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Abstract

This paper describes the City of Philadelphia Police Department’s (PPD) continuing investigation of a promising residential burglary-forecasting model.  Burglary remains a primary concern citywide and serves as a precipitating crime for more violent and socially disruptive crimes such as robbery, assault and drug use.  This application assists in determining weekly geographic areas at the block level that are most susceptibility to burglary.  The resulting map of susceptibility gives commanding officers a valuable tool to utilize for more effective, proactive deployment of their resources.  The resulting methodology represents a tremendous resource towards the understanding of a specific urban crime pattern that plagues the nation.  The resulting model will hopefully be a replicable, portable system that could then be applied throughout the nation.

 

The first phase of the burglary model project used raster analysis and map algebra to create ten burglary leading indicator layers.  Original data were converted from their native vector format into raster datasets through various local and neighborhood raster functions.  These initial raster surfaces were then normalized to allow for the ultimate goal of intuitive weighted overlays using map algebra.  The project is now entering its second phase by evaluating the usefulness of two statistical modeling and significance testing methodologies using burglaries as the dependant variable:  logistic regression and multiple regression analysis.

 

The resulting values of the regression models will then be used to eliminate insignificant data layers from the model and provide surface weights for the map algebra overlay procedures utilized to create the final burglary susceptibility surfaces.  The surfaces will be statistically measured against the actual event locations for the forecast time period.  The resulting information will feed into an iterative routine of testing and updating the modeling processes to define the most accurate method for short-term forecasting of residential burglary susceptibility.

 

Introduction

 

Philadelphia, once the nation’s capital, is the largest city in Pennsylvania and the fifth largest in the United States.  The Philadelphia Police Department (PPD) continues to maintain an aggressive stance towards all major crime categories and recognizes the need to find new methodologies to address these issues.  Particular emphasis on drug dealing and related criminal activities, especially residential burglaries, has been a prime focus of police activity since 1998.  There is a preponderance of evidence to suggest a consistent correlation between drug users and residential burglary.  Burglary is commonly used as the primary method of obtaining the materials and funds required for drug purchases.  The PPD currently rely on reactive measures that depend upon already committed crimes to influence the alteration of their activities.  The existing burglary units and the patrol division need new spatial analytical tools that let them foresee potential future activity and respond accordingly in a proactive manner.

 

The Crime Analysis and Mapping Unit (CAMU) is charged with the task of using new technology to develop new tools and facilitate new methodologies that allow the user to analyze the spatial and temporal nature of criminal activity in the city.  They are further charged with the goal of disseminating crime analysis and mapping tools that they have developed to as broad a law enforcement user base as possible.  The Philadelphia Crime Analysis and Mapping System (PhiCAMS) is the product of this work and includes a robust data warehouse of spatial and tabular data, a distributed, web-enabled incident mapping system and various innovative crime analysis techniques using spatial analysis and statistics. 

 

Through an intensive precedent study, the CAMU found that research had been conducted on the causes of residential burglary, GIS as a technology to plot burglary events, statistical crime analysis and research of leading indicators of particular crimes.  Nowhere, however, did the CAMU discover a precedent for applying raster modeling in conjunction with spatial statistics for the rigorous study and modeling of residential burglary in urban situations. There is a preponderance of evidence relating to burglar’s structured target selection behavior.  Burglars are pattern-oriented people who commit pattern-oriented crimes, which gave this project the greatest chance of codifying the leading indicators involved in defining susceptibility. Because of this need, one of these tools developed early on by the CAMU was the burglary forecasting model (BSM).  Upon successful completion of Phase I, the PPD continues to search for funding to further investigate this application today and, due to innovations in GIS technology and more accessible spatial statistical tools, the development of advanced spatial models is far more obtainable now than even two years ago.   

 

Project Goals

 

The PPD desires to continue to investigate a promising residential burglary forecasting application that was previously developed by the CAMU.  Due to innovations in GIS technology, namely, ESRI’s exemplary ArcGIS, the development of advanced spatial models is far more obtainable now than even a year ago.  With a new, and rather comprehensive object model that allows the analyst and application developer to work seamlessly with vector and raster data models, this system provides just the base technology to improve the PPD’s existing applications.  

 

As residential burglary continues to be a primary concern of city-wide residents, and continues to be proven as a feeder crime for more violent and socially disruptive crimes such as robberies and drug use, advanced spatial tools to proactively address these problems become more desirable.  The proposed application would integrate GIS and advanced spatial statistics to develop a methodology of evaluating the significance of leading indicators of residential burglary, then produce statistically generated weights defining an indicators’ relative importance within the overall model.  These weights would be fed back into a forecasting model utilizing raster analysis and map algebra.  The proposed application would assist in determining weekly geographic areas at the block level that are most susceptibility to residential burglary.  

 

The resulting map of susceptibility would give commanding officers in the patrol division a valuable tool to utilize for more effective, proactive redeployment of their resources.  They would also assist burglary detectives to become more effective in their daily intelligence gathering and processing activities.  The resulting methodology would represent a tremendous resource towards the understanding of a specific urban crime pattern that plagues the nation.  The resulting model would be a replicable, portable set of code that could then be applied throughout the nation.

 

Research Design and Methodology

 

The GIS data layers that will be used for this model have either been generated internally through proven data development methods or have been obtained from other city agencies.  The availability of regular updates to the required data continues to exist through citywide data sharing agreements, while the original data automated development process that was utilized to prepare the input data sets for the forecast model will continue to be utilized throughout this project.  This insures that little time will be required for data gathering and development.  The majority of the development phase of the project can, therefore, concentrate on refining the data modeling procedures.  

 

This project would begin by first evaluating the methods originally utilized to convert the input vector data layers, representing the leading indicators, to raster data sets, refining the legacy forecasting model developed by the CAMU.  Spatial densities may have differing search radii, and spread/proximity functions may have differing extents.  These and other raster conversion methods have important effects on the long-term degradation of the data.  The most beneficial data conversion methods would be quickly defined and automated to insure accurate and valid input variables.  

 

Secondly, the project would evaluate the usefulness of two statistical modeling and significance testing methodologies:

1. The first scenario involves converting the dependant variable, current burglaries, into a binary raster surface indicating the absence or presence of a burglary in each cell.  The values of this resulting grid surface, measured in a nominal scale, would be the primary input to a logistic regression analysis.   

2. The second scenario involves converting the dependant variable, current burglaries, into a proximity raster surface indicating the distance away from a burglary for each cell.  The values of this resulting grid surface, measured in a ratio scale, would be the primary input to a multiple regression analysis. 
The resulting p values of the regression models would then be used to eliminate insignificant data layers from the model, while the residual beta weights would provide the values utilized to weight the leading indicator surfaces during the map algebra overlay procedure used to create the final burglary susceptibility surface.  

 

Finally, this surface would be statistically measured against the actual event locations for the forecast time period.  The resulting information would feed into an iterative process for testing and updating the model to define the most accurate method for short-term forecasting of residential burglary susceptibility.

 

Theoretical Underpinnings

The theoretical underpinnings of spatial and temporal analysis of crime patterns are myriad.  As early as the 1930’s Shaw and McKay extended the research of Burgess to develop a rudimentary, social-Darwinian understanding of cities as social and economic organisms.  In their efforts to develop a social ecological model of urban crime Shaw and McKay proposed that cities were formed in particular configurations based on the competition for scarce economic and social resources available within the fabric of the city.  This competition led to direct social conflict within the resident population over these same resources (Brantingham, 1981).  This concept seems especially applicable when applied to the expansive zones of the large, industrial-era urban centers of the eastern seaboard and Midwest, with their still-intact urban cores.  Contrasting with this approach was the ground breaking urban planning theory developed by Oscar Newman.  With the maturing of Newman’s Urban Design Theory in the 1960’s law enforcement and urban planners found new information linking the lack of defensibility of an urban space with its consistent criminal activity.  Newman explored the creation of more open (both visually and psychologically) spaces that would reduce criminal activity by making targets more ‘defensible’ and potential perpetrators more visible (Newman, 1973).  This concept represented a clear shift away from the study of criminal motivation and psychology as the basis of crime analysis towards the analysis of the spatial and temporal nature of crime events, taking us one step closer to the proactive use of information for policing.

 

The late 1960’s and throughout the 1970’s the movement away from the study of the psychological makeup of criminals towards a study of the environment within which criminal activity occurs continued to extend our understanding of the nature of crime.  The concept of Routine Activity Theory proposed by Cohen and Felson sought to define the minimal elements of any criminal event.  They defined these three elements as:

1. Motivated offender 
2. Suitable target 
3. Absence of capable guardians 
The major premise of their argument was that through a criminal’s routine activities, they begin a self-reinforcing lifestyle in which illegal activities are dependant upon other illegal activities.  Changes in their daily routines, therefore, begin to reinforce these illegal acts by requiring increasing amounts of time to search for rich sources of target (Cohen and Felson, 1979).  With the increased mobility current urban residents experience, this theory explains the increased likelihood of convergence of offenders with suitable targets (ie. residents susceptible to burglary).  At the same time the theory of Environmental Criminology attempted to discover a closer relationship between the spatio-temporal nature of criminal activity and the offender’s cognitive memory of a neighborhood  (Brantingham et al., 1981).  The Brantinghams also proposed the concept that an offenders cognitive templates become self-reinforcing through targeted social and movement patterns.  Their awareness becomes dominated by regular activities, such as travel to work or entertainment, as well as the movement between these activities (Brantingham et al., 1981).

 

Extending this work further, Clarke proposed in Situational Crime Prevention that we should simply acknowledge and expect the existence of willing offenders.  We should, therefore, concentrate on studying ‘Target hardening’ techniques that deter criminal activity (1992).  This, more proactive concept, builds from defensible space theory, as well as changes in policing through differential patrol and community policing.  Coupled with this research is Rengert’s consistent study of the location of the criminal act as an important piece of the crime the crime equation.  He proposed an Opportunity Structure Model that allows analysts to determine the accessibility of a residence, especially targeting residential burglary (Rengert, 1981).

 

Residential Burglary Studies

Because of the unique nature of residential burglaries and their wide-spread impacts, there have been a multitude of studies into residential burglaries; who commits them, how are they undertaken, site selection processes, etc.  This provides the project with a wealth of valuable research from which to build.  Mustaine, wanting to investigate criminal activity at the greatest level of detail, studied college students to assess what lifestyle or environmental risks can be used to predict a person’s propensity to become a victim of a crime, including burglary (Mustaine, 1988).  He discovered that a students’ daily routines, the frequency and duration of time spent away from their dwelling, as well as their dwelling’s accessibility led to their susceptibility.

 

Reppetto, as early as 1974, investigated the motivation and target selection process throughout the Boston metropolitan region.  After studying nearly 2000 residential burglaries he concluded that there are distinct social indicators of these crimes.  These findings were reinforced through interviews of arrested residential burglars (Reppetto, 1974).  More recently, Rational Choice Theory studies have extended the body of research into the decision making process for site selection of the residential burglars (Cromwell, 1991).

 

Not only have urban residential burglaries been studied, but suburban and rural burglaries have been investigated, providing this project with valuable insight.  Rural farm burglaries appear to have similar temporal frequencies as urban patterns.  They also appear to be as highly correlated to available transportation networks as in urban areas (Wood, 2000).  In their comprehensive study of suburban residential burglaries Rengert and Wasilchick discovered that the levels of non-discretionary time available to criminals directly impacts their frequency of action, such that the greater the levels of unemployment in an area the greater the number of potential offenders (Rengert and Wasilchick, 2000).

 

GIS and Residential Burglaries

More recently, with the inception of widespread and accessible GIS desktop applications, local law enforcement and research scientists have been using mapping technology in conjunction with new spatial and temporal analysis techniques to investigate residential burglaries.  GIS and maps have been utilized to plot and research the relationship between burglary locations, locations of household alarms, repeat-address alarms and repeat-address burglaries (Lebeau and Vincent, 1998).  GIS demonstrated its usefulness in discerning clusters of activity, while facilitating spatial and temporal patterns of crime (Brown, 2000).  Mapping rural burglaries has led to the understanding of the relationship between farm burglaries and proximity to highway networks (Wood, 2000).  Finally, GIS technology has allowed law enforcement personnel to visually survey and discover patterns in residential burglary data in Edmonton, Canada (Warden, 2000).

 

Statistics for Crime Analysis and Forecasting

Some promising examples of the use of spatial statistics provide a body of work from which to build.  Some of these examples have been very rudimentary investigations of the uses of statistics for mapping crime including work done within the LAPD.  Using very basic statistical methods for predicting serial events, researchers at the LAPD were able to generate moderate successes at short-term forecasting.  The work utilized a combination of averages and standard deviations for forecasting the next period of activity in serial robberies that were being perpetrated against the elderly in shopping centers (Geggio, 109).  With the accessibility of more advanced spatial statistical software such as Matlab and SPSS researchers and law enforcement personnel have the opportunity to extend these underdeveloped avenues. 

 

More advanced studies of point pattern analysis using statistical tools have been undertaken by a plethora of researchers, both in academia and law enforcement.  The findings of these investigations are routinely presented at widely attended crime mapping conferences, such as ESRI’s International Users Conference.  Cantor has done extensive research into this topic and has found that statistical methods and GIS methods must be utilized simultaneously.  His research has focused on answering two questions regarding a point distribution:

1.) When does a set of points constitute a cluster?

2.) What influences cause the pattern? (Cantor, 1995)

These are the fundamental questions of any forecasting methodology that deals with understanding and extrapolating spatial phenomena.  Cantor discovered the merits of spatial autocorrelation and standard deviation ellipses that were used to answer these questions (Cantor et al., 1995).  This research has proven limited in application, though,  because of the fact that much of crime analysis deals with singular event behavior within a larger spatial context, not simply its relationship to another singular event.  Surface modeling is one potential method to expand beyond point pattern analysis to take into consideration these broader, neighborhood effects.

 

Another, more advanced avenue of spatial statistical research comes out of Carnegie Mellon University and the pioneering work with artificial neural networks by Gorr and Olligschlaeger.  Olligschlaeger investigated the creation of an ‘early warning system’ for the Pittsburgh Bureau of Police that incorporates both GIS and advanced statistical modeling technology (Olligschlaeger, 1997).  By developing a spatial model of particular crime types, in this case drug transactions, the artificial neural network could evaluate criteria, learn from previous experimentation and adjust to emulate criminal activity more closely.  The resulting color-coded map of large grid cells would indicate ‘cold areas’ and ‘hot areas’ of predicted criminal activity (Olligschlaeger et al., 1997).  However promising this line of research may be, it has yet to be implemented in a cost-effective and replicable fashion.  Artificial neural networks take an inordinate amount of computing resources that are not available to local law enforcement.  They also require extremely advanced technical support for maintenance purposes.

 

Leading Indicators and Burglary Forecasting

An impressive range of research has now been completed pertaining to leading indicators of burglary and their uses for predictive purposes.  Leading indicators may be explained as the physical and environmental cues that a burglar responds to in a more cognitive way to search for suitable victims, or  that a burglar uses to evaluate a potential target.  Leading indicators can be the social and economic environments within which a residence exists, qualities that make the residence more or less susceptible to burglary.  These criteria are both temporal and spatial in nature and can range from time of day of residence vacancy to neighborhood demographic composition to visibility.  The following presents a wide range of examples from criminology research into developing leading indicators for residential burglaries.

 

In his comprehensive study of residential crime Reppetto discovered a high correlation between a neighborhood racial makeup and burglaries, such that the greater the population of an ethnic minority, the higher the burglary rates for that study area.  Coupled with this, he also discovered a relationship between the larger concentrations of the youth population, when in a lower-income, ethnic minorities, are more likely to be involved in criminal activity.  He discovered that a higher median income neighborhood that was adjacent to a lower-median income neighborhood was more susceptible to burglaries, as were residence in close proximity to previously burglarized residence (Reppetto, 1974).  Rengert and Wasilchick discovered that residences that were closer to the centers of neighborhoods experienced far less burglaries than those near the edges of neighborhoods (Rengert and Wasilchick, 1981).  This is most likely because of the familiarity that exists between neighbors within the core of neighborhoods typical in large, post-industrial cities.  They also provided scientific observation that more visible structures were more susceptible to burglaries due to their accessibility and enhanced surveillance opportunities (Rengert and Wasilchick et al., 1981).

 

Throughout the late 1980’s and early 1990’s geographers and researchers built upon the understanding of leading indicators for residential burglaries by further studying temporal and spatial characteristics of targets.  Mustaine developed a negative correlation between housing tenure and burglaries, discovering that the lower the tenure, the greater the chance of being burgled.  He also reinforces Rengert’s and Griswold’s findings as to the visibility of a residential structure (Mustaine, 1988, Griswold, 1992).  Cromwell researched more temporal aspects of burglaries to provide evidence of a high correlation between residential burglaries and weekday afternoons as a target time period.  This time period represented the least likelihood of the occupation of a residence (Cromwell, 1991).  He also compiled documentation supporting the concept of burglaries as the primary means of providing drug users with a readily exchangeable source of material with which to purchase drugs (Cromwell et al., 1991).  In contrast to these efforts to discover attractors of burglars, both Pease and Gillham found a strong negative correlation of the presence of neighborhood watches and residential burglaries.  Neighborhood watches have consistently been shown to discourage residential burglary activity (Pease, 1992, Gillham et al., 1992).

 

Finally, supporting research for effective leading indicators have been conducted through more recent criminological studies.  Seeming to support Reppetto’s findings with higher youth minority populations, Felson has compiled evidence of high susceptibility of a residence and its distance from schools in urban areas (Felson, 1998).  This is further supported through research by Reno in the City of Shreveport, LA, who also linked daytime hours to high susceptibility (Reno, 1998).  Lastly, empirical research has led to further support for the use of previous residential burglary locations as an important leading indicator of future activity (Lebeau and Vincent, 1997).

 

 

Summary of Phase I

In the Spring of 1998 the CAMU of the PPD decided to investigate methods of utilizing raster modeling techniques for crime analysis.  Two members of the CAMU had a wealth of previous experience developing and utilizing raster datasets for both academic and real-world projects.  The major research project that came out of this study was a rudimentary burglary forecasting model.  The ultimate goal of the project was to see if a simple raster model could be utilized as the foundation of a pattern-crime forecasting methodology.  Burglaries were chosen because of the preponderance of evidence relating to a burglars structured target selection behavior.  Burglars are pattern-oriented people who commit pattern-oriented crimes, which gave this project the greatest chance of codifying the leading indicators involved in defining susceptibility. The process of building the model included:
1. Determine through a literature review and interviews of burglary squad detectives throughout the PPD what leading indicators of burglaries should be used. 
2. Determine how, if available, supporting digital data for leading indicators could be obtained. 
3. Convert this data into raster surfaces through various local and neighborhood functions 
4. Normalize the raster datasets so that disparate areal and measurement units would be available for map algebraic functions. 
5. Compile a burglary susceptibility surface every two weeks through weighted spatial addition. 
6. Compare the actual burglary locations against the forecasted susceptibility surface to determine which input variables should be given greater weight within the model. 
7. Change the input weights of the raster data layers and compute a new burglary susceptibility surface forecasting the next two weeks of burglary activity. 
The leading indicators used for the raster model include:

	Leading Indicator

	Density of previous month of Burglary Locations

	Density of Previous month of Narcotics Arrest Locations

	Density of Previous month of Burglary Arrest Locations

	Proximity to High School Locations

	Proximity to Neighborhood Boundaries

	Racial Characteristics

	Population Density

	Median Household Income

(Relative to neighborhood)

	Assessed Parcel Value

(Relative to neighborhood)

	Number of Stories in Building

	Percent Rental Units

	Housing Tenure

	Building Visibility

	Existence of Neighborhood Watch Groups


 

Normalization Process for leading indicator surfaces:

	Leading Indicator
	Original Cell Value
	Normalized Cell Value

	Previous month of Burglary Locations
	Higher Density

Lower Density
	10

1

	Previous month of Narcotics Arrest Locations
	Higher Density

Lower Density
	10

1

	Previous month of Burglary Arrest Locations
	Higher Density

Lower Density
	10

1

	School Locations
	Near Proximity

Far Proximity
	10

1

	Neighborhood Boundaries
	Near Proximity

Far Proximity
	10

1

	Racial Characteristics
	Greater Disparate Race

Even Distribution of Race
	10

1

	Population Density
	Higher Density

Lower Density
	10

1

	Median Household Income

(Relative to neighborhood)
	Higher Income

Lower Income
	10

1

	Assessed Parcel Value

(Relative to neighborhood)
	Higher Value

Lower Value
	10

1

	Building Height
	2 to 3 stories

>5 stories
	10

1

	% Rental Units
	Higher % Rental Units

Lower % Rental Units
	10

1

	Housing Tenure
	Greater Housing Vacancy

Lesser Housing Vacancy
	10

1

	Building Visibility
	More Visible/Accessible

Less Visible/Accessible
	10

1

	Neighborhood Watch Groups
	Absence of Watch Group

Presence of Watch Group
	10

1


* Note: Greater a leading indicator cell influences burglary = higher the normalized susceptibility score
 

The initial results of Phase I were promising.  69.1% of the actual residential burglaries fell on or within 25’ of the highest 19.6% values for July 1997 data.  For the last two weeks of August 1997 data 75.5% of the actual burglary locations fell on the top 19.3% of values on the susceptibility surface.  Finally, for the first two weeks of September 1997, the highest 19.6% of the susceptibility cells captured 75.8% of the actual burglary locations.
 

However promising these results may have been, there were serious limitations to this process.  The first deals with the inclusion of all of the leading indicators into the model.  The CAMU at the time had neither the spatial statistical background nor the software applications to test for a leading indicator’s significance to residential burglary in a scientifically disputable fashion.  Also, many of the methods by which the original raster data set were produced were not fully evaluated.  Differences in the ultimate distance of a spatial spread function or differing density/interpolation functions have lasting affects on a data layers’ behavior in a forecasting model.  The CAMU, again, had not developed a successful strategy for statistically evaluating the resulting susceptibility surface against the actual burglary locations for the same time period.  This led to intuitive changes in the weighting process for the map algebraic overlay.  Oftentimes changes in weights for the following model would be made upon simple visual inspection of the resulting prediction surface as it compared to the actual locations of the previous model.

 

As often occurs in municipal level GIS departments, the CAMU has experienced an unfortunate turnover of its personnel as it grows and develops new goals.  The primary researcher investigating the initial model left the PPD in late spring of 1998, and the development of the burglary-forecasting model has been temporarily halted.  This project would serve as the vital and necessary impetus to reopen this investigation with a clear and concise methodology to extend the original research in new directions.

 

Phase II

To test the significance of a leading indicator for the model and to be able to generate the best residual beta coefficients for use as weights for the final overlay process used to build the susceptibility surface, a rigorous testing process must take place.  This testing step will evaluate the usefulness of two statistical modeling and significance testing methodologies:

1. The first scenario involves converting the dependant variable, current burglaries, into a binary raster surface indicating the absence or presence of a burglary in each cell.  The values of this resulting grid surface, measured in a nominal scale, would be the primary input to a logistic regression analysis.   

2. The second scenario involves converting the dependant variable, current burglaries, into a proximity raster surface indicating the distance away from a burglary for each cell.  The values of this resulting grid surface, measured in a ratio scale, would be the primary input to a multiple regression analysis. 
Regression models will be run to generate residual p values and beta coefficients.  The resulting p values of the regression models will then be used to eliminate insignificant data layers from the model, while the residual beta weights will provide the leading indicator weight values required during the map algebra overlay procedure to create the final burglary susceptibility surface.  The beta coefficients typically represent the size of the effect between the independent and dependent variables.  In the regression models, they indicate how much of the variance in the dependent variable the independent variable uniquely explains   These are the values that will be utilized in the susceptibility surface generation process to weight each of the significant leading indicators.

 

For each two week time period, a risk surface will be generated forecasting the level of susceptibility of each grid cell to residential burglary in the pilot area.  This will be accomplished using customized VBA programming within ArcGIS and Spatial Analyst.  A spatial surface overlay procedure will be codified to ensure rapid and efficient replication.  The overlay process will entail the addition of each of the significant leading indicators weighted by their resulting beta coefficient scores defined in the previous process.  The two resulting surfaces (one using logistic, the other using multiple regression models) will then be evaluated using the actual residential burglary incident locations that we recorded for the forecast time period.
 

Results Testing

After the susceptibility surface is generated using a weighted overlay process a rigorous strategy for statistically testing the distribution of high susceptibility cells and their spatial correlation with the actual burglary distribution will be formulated.  One method of accomplishing this will be to use a similar regression model as was described in the previous section for testing the significance of the leading indicators surfaces.  A second method of testing the resulting operational redeployment of personnel to respond to the distributed susceptibility surface will involve comparing the levels and dispersal of burglary activity in the pilot district with a control district.  If the pilot district redeploys their personnel according to the susceptibility surface, then the pilot area’s burglary distribution should not be a random or dispersed pattern, but one that is ‘anti-clustered’ avoiding the hardened blocks.  Also, the aggregate total of burglaries for the pilot district should have an overall decline, compared to their typical, weekly totals.  These methods will provide three different and valuable evaluation tools for judging the overall success of the model.

 

Conclusions

Widely available spatial statistics packages represent the key to solving the problems discovered during the first phase of the project.  This method represents both an accessible means of exploring forecast model and a financially affordable method of using GIS technology to generate a replicable model for a type of crime, residential burglary that plagues most of the United States.  It is vital that a model of this type be created as a precedent for other research regarding similar attempts to model other pattern-oriented crime events such as auto thefts, thefts from autos and narcotics sales.  The results of this study will provide the criminal justice system with a valuable tool in the fight against increasingly sophisticated criminal elements in our neighborhoods.  It will provide a valuable tool to commanding officers that need new methods to inform their deployment strategies.  Finally, it will provide the research community with a wealth of documentation for two a new type of forecast modeling approach for crime-related spatial phenomena. 
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