shares displayed in Table 5.4 so that s
1
 has a mean of 

approximately 0.15.  In turn, s
2
 is scaled to a mean of 0.85.  s

1
j and s

2
j are scaled in the same 

manner as s
1
 and s

2
, respectively.  As in section 5.6, analysis is conducted only for frame and 

masonry homeowners using central station reporting burglar alarms.  I compare the results of 

this section to the original results of section 5.5 only. 

Table 5.15 displays supply-side parameters for frame and masonry homeowners using 

central station reporting burglar alarms.  By scaling s
1
 directly, the key parameters used in 

measuring deterrence and diversion, α and β, remain statistically insignificant.  However, β 

bears the incorrect sign, according to theory, for both housing construction types.  Since α is 

still estimated to be negative, the deterrence effect is likely to be associated with a decrease 

in the probability of burglary of alarmed homeowners.  However, since β is positive, scaling 

s
1
 is likely to be associated with a negative diversion effect.  This suggests that scaling s

1
 to a 

more realistic size may not only decrease the size of the diversion effect, but also cause a 

decrease in the probability of burglary of non-alarmed homeowners.  In reality, this may only 

be the case if the fraction of the market installing alarms becomes so large that burglars are 

deterred from the entire market, including non-alarmed homes.   For frame homeowners, the 

statistically significant marginal cost parameters at the 5% level include dummy variables for 

if the homeowner’s insurance company does not specify deductible or coverage amounts and 

is domiciled in the state of Illinois.  Marginal cost is lower for companies that fail to establish 

coverage and deductible amounts, but higher for companies that make the state of Illinois 
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their domicile.  For masonry homeowners, the only statistically significant marginal cost 

parameter at the 5% level is the dummy variable for if the homeowner’s insurance company 

does not specify a deductible amount.  For these companies, marginal cost is lower.   

 Table 5.16 shows that compared to original results, calculations of the mean 

probabilities of burglary when some homeowners install burglar alarms increase for frame 

housing, but stay approximately the same for masonry housing, when s
1
 is reduced.  For the 

probabilities of burglary when all homes are non-alarmed, PR
N
 increases for both frame and 

masonry homeowners.  This suggests that homeowners that remain non-alarmed are more 

susceptible to burglary when s
1
 is scaled downward, compared to the case when s

1
 is virtually 

100%.  PR
A
 for both types of housing construction remain fairly close to one.  The mean 

probabilities of burglary are higher for frame homeowners than for masonry homeowners.   

Table 5.17 reveals that, compared to original results, the diversion effect is negative 

for both housing construction types.  The finding of a negative diversion effect is expected, 

given that β is found to be negative in supply-side estimation.  A diversion effect equal to -

0.13 for frame housing suggests that the probability of burglary of non-alarmed homeowners 

decreases by approximately 16% when other homeowners install burglar alarms.  The 

diversion effect for masonry homeowners is consistent with a 12% decrease in the 

probability of burglary of non-alarmed homeowners.  Compared to original results, this 

suggests that when s
1
 decreases, the diversion effect also decreases.   

As for the deterrence effect, Table 5.18 shows that the deterrence effect is negative 

for both housing construction types using central station reporting burglar alarms when s
1
 is 

scaled downward.  For frame homeowners, the deterrence effect is associated with a 0.02% 
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decrease in the probability of burglary of alarmed frame homeowners and a 2% decrease in 

the probability of burglary of alarmed masonry homeowners.  Combining the deterrence and 

diversion effects when s
1
 is scaled downward suggests an overall decrease in the probability 

of burglary for all homeowners using central station reporting burglar alarms. In fact, 

diversion is found to decrease the probability of burglary of non-alarmed homeowners by 

more than deterrence decreases the probability of burglary of alarmed homeowners. 

Compared to the original results described in section 5.5, measurement of the 

diversion effect for both frame and masonry homeowners is definitely affected by direct 

changes in s
1
.  That is, scaling s

1
 to a more realistic estimate not only fails to provide 

evidence of a diversion effect, but also shows that the installation of burglar alarms by some 

homeowners decreases the probability of burglary of all homeowners in the market, 

including those that are non-alarmed.  As for the deterrence effect, a decrease in the fraction 

of the market installing burglar alarms is associated with a smaller deterrence effect.  Overall, 

the original results described in section 5.5 are not robust to direct changes in s
1
.  If s

1
 is to be 

scaled downward, the most effective way to do so is to scale s
m

j/s
m

0 before conducting non-

linear least squares estimation, as in section 5.6.    

 

5.8:  Future Research 

It is admittedly difficult to be confident in the results discussed in section 5.5 because 

of the aforementioned anomalies in estimation, including large estimates of s
1
 and s

m
0 and 

weak GMM analysis.  Although the results of section 5.5 still provide reasonable 

measurements of the diversion effect, the true contribution of the findings of this chapter is 
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the methodology for measuring the diversion effect.  The results of section 5.5 not only show 

that the diversion effect can be measured, but they also identify the problems with the 

methodology outlined in sections 5.1 – 5.3.  Additionally, these results suggest that precision 

in measuring the diversion effect can be obtained if these problems are addressed.  In this 

section, I outline the steps that I would take in future research in order to address these 

fundamental problems.      

The fact that demand-side estimation fails to take into account the factors that 

influence a homeowner’s decision to install a burglar alarm is the likely explanation as to 

why s
1
 is estimated to be so large in original results.  At first glance, an obvious resolution 

would be to simply add homeowner characteristics to (18), such as home value, age of home, 

and homeowner income.  However, by simply adding homeowner characteristics to the 

utility specification of both alarmed and non-alarmed homeowners, I still fail to take into 

account the likelihood that homeowners have different preferences regarding homeowner’s 

insurance and burglar alarms.  That is, I still assume that consumers differ only in their 

decisions regarding homeowner’s insurance companies and therefore estimate one set of 

demand-side parameters for the entire market.  In reality, consumers differ in their tastes and 

preferences, and therefore are likely to have a different set of demand-side parameters to 

explain these differences.  I verified that simply adding homeowner characteristics to (18) is 

not sufficient to take into account the different tastes and preferences of homeowners by 

adding zip-code level data on the percentage of African American homeowners, real per- 

capita homeowner income, age of home, and median house value to demand-side estimation.  

I chose these variables due to their importance in determining burglary rates in chapter three.  
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However, I immediately ran into difficulties in demand-side estimation when key parameters, 

δ and ε, turned out to be statistically significant and of the incorrect signs.   

As a result, a solution that introduces homeowner variation in tastes and preferences 

into the methodology of this chapter is to use random, or individual, coefficients in (18) that 

are drawn from a posited distribution that is a function of the aforementioned homeowner 

characteristics at the zip-code level.  In this sense, my methodology would be less simplified 

than described in sections 5.1-5.3, but more like the original work of Berry, Levinsohn, and 

Pakes (1995).  Random coefficients allow for the decision of homeowners to employ 

observable private precaution to be a function of the different ways in which they value 

homeowner’s insurance and burglar alarms.  In order to account for homeowner variation 

using random coefficients, (18) becomes the utility specification for homeowner i insuring 

with homeowner’s insurance company j and installing a burglar alarm: 

U
1

ij  = Xj γi + δi - εi p
1

j + ε
1

ij , for j= 1, ………, N   ,    (48) 

where now demand-side parameters vary by homeowner.    

 In terms of improving the empirical application of the methodology of this chapter, 

the most obvious improvement would be the measurement of s
m

0.  As shown in the 

robustness check of section 5.6, scaling s
m

j/s
m

0 also improves the estimate of s
1
.  In addition 

to having to proxy for s
m

0, the reason why s
m

0 is found to be so large in original results is 

because the estimate includes the 70% of the homeowner’s insurance industry not included in 

my sample.  As a result, I can improve measurement of s
m

0 by obtaining data on more 

homeowner’s insurance companies operating in the state of Illinois.  If possible, I could also 

reduce s
m

0 by obtaining accurate data on how many homeowners choose not to purchase 
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insurance.  As these data are likely difficult to obtain, I could simulate data on s
m

0, in a 

manner similar to the way data on security system services sales are simulated in chapter 

three.  A final improvement would be to refine the GMM estimation routine in section 5.2 in 

order to ensure convergence.    

 

5.9: Conclusion 

In the spirit of the methodology outlined in chapter four, this chapter provides another 

technique for measuring the diversion effect associated with burglar alarm use and 

empirically examines the technique using data from the homeowner’s insurance industry in 

Illinois.  This method is different than the one presented in chapter four because it measures 

the diversion effect in an oligopolistic, rather than perfectly competitive, setting.  Based on 

the work of Berry, Levinsohn, and Pakes, this method additionally allows for estimation of 

the diversion effect without data on the number of homeowners installing burglar alarms.  

This feature is a breakthrough in the current literature because of the difficulty in obtaining 

such data.  Several anomalies are admittedly apparent in the empirical application of this 

chapter’s technique.  But despite these anomalies, the primary contribution of this chapter is 

the presentation of a unique methodology for measuring the diversion effect.  This chapter 

demonstrates that the diversion effect associated with burglar alarms can be measured, 

identifies the fundamental problems with the methodology, and proposes resolutions to these 

problems for future research.  Even with the anomalies present in the empirical application, 

results of this chapter suggest that the diversion effect exists when homeowners install 

burglar alarms.  The diversion effect is likely to be small, but still nearly as large as the 
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deterrence effect, or even larger, for some housing construction and burglar alarm types. 
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Table 5.1: Summary Statistics for Frame Housing 

 

Variable Mean

Standard 

Deviation Minimum Maximum

s
m

j: total market share of homeowner's insurance company j 0.0061 0.015 0.0000 0.37

s
m

0: total share of market not purchasing homeowner's insurance 0.85 0.088 0.14 1.00

p
1

j: price charged by homeowner's insurance company j to alarmed homeowners

     Central Station Reporting  Burglar Alarm 673.78 323.67 95.00 3,887.33

     Police Station Connected Burglar Alarm 692.42 328.036 95.00 3,887.33

     Local Burglar Alarm 713.18 343.55 100.00 4,189.67

p
2

j: price charged by homeowner's insurance company j to non-alarmed homeowners 731.62 355.22 100.00 4319.25

Xj: characteristics of homeowner's insurance company j 

     Structures rates according to protection classes 0.53 0.50 0.00 1.00

     Bases policies on deductible less than $500 0.02 0.15 0.00 1.00

     Does not specify deductible on which policies are based 0.55 0.50 0.00 1.00

     Bases its policies on coverage amount less than $100,000 0.019 0.14 0.00 1.00

     Does not specify coverage amount on which policies are based 0.25 0.43 0.00 1.00

     Offers multi-policy discount 0.71 0.45 0.00 1.00

     IL is the state of domicile 0.15 0.36 0.00 1.00

No. of Observations 17,949
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Table 5.2: Summary Statistics for Masonry Housing 

 

Variable Mean

Standard 

Deviation Minimum Maximum

s
m

j: total market share of homeowner's insurance company j 0.0067 0.016 0.00 0.41

s
m

0: total share of market not purchasing homeowner's insurance 0.84 0.096 0.061 1.00

p
1

j: price charged by homeowner's insurance company j to alarmed homeowners

     Central Station Reporting  Burglar Alarm 612.95 288.15 95.00 3,498.75

     Police Station Connected Burglar Alarm 629.64 291.49 95.00 3,498.75

     Local Burglar Alarm 648.64 305.79 100.00 3,770.88

p
2

j: price charged by homeowners's insurance company j to non-alarmed homeowners 665.44 316.30 100.00 3887.20

Xj: characteristics of homeowner's insurance company j 

     Structures rates according to protection classes 0.53 0.50 0.00 1.00

     Bases policies on deductible less than $500 0.024 0.15 0.00 1.00

     Does not specify deductible on which policies are based 0.55 0.50 0.00 1.00

     Bases its policies on coverage amount less than $100,000 0.019 0.14 0.00 1.00

     Does not specify coverage amount on which policies are based 0.25 0.43 0.00 1.00

     Offers multi-policy discount 0.71 0.45 0.00 1.00

     IL is the state of domicile 0.15 0.36 0.00 1.00

No. of Observations 17,949
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Table 5.3: Demand-Side Parameters  

 

Parameter Variable Estimate

Standard 

Error T-Statistic Estimate

Standard 

Error T-Statistic

Constant -9.22 0.46 -20.22 -8.99 0.79 -11.39

γ1

     Structures rates according to 

protection classes -0.59 0.12 -5.055 -0.54 0.21 -2.54

γ2

     Bases policies on deductible less 

than $500 0.94 0.92 1.026 0.92 1.68 0.55

γ3

     Does not specify deductible on 

which policies are based 2.41 0.25 9.65 2.42 0.45 5.36

γ4

     Bases its policies on coverage 

amount less than $100,000 0.16 1.18 0.14 0.46 1.68 0.27

γ5

     Does not specify coverage on 

which policies are based -0.50 0.11 -4.51 -0.47 0.21 -2.29

γ6      Offers multi-policy discount 2.49 0.37 6.69 2.43 0.63 3.87

γ7      IL is the state of domicile 1.93 0.10 18.74 1.95 0.18 10.69

δ Net benefit from installing alarms 7.53 20,219.56 0.00040 6.84 13,261.89 0.0005

ε Price of homeowner's insurance 0.00020 0.00020 0.85 0.00030 0.00040 0.65

     Central Station Reporting Burglar Alarm 

Masonry HousingFrame Housing
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Table 5.3: (Continued)  

 

Parameter Variable Estimate

Standard 

Error T-Statistic Estimate

Standard 

Error T-Statistic

Constant -9.25 0.51 -18.14 -8.98 0.88 -10.24

γ1

     Structures rates according to 

protection classes -0.60 0.12 -5.090 -0.55 0.22 -2.52

γ2

     Bases policies on deductible 

less than $500 0.94 0.93 1.014 0.95 1.63 0.58

γ3

     Does not specify deductible on 

which policies are based 2.43 0.25 9.60 2.41 0.45 5.42

γ4

     Bases its policies on coverage 

amount less than $100,000 0.16 1.19 0.14 0.45 1.67 0.27

γ5

     Does not specify coverage on 

which policies are based -0.53 0.16 -3.33 -0.48 0.29 -1.65

γ6      Offers multi-policy discount 2.53 0.39 6.48 2.43 0.64 3.79

γ7      IL is the state of domicile 1.93 0.11 17.18 1.95 0.20 9.74

δ Net benefit from installing alarms 10.94 460,016.47 0.00 9.37 133,621.77 0.00010

ε Price of homeowner's insurance 0.00020 0.00020 1.14 0.00030 0.00040 0.82

Police Station Connected Burglar Alarm

Frame Housing Masonry Housing
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Table 5.3: (Continued)  

 

Parameter Variable Estimate

Standard 

Error T-Statistic Estimate

Standard 

Error T-Statistic

Constant -9.06 0.50 -18.14 -8.79 0.87 -10.12

γ1

     Structures rates according to 

protection classes -0.60 0.13 -4.51 -0.55 0.24 -2.25

γ2

     Bases policies on deductible 

less than $500 0.92 0.90 1.027 0.85 1.66 0.51

γ3

     Does not specify deductible 

on which policies are based 2.36 0.24 9.71 2.34 0.42 5.51

γ4

     Bases its policies on 

coverage amount less than 

$100,000 0.10 1.20 0.080 0.36 1.71 0.21

γ5

     Does not specify coverage 

on which policies are based -0.52 0.19 -2.73 -0.47 0.34 -1.39

γ6      Offers multi-policy discount 2.39 0.33 7.16 2.31 0.55 4.18

γ7      IL is the state of domicile 1.93 0.14 13.53 1.95 0.26 7.61

δ Net benefit from installing alarms 11.07 1,809,230.92 0.00 8.42 181,268.80 0.00

ε Price of homeowner's insurance 0.00020 0.00030 0.71 0.00030 0.00050 0.50

Local Burglar Alarm

Frame Housing Masonry Housing
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Table 5.4: Summary Statistics for Market Shares (x1,000) 

 

Frame Housing Mean Standard Deviation Minimum Maximum

s
1

j: share of the market purchasing homeowner's 

insurance from company j and installing burglar 

alarms 6.00 10.30 0.039 42.80

s
2

j:  share of the market purchasing homeowner's 

insurance from company j and not installing burglar 

alarms 0.0032 0.0054 0.000020 0.023

s
1
: share of the market installing burglar alarms 999.50 0.00015 999.50 999.50

s
2
: share of the market not installing burglar alarms 0.53 0.00015 0.53 0.54

Masonry Housing Mean Standard Deviation Minimum Maximum

s
1

j: share of the market purchasing homeowner's 

insurance from company j and installing burglar 

alarms 7.00 12.20 0.045 52.10

s
2

j:  share of the market purchasing homeowner's 

insurance from company j and not installing burglar 

alarms 0.0074 0.013 0.000046 0.055

s
1
: share of the market installing burglar alarms 998.90 0.00044 998.90 998.90

s
2
: share of the market not installing burglar alarms 1.10 0.00044 1.10 1.10

     Central Station Reporting Burglar Alarm
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Table 5.4: (Continued)  

 

Frame Housing Mean Standard Deviation Minimum Maximum

s
1

j: share of the market purchasing homeowner's 

insurance from company j and installing burglar 

alarms 6.017 10.35 0.036 42.89

s
2

j:  share of the market purchasing homeowner's 

insurance from company j and not installing burglar 

alarms 0.00011 0.00018 0.00000063 0.00075

s
1
: share of the market installing burglar alarms 999.98 0.0000045 999.98 999.98

s
2
: share of the market not installing burglar alarms 0.018 0.0000045 0.018 0.018

Masonry Housing Mean Standard Deviation Minimum Maximum

s
1

j: share of the market purchasing homeowner's 

insurance from company j and installing burglar 

alarms 7.02 12.22 0.045 52.18

s
2

j:  share of the market purchasing homeowner's 

insurance from company j and not installing burglar 

alarms 0.00059 0.0010 0.0000037 0.0044

s
1
: share of the market installing burglar alarms 999.92 0.000031 999.91 999.92

s
2
: share of the market not installing burglar alarms 0.085 0.000031 0.085 0.085

Police Station Connected Burglar Alarm
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Table 5.4: (Continued)  

 

Frame Housing Mean Standard Deviation Minimum Maximum

s
1

j: share of the market purchasing homeowner's 

insurance from company j and installing burglar 

alarms 6.05 10.32 0.044 42.85

s
2

j:  share of the market purchasing homeowner's 

insurance from company j and not installing burglar 

alarms 0.000093 0.00016 0.00000068 0.00066

s
1
: share of the market installing burglar alarms 999.98 0.0000018 999.98 999.98

s
2
: share of the market not installing burglar alarms 0.015 0.0000018 0.015 0.016

Masonry Housing Mean Standard Deviation Minimum Maximum

s
1

j: share of the market purchasing homeowner's 

insurance from company j and installing burglar 

alarms 7.071 12.17 0.055 52.026

s
2

j:  share of the market purchasing homeowner's 

insurance from company j and not installing burglar 

alarms 0.0015 0.0027 0.000012 0.011

s
1
: share of the market installing burglar alarms 999.78 0.000037 999.78 999.78

s
2
: share of the market not installing burglar alarms 0.22 0.000037 0.22 0.22

Local Burglar Alarm
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Table 5.5: Supply-Side Parameters 

 

Parameter Estimate

Standard 

Error T-Statistic Estimate

Standard 

Error T-Statistic

Marignal cost parameters:

     θ1 37.41 174.44 0.21 -10.05 26.64 -0.38

     θ2 38.25 36.33 1.05 11.49 387.23 0.03

     θ3 -364.12 216.44 -1.68 -95.75 199.71 -0.48

     θ4 -145.79 44.63 -3.27 -110.68 114.41 -0.97

     θ5 -420.51 204.91 -2.05 -77.47 417.79 -0.19

     θ6 -197.22 3.35 -58.83 -137.17 381.46 -0.36

     θ7 10.42 45.07 0.23 -1.57 75.16 -0.02

     θ8 108.90 131.21 0.83 123.95 88.39 1.40

Deterrence effect parameters:

     α0 42.54 159.56 0.27 14.50 9.69 1.50

     α -39.55 10.85 -3.64 -12.30 185.86 -0.07

Diversion effect parameters:

     β0 0.53 330.66 0.0016 0.29 550.50 0.0005

     β 0.18 331.16 0.0005 0.26 549.18 0.0005

* GMM estimation does not converge.

** GMM estimation fails.

Masonry Housing*Frame Housing

     Central Station Reporting Burglar Alarm 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 122 

Table 5.5: (Continued) 

 

Parameter Estimate

Standard 

Error T-Statistic Estimate

Standard 

Error T-Statistic

Marignal cost parameters:

     ζ1
77.38 647.96 0.12 -10.43 94.18 -0.11

     ζ2
34.032 13.058 2.61 22.25 256.72 0.087

     ζ3
-241.23 75.23 -3.21 -50.39 949.98 -0.053

     ζ4
-138.55 41.46 -3.34 -100.39 544.018 -0.18

     ζ5 -227.86 274.64 -0.83 -31.18 1,342.23 -0.023

     ζ6 -209.18 61.35 -3.41 -127.21 367.29 -0.35

     ζ7 -20.31 91.92 -0.22 -13.27 67.45 -0.20

     ζ8 91.69 158.10 0.58 125.60 868.98 0.14

Deterrence effect parameters:

     α0 90.38 95.080 0.95 11.047 107.67 0.10

     α -87.39 390.43 -0.22 -8.73 689.26 -0.013

Diversion effect parameters:

     β0 0.31 182.98 0.0017 0.27 238.53 0.0011

     β 0.29 182.94 0.0016 0.27 238.20 0.0011

Masonry Housing*Frame Housing*

Police Station Connected Burglar Alarm

* GMM estimation does not converge.

** GMM estimation fails.
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Table 5.5: (Continued)  

 

Parameter Estimate

Standard 

Error T-Statistic Estimate

Standard 

Error T-Statistic

Marignal cost parameters:

     ζ1 - - - -24.31 5.96 -4.077

     ζ2 - - - -1.13 1.23 -0.92

     ζ3 - - - -329.60 10.065 -32.75

     ζ4 - - - -139.48 0.15 -924.70

     ζ5 - - - -374.71 8.25 -45.42

     ζ6 - - - -154.41 0.15 -1,030.58

     ζ7 - - - 25.069 0.32 78.79

     ζ8 - - - 113.13 1.66 68.043

Deterrence effect parameters:

     α0 - - - 119.49 1.40 85.57

     α - - - -114.70 1.76 -65.29

Diversion effect parameters:

     β0 - - - 0.44 83.72 0.0053

     β - - - 0.24 83.70 0.0029

Frame Housing**

Local Burglar Alarm

Masonry Housing*

* GMM estimation does not converge.

** GMM estimation fails.
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Table 5.6: Mean Probabilities of Burglary 

 

Frame Housing

When some homes are alarmed:

PR
1
: probability of burglary in alarmed 

homes 0.95 0.95 -

PR
2
: probability of burglary in non-alarmed 

homes 0.67 0.64 -

When all homes are non-alarmed:

PR
A
: probability of burglary in homes that 

become alarmed 1.00 1.00 -

PR
N
: probability of burglary in homes that 

remain non-alarmed 0.63 0.58 -

Masonry Housing

When some homes are alarmed:

PR
1
: probability of burglary in alarmed 

homes 0.90 0.91 0.99

PR
2
: probability of burglary in non-alarmed 

homes 0.63 0.63 0.66

When all homes are non-alarmed:

PR
A
: probability of burglary in homes that 

become alarmed 1.00 1.00 1.00

PR
N
: probability of burglary in homes that 

remain non-alarmed 0.57 0.57 0.61

Central Station Reporting 

Burglar Alarm 

Police Station Connected 

Burglar Alarm Local Burglar Alarm
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Table 5.7: Mean Diversion Effect  

 

Frame Housing 0.040 0.069 -

Masonry Housing 0.062 0.064 0.056

     Central Station Reporting 

Burglar Alarm 

Police Station Connected 

Burglar Alarm Local Burglar Alarm 
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Table 5.8: Mean Deterrence Effect  

 

Frame Housing -0.047 -0.048 -

Masonry Housing -0.098 -0.089 -0.0081

Central Station Reporting Burglar 

Alarm 

Police Station Connected 

Burglar Alarm Local Burglar Alarm 
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Table 5.9: Demand-Side Parameters Scaling s
m

j/s
m

0 

 

Parameter Variable Estimate

Standard 

Error T-Statistic Estimate

Standard 

Error T-Statistic

Constant 0.91 0.44 2.075 0.40 0.79 0.50

γ1

     Structures rates according to 

protection classes -0.60 0.12 -5.089 -0.54 0.21 -2.53

γ2

     Bases policies on deductible less 

than $500 0.94 0.89 1.064 0.93 1.66 0.56

γ3

     Does not specify deductible on 

which policies are based 2.37 0.24 9.88 2.41 0.45 5.39

γ4

     Bases its policies on coverage 

amount less than $100,000 0.11 1.19 0.092 0.46 1.66 0.28

γ5

     Does not specify coverage amount 

on which policies are based -0.51 0.11 -4.58 -0.47 0.21 -2.28

γ6      Offers multi-policy discount 2.45 0.36 6.86 2.44 0.63 3.86

γ7      IL is the state of domicile 1.93 0.10 18.76 1.95 0.18 10.69

δ Net benefit from installing alarms 0.059 47.46 0.0012 0.58 64.87 0.009

ε Price of homeowner's insurance 0.00020 0.00020 0.80 0.00030 0.00040 0.63

     Central Station Reporting Burglar Alarm 

Frame Housing Masonry Housing
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Table 5.10: Summary Statistics for Market Shares Scaling s
m

j/s
m

0 

 

Frame Housing Mean Standard Deviation Minimum Maximum

s
1

j: share of the market purchasing homeowner's 

insurance from company j and installing burglar 

alarms 0.024 0.043 0.00014 0.52

s
2

j:  share of the market purchasing homeowner's 

insurance from company j and not installing burglar 

alarms 0.022 0.040 0.00013 0.48

s
1
: share of the market installing burglar alarms 0.52 0.00051 0.52 0.52

s
2
: share of the market not installing burglar alarms 0.48 0.00051 0.48 0.48

Masonry Housing Mean Standard Deviation Minimum Maximum

s
1

j: share of the market purchasing homeowner's 

insurance from company j and installing burglar 

alarms 0.029 0.054 0.00017 0.65

s
2

j:  share of the market purchasing homeowner's 

insurance from company j and not installing burglar 

alarms 0.016 0.030 0.000092 0.35

s
1
: share of the market installing burglar alarms 0.65 0.00063 0.64 0.65

s
2
: share of the market not installing burglar alarms 0.35 0.00063 0.35 0.36

     Central Station Reporting Burglar Alarm 
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Table 5.11: Supply-Side Parameters Scaling s
m

j/s
m

0 

 

Parameter Estimate

Standard 

Error T-Statistic Estimate

Standard 

Error T-Statistic

Marignal cost parameters:

     θ1 -0.20 9.85 -0.021 -1.41 8.15 -0.17

     θ2 46.066 229.37 0.20 11.86 153.77 0.077

     θ3 -376.086 928.27 -0.41 -321.52 670.34 -0.48

     θ4 -140.23 10.43 -13.45 -130.66 2.60 -50.22

     θ5 -382.32 833.93 -0.46 -341.99 568.094 -0.60

     θ6 -190.98 144.45 -1.32 -141.82 94.15 -1.51

     θ7 10.46 47.77 0.22 19.92 34.40 0.58

     θ8 113.39 98.68 1.15 112.84 70.33 1.60

Deterrence effect parameters:

     α0 10.56 84.28 0.13 10.34 42.30 0.24

     α -13.75 71.067 -0.19 -12.61 12.44 -1.014

Diversion effect parameters:

     β0 0.62 24.62 0.025 -2.58 361.99 -0.007

     β 0.28 19.19 0.014 4.86 262.38 0.019

     Central Station Reporting Burglar Alarm 

Frame Housing Masonry Housing
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Table 5.12: Mean Probabilities of Burglary Scaling s
m

j/s
m

0 

 

Frame Housing

When some homes are alarmed:

PR
1
: probability of burglary in alarmed 

homes 0.97

PR
2
: probability of burglary in non-

alarmed homes 0.68

When all homes are non-alarmed:

PR
A
: probability of burglary in homes 

that become alarmed 1.00

PR
N
: probability of burglary in homes 

that remain non-alarmed 0.65

Masonry Housing

When some homes are alarmed:

PR
1
: probability of burglary in alarmed 

homes 0.90

PR
2
: probability of burglary in non-

alarmed homes 0.63

When all homes are non-alarmed:

PR
A
: probability of burglary in homes 

that become alarmed 1.00

PR
N
: probability of burglary in homes 

that remain non-alarmed 0.070

Central Station Reporting  

Burglar Alarm 
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Table 5.13: Mean Diversion Effect Scaling s
m

j/s
m

0 

 

Frame Housing 0.032

Masonry Housing 0.56

     Central Station Reporting Burglar Alarm
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Table 5:14: Mean Deterrence Effect Scaling s
m

j/s
m

0 

 

Frame Housing -0.031

Masonry Housing -0.10

Central Station Reporting Burglar Alarm 
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Table 5.15: Supply-Side Parameters Scaling s
1 

 

Parameter Estimate

Standard 

Error T-Statistic Estimate

Standard 

Error T-Statistic

Marignal cost parameters:

     θ1 -2.32 75.0028 -0.031 -0.75 1.050 -0.72

     θ2 43.47 79.34 0.55 10.31 181.32 0.057

     θ3 -374.99 484.036 -0.77 -320.45 814.59 -0.39

     θ4 -136.053 32.52 -4.18 -127.83 2.80 -45.62

     θ5 -385.51 425.70 -0.91 -343.91 684.00 -0.50

     θ6 -192.52 59.29 -3.25 -142.59 112.29 -1.27

     θ7 14.16 71.98 0.20 22.29 39.45 0.57

     θ8 127.26 61.49 2.070 122.37 84.60 1.45

Deterrence effect parameters:

     α0 5.00 528.96 0.0094 2.40 21.074 0.11

     α -2.16 79.61 -0.027 -1.35 1.75 -0.77

Diversion effect parameters:

     β0 1.55 325.73 0.0047 0.96 172.20 0.0056

     β -4.73 126.89 -0.037 -2.71 26.060 -0.10

     Central Station Reporting Burglar Alarm 

Frame Housing Masonry Housing
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Table 5.16: Mean Probabilities of Burglary Scaling s
1 

 

Frame Housing

When some homes are alarmed:

PR
1
: probability of burglary in alarmed 

homes 0.99

PR
2
: probability of burglary in non-alarmed 

homes 0.70

When all homes are non-alarmed:

PR
A
: probability of burglary in homes that 

become alarmed 0.99

PR
N
: probability of burglary in homes that 

remain non-alarmed 0.82

Masonry Housing

When some homes are alarmed:

PR
1
: probability of burglary in alarmed 

homes 0.90

PR
2
: probability of burglary in non-alarmed 

homes 0.63

When all homes are non-alarmed:

PR
A
: probability of burglary in homes that 

become alarmed 0.92

PR
N
: probability of burglary in homes that 

remain non-alarmed 0.72

Central Station Reporting  

Burglar Alarm 
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Table 5.17: Mean Diversion Effect Scaling s
1 

 

Frame Housing -0.13

Masonry Housing -0.088

     Central Station Reporting Burglar Alarm 
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Table 5.18: Mean Deterrence Effect Scaling s
1 

 

Frame Housing -0.0025

Masonry Housing -0.017

Central Station Reporting Burglar Alarm 
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CHATPER 6 

CONCLUSION 

Burglar alarms are an observable form of private precaution because they are 

generally visible in the form of a sign or sticker on a window or mailbox to a burglar 

contemplating the entry of a protected home.  These visible signs or stickers that warn the 

burglar of protected properties allow burglar alarms to serve two functions.  First, observable 

private precautionary measures deter burglars from alarmed homes, therefore exhibiting the 

deterrence effect.  Secondly, such measures also make unprotected homeowners a more 

likely target for burglars, increasing their probability of burglary.  As a result, burglar alarms 

and other observable private precautionary measures are also associated with the diversion 

effect. 

 Previous literature champions burglar alarms as “the single most effective precaution 

one can take” (Buck and Hakim 1997), suggesting that burglar alarms deter crime.  Very 

little emphasis, however, is placed on the diversion effect associated with burglar alarms.  

Few efforts have been made to measure the deterrence and diversion effects separately.  

Some may argue these efforts are lacking because of the unavailability of data on burglar 

alarm use by homeowners.  Others simply do not believe diversion exists.   

This dissertation tackles the challenge of assessing the existence and magnitude of 

crime diversion with burglar alarms.  I first provide justification for seeking an estimate of 

the diversion effect by looking at how overall burglary rates are influenced by burglar alarm 

use.  Assuming that burglar alarms deter crime, I conclude in chapter three that the small 

response of burglary rates to burglar alarm use suggests the presence of the diversion effect 
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muting the deterrence of burglar alarms.  Since I do not have access to data on the number of 

homeowners using burglar alarms, I proxy alarm adoption using Bayesian estimation and 

data on security system services sales.  In chapters four and five, I develop two different but 

robust methods for measuring the diversion and deterrence effects separately.  I also test 

these methods empirically using a dataset from the homeowner’s insurance industry in 

Illinois.  The first method relies on the relationship between homeowner’s insurance 

company market shares and the protective device discounts they offer.  Assuming a perfectly 

competitive setting, the diversion effect is measured by regressing the dollar value of the 

discounts offered to homeowners who install burglar alarms on the product of homeowner’s 

insurance company market shares and the average insured loss due to burglary.  The intuition 

behind this approach is that homeowner’s insurance companies with larger shares of the 

market, and therefore larger costs due to diversion, offer smaller protective device discounts.  

The second method is based on the work of Berry, Levinsohn, and Pakes (1995) in the field 

of Industrial Organization.  Unlike chapter four, this method models the homeowner’s 

insurance industry as an oligopoly.  Here, I define the diversion effect as the difference 

between the probability of burglary of non-alarmed homeowners when all homes are non-

alarmed, and the probability of burglary of non-alarmed homeowners when some 

homeowners have alarms.  Not surprisingly, the empirical applications of both methods 

support the already-established evidence that burglar alarms deter.  However, they also 

suggest that a diversion effect exists and they yield estimates of it for different housing 

construction and burglar alarm types.  Although empirical estimates of the diversion effect 

will improve with more developed data collection and model specification, especially in 
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chapter five, the primary contribution of my work is that it justifies interest in the diversion 

effect and shows that the diversion effect can be measured. 

 Given that this dissertation supports the presence of the diversion effect with 

observable private precaution and provides different ways of measuring it, several questions 

remain as to what to do with its findings.  Some of these questions focus on the homeowner’s 

insurance industry, and include: If alarms are effective at deterring intruders and it is in the 

interest of insurers to encourage alarm installation (Gaffney and Hakim 1994), then why 

don’t homeowner’s insurance companies promote burglar alarms?  Could it be due to the 

high costs that they face from diversion?  If some insurance companies obtain a net gain from 

offering protective device discounts, then why are only 2% of all homeowners aware of the 

discounts offered by their insurance companies (Gaffney and Hakim 1994)?   Others 

questions involve the alarm industry:  What, if any, efforts are alarm companies making to 

negate the crime diversion caused by their product?  Is it possible to make burglar alarms 

unobservable in order to eliminate the diversion effect?  Could alarm adoption actually 

increase if non-alarmed homeowners were informed of diversion by the burglar alarm 

industry? 

 Other implications that arise with the understanding of a possible division effect 

involve policy.  The diversion effect will likely be present as long as a community is 

heterogeneous in its decision to install burglar alarms.  Community leaders that are 

concerned about the level of crime may therefore consider the effects of widespread burglar 

alarm adoption.  For example, a community leader, or even a unified group such as a 

homeowner’s association or community crime watch, may consider how a policy that 
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requires all homeowners to install burglar alarms affects the likelihood of burglary or even 

community-wide crime rates.   

 Since public and private precautionary measures are substitutes, public enforcement 

officers should also consider how the presence of the diversion effect influences their 

decision to change their level of enforcement, as in the size of the police force.  Given the 

affirmative belief in the deterrence effect, public officials may be tempted to provide 

incentives to homeowners to employ private protection in order to decrease crime while still 

lowering the costs of public protection.  However, if the size of the diversion effect increases 

with the fraction of the market installing burglar alarms, public enforcement officers may not 

see a large decrease in burglary rates with an increase in burglar alarm use.  The failure to 

take the diversion effect into account when deciding to substitute private for public 

enforcement could be a perilous error.   

 Finally, this research poses one lingering question to its readers: Should YOU get a 

burglar alarm?  There are clearly several factors that affect a homeowner’s likelihood of 

burglary, regardless of the presence of a burglar alarm.  However, ceteris paribus, burglar 

alarms are found to both deter burglars and make a target of non-alarmed homeowners.  

Homeowners should therefore carefully consider both the benefits of private protection and 

the costs of failing to protect.  They may even want to consider “faking” observable private 

precaution with a sign in their front yard until burglars become the wiser.  How about that for 

alarming behavior? 
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Derivation of First Order Conditions in 5.2 

The first derivative of (35) with respect to p
1

j is: 

(∂Πj/∂p
1

j) = (p
1

j – c
1

j)(∂s
1

j/p
1
j) + s

1
j + (p

2
j – c

2
j)(∂s

2
j/∂p

1
j) – M

1
[PR

1
(∂s

1
j/p

1
j) + s

1
j(∂PR

1
/∂p

1
j)] 

– M
2
[PR

2
(∂s

2
j/p

1
j) + s

2
j(∂PR

2
/∂p

1
j)] = 0   ,  (49) 

where 

∂s
1

j/∂p
1
j = -ε (1-s

1
j)s

1
j < 0 ,      (50) 

∂s
2

j/∂p
1
j = s

2
js

1
j ε >0 ,   (51) 

∂PR
1
/∂p

1
j = (1-PR

1
)α PR

1
(∂s

1
/∂p

1
j) > 0  since α < 0 ,     (52) 

∂PR
2
/∂p

1
j = (1-PR

2
)β PR

2
(∂s

1
/∂p

1
j)  < 0  ,    (53) 

and 

∂s
1
/∂p

1
j = -(1-s

1
)ε s

1
j  < 0  .    (54) 

The intuition of the model is revealed in (50)-(54).  Given that the sign of (50) is 

negative, then as the protective device discount offered by homeowner’s insurance company 

j becomes smaller, fewer homeowners insuring with company j install alarms.  This 

decreases s
1

j.  The portion of insurance company j’s market share not installing burglar 

alarms likewise increases, as seen by the positive sign of (51).  A negative sign for (53) 

reveals the diversion effect.  As the protective discount offered by homeowner’s insurance 

company j decreases and fewer homes install burglar alarms, the diversion effect is smaller 

for the entire market.  Recall that the diversion effect is assumed to become larger as the 

fraction of the market installing burglar alarms increases.    

Substituting (50)-(54) into (49) yields the first order condition described by (38). 
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The first derivative of (35) with respect to p
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Again, the signs of (56)-(60) provide intuition for this model.  (57) reveals that as the 

protective device discount offered by homeowner’s insurance company j decreases  and 

fewer people install burglar alarms, the portion of homeowner’s insurance company j’s 

market share not installing burglar alarms increases.  The diversion effect is seen through 

(59).  A positive sign for (59) means that as more homeowners are induced to install burglar 

alarms in order to benefit from the protective device discount offered by homeowner’s 

insurance company j, the probability of burglary of non-alarmed homeowners increases. 

Substituting (56)-(60) into (55) yields the first order condition described by (39). 

 

 


