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ABSTRACT 

THE POTENTIAL OF SPATIOTEMPORAL METHODS TO IMPROVE CRIMINAL 

JUSTICE POLICY AND PROGRAM EVALUATION 

 

Alese Wooditch, Ph.D. 

 

George Mason University, 2016 

 

Dissertation Director: Dr. David Weisburd 

 

 

Empirical research in criminology has traditionally focused on individuals and 

communities as primary units of analysis, but there has been growing interest in micro 

units of geography to study crime. The current trend toward smaller geographic units of 

analysis has much to offer, but this transition also requires greater attention to the 

selection of methods and analytical techniques. This dissertation discusses the untapped 

potential of spatiotemporal methods to improve evaluation and development of criminal 

justice policies and programs. This research relies on two innovate spatiotemporal 

methods that have been neglected in the field of criminology to demonstrate the utility of 

taking advantage of methodological advances that analyze data across both space and 

time simultaneously.  The first technique demonstrated is a bivariate spatiotemporal 

Ripley’s k-function, which is employed to assess the deterrent effect of stop-question-

frisk practices on crime across space at a daily level.  The second technique 

demonstrated, agent-based modeling, is used to explore whether significant reductions in 
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crime can be achieved if police use unallocated patrol time to engage in focused-

deterrence strategies at hot spots rather than randomly patrolling a large geographic area. 

This dissertation focuses on how such spatiotemporal techniques can be useful tools to 

examine place-based criminal justice interventions and discusses ways the methods are 

advantageous over traditional, non-spatial evaluation methods.
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  CHAPTER ONE: INTRODUCTION 

Some scholars in criminology argue that we need to make fundamental changes in 

how we approach the study of crime.  In his recent American Society of Criminology 

Presidential Address, Weisburd (2015) argues, “it is time for criminology to take another 

turn in direction. The change is embedded not in a particular theory, but in the units of 

analysis that criminologists focus upon.”  This turning point refers to a transition from the 

perspective of focusing on individuals or communities to a focus on micro-geographic 

crime hot spots.  The current trend toward smaller geographic units of analysis has much 

to offer, but this transition also requires greater attention to the selection of methods and 

techniques for it to significantly advance criminology.   

Unlike research where the individual is the unit of analysis, studying crime at 

place raises new problems and considerations. One of these methodological concerns is 

the need to accommodate spatial dependency in observations that traditional aspatial 

approaches do not control for.  Even when researchers employ appropriate tools to 

address the spatial correlation in their data, care must be taken with selecting the unit of 

analysis. Researchers too often rely on geographic units that have been defined for 

administrative—not research—purposes or mask local level variation in crime as the 

result of the geographic aggregation process.  There is an added challenge of taking into 

account the temporal component of spatial data.  A growing number of techniques exist 
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to address or mitigate methodological concerns. When done correctly, knowledge of 

spatial and temporal components of crime is paramount to theoretical and practical crime 

prevention advances.   

The focus of this dissertation is to demonstrate two innovative spatiotemporal 

methods that have much to offer the study of crime. The primary contribution here is to 

show that taking advantage of methodological advances to analyzing data across both 

space and time can greatly improve our understanding of crime, and allow researchers to 

more effectively develop and evaluate place-based criminal justice interventions.  This 

chapter outlines the growing interest in crime at place are methodological solutions they 

solve, but also the methodological problems they cause. A discussion on how 

spatiotemporal techniques provide significant opportunity for advancing criminology and 

crime prevention follows.  The chapter concludes with a description of the chapters that 

follow.    

The Criminology of Place 

 

Interest in crime at place began in the early 1800s in France.  Guerry and Balbi 

found significant geographic variation in crime when they created the first map of crime 

events in studying the relation between education levels and crime (Weisburd, Bruinsma, 

and Bernasco, 2009).  During the same time period, Quetelet also found that some of the 

poorest geographic areas in France had the lowest rates of crime, leading him to believe 

that poverty in itself was not the cause of crime.  Despite these early studies, there has not 

been sustained interest in criminology at place.   
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Criminologists did not view crime and place as an important area of research in 

criminology again until early- to mid-1900s with scholars at the University of Chicago, 

who are perhaps best known for their work on crime as a result of studying 

neighborhoods.  Drawing on the parallels between the distribution of plant life and 

organization of human life (Park and Burgess, 1921), Chicago scholars Shaw and McKay 

produced spot maps to explore the distribution of juvenile delinquents by plotting their 

home addresses over a map of Chicago and used these geographic data to develop social 

disorganization theory, which links a number of structural neighborhood characteristics 

with high rates of delinquency.   

While work up until the Chicago school had a geographic element, much of its 

focus was still on explaining individual motivations for crime.  More recent interest in 

crime at place over the past few decades, however, tends to be focused more on providing 

an explanation for why crime events occur.  This perspective develops from the belief 

that furthering this line of inquiry will allow us to develop more effective crime 

prevention interventions and improve our predictions of crime without improving our 

understanding of criminality per se (Weisburd, Groff, and Yang, 2012).  Even though 

many scholars still believe that larger units of analysis (such as a neighborhood and 

community) are an important and theoretically relevant focus of study (Sampson, 2011, 

2012), there is a growing trend to study smaller units of geography (Weisburd 2015).  

These micro-based studies find that crime is highly concentrated at place (Pierce, Spaar, 

& Briggs, 1988; Sherman, Gartin, & Buerger, 1989; Weisburd, Morris, & Groff, 2009), 

levels of crime at place are relatively stable across time (Weisburd et al., 2006), that 
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much local-level variability in crime and place-based characteristics is masked when 

relying upon large geographic units of analysis (Groff, Weisburd, and Yang, 2010); and 

that crime is very predictable (Groff and Lavgine, 2002).  Literature on crime at place, 

especially at micro units of analysis, is still in its infancy. Conclusions from the work so 

far suggest that extraordinary untapped opportunities in developing crime theories and 

practical crime prevention interventions lie in this line of inquiry.  

Spatiotemporal Methods in Crime Research 

 

There has been a push toward applying analytical methods that use small units of 

geography because it is directly related to our ability to improve crime control programs 

and add new knowledge to criminology (Weisburd, Groff, and Yang, 2012).  Equally as 

important to these aims is applying methods that incorporate the temporal dimension of 

the data, yet spatiotemporal analysis is rarely employed in criminology.  As Maltz (1995) 

describes, “[i]n studying the relationship between communities and crime, most 

researchers use either one of two methods: quantitative and cross-sectional, or qualitative 

and ethnographic” (p. 318).  Given that crime events do not occur randomly in space or 

time, space-time analysis can offer much in the way of developing our theoretical 

understanding of crime—more so than any other statistical technique.  It is also 

appropriate because space and time provides natural constraints on human activity and 

the ability to take part in crime (Hagerstrand, 1970; Miller, 2005).   

With growing interest in examining crime at micro units of analysis, there is 

particularly good reason that more emphasis should be placed on using innovative and 

sophisticated methods that are available to explore data.  Spatial and temporal dimensions 
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of data pose new and unique challenges in analyzing data, but being able to identify and 

overcome these issues lead to greater insight than what could be provided with aspatial 

methods. The benefits of using approaches that accommodate the spatial and temporal 

distributions of crime over traditional aspatial analytical techniques is that it (1) avoids 

violation of statistical assumptions and reduces misspecification errors; (2) offers the 

ability to explore time and space variability in human interactions under varying 

conditions that would be unrealistic, unethical, or impossible to obtain from real-world 

phenomena; and (3) provides a more fine-grained understanding of the dynamic 

processes occurring and allows researchers to explore more complex questions. 

Addressing Issues with Statistical Inference  

Analytical techniques that give specific consideration to the spatial dimensions of 

data tend to be more complex than traditional, non-spatial approaches.  These approaches 

must take into account a number of spatial properties, such as location, distance, and 

distribution of the data.  Two fundamental concerns that criminologists face when 

modeling spatial data pertain to dealing with the spatial dependence in the data and 

selecting the appropriate unit of analysis. The reason for these concerns and ways to 

address these biases are discussed below.  

Knowledge of the spatial association in the data informs the selection of statistical 

models due to the need to address spatial problems. Spatial dependence and spatial 

heterogeneity are two of these characteristics.  Spatial dependence is when the value of 

data at one location is dependent upon the value of data at a close-by location. This 

concept forms the basis for Tobler’s (1970) first law of geography, “everything is related 
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to everything else, but near things are more related than distant things” (p. 236).  Spatial 

dependence is described as a second-order effect, whereby there is a tendency for 

neighboring values to have similar means and variances due to interaction effects.  For 

instance, violent crime occurring outside a bar may spillover to adjacent streets, leading 

elevated levels of crime in both areas.  

Spatial heterogeneity is another nuisance spatial effect, which is when an 

underlying spatial process leads the neighboring locations to have comparable values.  

Spatial heterogeneity is a first-order effect because the observed spatial variation is due to 

changes in the underlying local environment.  For instance, two street segments have 

elevated rates of violent crime because they are in proximity to a given subway station 

(Groff and Lockwood, 2014).  Spatial data patterns may be described as spatially 

dependent, spatially heterogeneous, or both.  The distinction between spatial dependence 

and heterogeneity in an observed spatial distribution is challenging. After all, the 

identification of a spatial pattern does not provide insight into the cause of the patterning 

or clustering.  

Another problem that commonly arises when analyzing spatial data is due to its 

aggregation.  The effect of the selected geographic unit of analysis on findings, known as 

the modifiable areal unit problem (MAUP), poses a significant threat to the validity of the 

conclusions we draw.  Since the geographic boundaries of the unit of observation do not 

align with the extent of spatial dependence, it will lead to measurement error that is 

spatially auto-correlated (Bell, Boyle, and Rubin, 2006).  Error is introduced into studies 

through factors related to scale and aggregation of spatial data.  The former is the 
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difference in results based on scale.  For instance, the crime rate for a given location will 

vary if crime is aggregated at block groups, census tracts, or at the county level.  This is 

known as averaging.  The aggregation (or zoning) problem occurs when selecting 

boundaries of analysis at a designated scale.  The error introduced through the 

aggregation problem is common since researchers often rely on data where the 

boundaries were drawn for administrative purposes.  As such, researchers may use two 

data sources that are at similar units of analyses, but yield dissimilar results because of 

how the boundaries are drawn.  

Scale and aggregation are a source of error due to the fact that often these data are 

not evenly distributed across space (they are spatially auto-correlated).  If data were 

distributed at random, the comparison of data geographic scales across different 

hierarchies (scaling effect) and the comparison of zones where boundaries were drawn 

differently will produce similar results.  Thus, the MAUP affects analyses of these data 

given that traditional statistical techniques are unable to account for interrelationships of 

data, and statistical techniques must be used to adjust for the degree of spatial 

autocorrelation in the data.  Without adjusting for spatially correlated data that the MAUP 

introduces, statistical models will produce biased results.  Indicators of spatial 

autocorrelation, such as Moran’s I, are used by researchers to assess how the data are 

distributed spatially.  If the degree of spatial auto-correlation is statistically significant, 

appropriate statistical techniques need to be employed to evaluate these data.   

The inappropriate treatment of spatially dependent data produces estimates that 

are biased and inefficient. A common violation to traditional statistical tests that these 
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data pose is that they are not independent and identically distributed. In this case, spatial 

analytical techniques must be employed that adjust for spatially auto-correlated error 

terms. Such common approaches include modeling the error by the underlying 

hypothesized process using a spatial weights matrix (Cliff and Ord, 1981) or by directly 

modeling the covariance matrix of the error terms (Matheron, 1963).  These approaches 

ensure that the underlying assumptions of the statistical tests are met, as well as 

minimizing bias in the findings.  The importance of accommodating data that are 

correlated in both time and space has been well documented (Kemp and Kowalczyk, 

1994).  There are also ample analytical methods that have been developed (and are 

continually being refined) for dealing with spatiotemporal data that criminologists can 

take advantage of.  

Expanding Possibilities through Space-Time Methods  

 

An innovative and advantageous spatiotemporal modeling technique that holds 

great promise in criminology is agent-based modeling (ABM) because it allows 

researchers to study crime under conditions that would be otherwise unrealistic, 

unethical, or impossible in the real-world.  This approach allows research questions to be 

explored by virtually simulating dynamic human-environment interactions in space at a 

micro-level unit of analysis. ABMs require little input data. Autonomous decision-

making entities, termed agents, populate these models. Researchers rely on prior 

empirical research to define simple rules that govern their decisions and interactions with 

other agents (Batty, 2005).  Agents have the ability to learn and adapt to their 

environment.  These probabilistic rules are informed using a mathematical formula that 
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provides the agent with the act to be performed given their current situation.  ABMs can 

be simulated over real world geographic backgrounds, such as a particular city, that may 

be useful in understanding the consequences of decision rules in a specific environment.  

However, there is no need to model the environment around a realistic backcloth 

(landscape) since the findings are still valid.  ABM is most informative under the 

simplest conditions and the complexity of the real-world environment may be more 

harmful than helpful (Elffers and Baal, 2008).  It also makes it challenging to tease out 

the underlying processes or mechanisms that explain the observed findings. For instance, 

are the outcomes the result of the model input parameters or the geographic layout of the 

modeled city?   

Despite being computer simulations, the models correspond to real-world 

phenomena and real-world implications can be inferred from the results.  As Townsley 

and Johnson (2008) note, the benefit of ABMs is that they “provide much needed 

experimental methods for social scientists to conduct the kinds of studies that are not 

feasible in the real world due to reasons of finance, measurement/logistics issues, ethical 

concerns, or where the observation of ‘subjects’ may bias experimental outcomes” (p. 3).  

A pseudo-random number generator drives the stochastic element of each simulation and 

the results are deterministic in that they may be replicated exactly by using the same 

random seed value.  Of course, the replication of results depends on where the random 

seed is specified in the ABM program code.  Specifying the same random seed when 

defining the setup of the model means that the agents will start in the same location in the 
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simulated environment but the decisions they make and the situations they encounter will 

vary with each simulation.  

The findings of ABM models are reproducible when using a random seed, and the 

sensitivity of changing a single parameter setting can be tested, all else being equal.  This 

concept is very similar to the plot of the classic movie, It’s a Wonderful Life (1946).  The 

main character in the movie, George Baily, is a frustrated and depressed businessman. As 

George is seriously contemplating suicide, his guardian angel comes to earth to show 

George what life would have been like if he had never been born.  George is able to see 

how this one event—his birth—subsequently changes the life trajectory of everyone he 

loves.  Another similar example is depicted in Groundhog Day (1993).  This movie is 

about a weatherman, Phil Conners, who awakes over and over again to the exact same 

day.  He soon realizes he must take advantage of re-living the same day as he is able to 

see how the same day would change just as a result of him changing his own actions. 

These parallels are much like an agent-based model. The user runs a certain model and 

then is able to see what would have happened if only one aspect about the model is 

changed.   

The Advantages of Spatiotemporal Methods 

 

Analytical methods that can accommodate the spatial and temporal dimensions of 

data simultaneously have much to offer in comparison to statistical techniques that are 

traditionally employed in criminology.  First, spatiotemporal methods expand our ability 

to ask more complex research questions.  For instance, how long does it take for targeted 

deterrence strategies to produce deterrent effects at crime hot spots? Over what duration 
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of time does a burglary occurrence increase burglary risk on nearby streets and how far 

do these effects last? To what extent are crime opportunities influenced by constraints in 

human activity across time and space?   

Second, spatiotemporal methods provide a more fine-grained way to study crime. 

The visualization techniques of spatial data are particularly useful tools for informing 

researchers and practitioners, and provide an easy and straightforward way to convey 

applied research to non-academics.  There has been a rapid growth of crime mapping to 

identify hot spots, and crime maps have been valuable in facilitating hot spots policing 

and other place-based crime prevention strategies (Groff and La Vigne, 2002; Weisburd 

and Lum, 2008). However, one area that criminologists and criminal justice practitioners 

have yet to take full advantage of is visualizations of space-time relationships.  For 

instance, a few studies have employed the spatial scan statistic to map changes in crime 

concentration at micro units of space and time (Hagenauer, Helbich, and Leitner, 2011; 

Nakaya and Yano, 2010).  

Spatiotemporal visualizations allow researchers to obtain a more nuanced 

understanding of the effects of place-based interventions than what even the most 

rigorous statistical methods can offer. While randomized experiments allow researchers 

to draw valid conclusions regarding the effectiveness of a focused deterrence strategy, 

exploring the dynamic spatial relationships of the experimental outcome data can provide 

additional detail on program effects.  For instance, it can be used to provide information 

about how far the effects of a hot spots policing intervention extend across both space 

and time simultaneously.  Such insight also informs our understanding of crime because 
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it allows researchers to make inferences about perceptual deterrence.  Space-time 

approaches to program evaluation can be more sensitive at identifying treatment effects 

since the effects can be examined across time and space rather than being spatially 

aggregated and averaged across the study period.   

Last, it produces more policy-relevant study findings than traditional analytical 

methods.  There are many ways that results from spatiotemporal methods can be readily 

translated into crime prevention strategies.  For instance, research demonstrates that 

previous burglary victimization is related to an elevated risk of burglary victimization in 

the future that declines with time (Bernasco, 2008).  There is also evidence to support 

that burglary victimization temporally increases risk of future burglary for the immediate 

surrounding area (Townsley, Homel, and Chaseling, 2003; Short, D’Orsogna, 

Brantingham, and Tita, 2009).  Evidence on near repeat victimization provides guidance 

on the development of burglary reduction strategies (Johnson, Bernasco, Bowers, Elffers, 

Ratcliffe, Rengert, and Townsley, 2007), and an evaluation of such program is currently 

underway (Police Foundation, 2015).  Once a burglary has occurred in an area, the 

intervention calls for the police department to notify residents within 24-hours that they 

are at increased risk for burglary.  This is a targeted awareness strategy because police 

provide residents with a one-page information sheet that suggests efforts they can 

undertake to reduce victimization risk.   

Scholarship on predictive crime mapping is also based upon space-time analysis 

of crime data, whereby the time and location of future crime events is predicted using 

historic crime data.  The development of this literature base is centered on improving the 
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identification of where to target place-based interventions (Groff and La Vigne, 2002). 

For example, one way spatiotemporal crime analysis can be translated into actionable 

crime prevention programs is through the use of The Hotspots Matrix (Ratcliffe, 2004). 

This tool delineates recommended policing intervention strategies that are dependent 

upon the spatial and temporal characteristics of a given hot spot.  The benefit of this 

approach is that even though hot spots remain relatively stable over long periods of time, 

such as years (Weisburd, Bushway, Lum, and Yang, 2004), there is substantial variation 

in crime risk at known hot spot locations each day.  Knowledge of temporal hot spots 

helps police departments tailor place-based deterrence strategies with better accuracy 

throughout the day than simply just an awareness of where crime tends to cluster in the 

city.   

Overview of What Follows 

 

The first spatiotemporal technique is illustrated in Chapter 2, which is a paper 

written by Alese Wooditch and David Weisburd entitled, “Using Space-Time Analysis to 

Evaluate Criminal Justice Programs: An Application to Stop, Question, and Frisk 

Practices.”  Given that effects of place-based criminal justice interventions extend across 

both space and time, this paper presents an analytical approach to evaluating spatially 

focused interventions that accommodates the spatial and temporal dimensions of the 

evaluation data simultaneously.  This technique, a bivariate spatiotemporal Ripley’s k-

function, is increasingly employed in the field of epidemiology to analyze spatiotemporal 

event data.  The study relies on x-y coordinates of the exact locations of stop-question-

frisk (SQF) and crime incident events in New York City to assess the deterrent effect of 
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SQFs on crime across space at a daily level. This chapter provides a description of the 

analytical technique and presents examples for how it is being employed in other 

disciplines.  Advantages of this technique over the adapted Knox test are discussed. The 

study finds that a bivariate spatiotemporal Ripley’s k-function is an innovative approach 

to evaluating place-based crime prevention interventions, and may serve as a useful tool 

to guide program development and implementation in criminology.  

In Chapter 3, a second spatiotemporal technique is illustrated in a paper entitled, 

“Improving Police Productivity Through an Efficient Use of Officer Downtime.” The 

paper demonstrates the utility of agent-based modeling in examining the effect of place-

based programs across space and time.  This technique allows researchers to create 

virtual societies inhabited by people (autonomous agents) and defines their actions using 

a series of decision rules.  The model then allows researchers to implement and assess 

place-based interventions in a virtual world, where the findings have real world relevance 

and implications.  The particular paper applies agent-based modeling to explore whether 

significant reductions in crime can be achieved if officers engage in focused-deterrence 

strategies at hot spots rather than randomly patrolling a large geographic area.  Guided by 

criminological theories, we are able to construct an agent-based modeling of a world 

inhabited by offenders, victims, and potential guardians to simulate the effect of 

maximizing unallocated patrol time on street robbery.  Not only does this technique allow 

researchers to analyze program effects across space and time simultaneously, but it also 

affords researchers the ability to carry out experiments that are otherwise impractical or 

too costly in the real world. For instance, it is unrealistic to have a police chief fire half of 
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her police force to examine the effect of police layoffs on crime and yet too costly 

examine the effect of doubling the size of a police force.   

 This dissertation concludes with Chapter 4, which provides a summary of lessons 

learned in the two case studies using spatiotemporal analysis in the prior chapters.  The 

chapter will give an overview of various spatiotemporal methods currently employed in 

criminology, as well as identify new or under-used analytical techniques that deserve 

greater attention. It will discuss theoretical and practical barriers of space-time crime 

analysis at the micro-level.  In particular, it stresses the need for researchers to take 

advantage of spatially referenced event data currently being collected and discusses ways 

that data limitations can be overcome in the future.  It concludes a focus on how the 

appropriate selection of methods and units of analysis have significant potential to 

advance the field of criminology.   
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CHAPTER TWO: USING SPACE-TIME ANALYSIS TO EVALUATE 

CRIMINAL JUSTICE PROGRAMS: AN APPLICATION TO STOP-QUESTION-

FRISK PRACTICES 

 

 

Evaluations of place-based criminal justice interventions have been limited in 

their ability to assess program outcomes in both space and time simultaneously. Prior 

scholarship in this area tends to consider only one of those elements at a time. For 

example, Koper (1995) employs event history analysis to examine whether police 

presence at crime hot spots creates residual deterrence. While useful to identify the 

optimal duration of time an officer should spend at a hot spot to achieve maximum 

deterrence (the Koper curve), this aspatial analysis does not provide information on how 

far deterrent effects extend over a given distance or whether crime in this particular 

instance is spatially displaced. Alternatively, a study may examine program effects over 

space and not time. For instance, Weisburd and colleagues (2006) examines whether 

concentrating policing at crime hot spots leads to spatial displacement of crime to nearby 

areas (a two-block radius surrounding the target area) and concludes that intensive police 

presence does not displace crime outside of the targeted areas. However, accommodating 

the temporal element of their data would yield a more approximate estimation of true 

treatment effects since program effects are averaged across the entire study.  The few 

studies that examine space-time effects often do so at a large unit of analysis that has 

been defined for administrative purposes, such as Sherman et al. (1995) who identify 
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space-time deterrent effects in their examination of the raids on crack houses over a 15-

day window but aggregate their data at the census block-level.   

The ability of analyses to detect space-time interactions is an important aspect of 

program evaluation because it allows one to associate observed crime reductions with 

program implementation. A space-time interaction implies “more than just spatial 

clustering (same places experience more burglaries than other regardless of time) or just 

temporal clustering (the overall risk of burglary varies by season)” (Fotheringham, 

Brunsdon, and Charlton 2000, p. 245), and arises when the location and time of 

occurrence for an event is dependent upon the location and time of occurrence of a 

separate event.  An example of a space-time interaction is when motor vehicle theft may 

become more frequent in coastal communities during the summer when there is an 

increase in the number of vacationers (Levine 2004).  In recent years, there have been 

developments in modeling to examine the problem of space-time interactions in the field 

of epidemiology.  Even though the underlying areas of study differ greatly, 

methodological advancements in epidemiology can be used to inform and advance the 

field of criminology.  

The aim of this study is to demonstrate the use a bivariate spatiotemporal K-

function, which is an innovative method for identifying space-time interactions (Diggle, 

Chetwynd, Häggkvist, and Morris 1995).  So far, this statistical technique has been 

neglected in the field of criminology, but it is increasingly used by epidemiologists to 

examine the interaction between two point patterns in space and time.  To illustrate this 

approach, the present study employs the method to assess the influence of police stop-
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question-frisk practices (SQFs) on crime at a microgeographic level. Specifically, we use 

crime incident data to examine the effect of SQFs conducted by the New York City 

Police Department (NYPD) in a selected subset of cases in the Bronx, NY over a 150-day 

period in 2006. We focus on how the statistical technique can be a useful tool to examine 

place-based criminal justice interventions and discuss its advantages over the Knox test (a 

more commonly used space-time approach), as well as traditional, non-spatial evaluation 

methods.1 

Background 

Review of Techniques for Quantifying Space-Time Clustering 

A number of measures to quantify space-time clustering have been developed in 

geographical epidemiology as a means of identifying outbreaks via the spatial 

distribution of infectious disease in a given timeframe.  One of the simplest and most 

common techniques is the Knox test, which was the first quantitative test of space-time 

clustering (Knox 1963). This technique was applied by Knox (1964) to identify unusual 

clustering of childhood leukemia in Northeast, England. Knox (1964) deemed leukemia 

cases as adjacent in time if two events occurred in less than 60 days and adjacent in space 

if they occurred within a distance of 1 km. A 2 x 2 contingency table may be plotted with 

this information, where X denotes the number of times leukemia cases occurred close in 

both time and space, N1S denotes the number of cases adjacent in space, and N1T denotes 

the number of cases adjacent in time (See Table 1). N represents the total number of, n,  

                                                 
1 For a more general examination of SQFs in New York City and discussion of broader policy implications, 

see Weisburd, Wooditch, Weisburd, and Yang (2015).    
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Table 1  Knox 2 x 2 Contingency Table 

                                                 Close in time        Not close in time                   Totals 

Close in space X N1T – X N1T 

 

Not close in space N1S - X N – N1S – N1T + X N – N1T 

Totals N1S N – N1S N 

 

 

 

cases that can be joined in all possible n(n - 1)/2 points pairs. From this process, Knox 

(1964) concluded that the number of leukemia cases close in time and space exceeded 

what should be expected based on chance, indicating a disease transmission.  

The original Knox test only allows point pairings to be placed into two space and 

two time categories, but an adapted Knox test has been adopted to accommodate a range 

of spatial and temporal scales (Johnson et al. 2007a; Townsley, Homel, and Chaseling 

2003; Wells, Wu, and Ye 2012; Wyant, Taylor, Ratcliffe, and Wood 2012; Zhang, Zhao, 

Ren, and Hoover 2015). Since the Knox test includes the corresponding space-time 

categories for each point pairings, the Mantel (1967) test has been employed to test for 

statistical significance because it accommodates the dependence in observations (David 

and Barton 1966).  The Mantel test is given by the following:  

∑ ∑ 𝑠𝑖𝑗𝑡𝑖𝑗

𝑗 ≠ 𝑖𝑖

 

where sij is the distance in space and tij is the distance in time between i and j events.  A 

z-test is then employed to determine if the observed values are significantly different than 

expected, and a separate z-score may be computed for each cell (Johnson and Bowers 
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2004a, 2004b). The Mantel test is equivalent to the Knox test when sij and tij take the 

value 1 when the points i and j are close in space and time.   

While the adapted Knox test is a useful and powerful tool to study space-time 

relationships, the spatiotemporal K-function overcomes several of its shortcomings.  In 

particular, (1) it is less computationally intensive, (2) does not have arbitrary cut offs for 

selecting space and time thresholds, (3) corrects for edge effects, and (4) is more robust 

under a number of conditions.  A description of the spatiotemporal K-function, along 

with how it differs from the adapted Knox test, is discussed in more detail below.  

One distinguishing feature is that the spatiotemporal K-function offers a similar, 

but more flexible approach to studying space-time clustering because it computes 

estimates over a range of pre-defined spatial and temporal buffers simultaneously. This is 

in contrast to the adapted Knox test, where estimates for each scale are computed 

separately through multiple tests (Ye, Xu, Lee, Zhu, and Wu 2015).  Given that the 

spatiotemporal K-function treats space and time continuously, it is less computationally 

intensive.  Since the estimates over a number of different thresholds are derived from a 

single test, the approach also partly overcomes the problem of the Knox test that arises 

due to the selection of arbitrary cut offs and multiple testing (McNally, James, Picton, 

McKinney, van Laar, and Feltbower 2012; Picado, Guitian, and Pfeiffer 2007). As Diggle 

and colleagues (1995) describe the computation of the spatiotemporal K-function:  

[T]he estimate of the second-order properties of the process is closely related to 

Knox’s statistic X, but interpreted as a function of spatial and temporal 

separation rather than for a fixed pair of threshold values [for space] and [time]. 

This interpretation provides a natural way of combining information from 

different spatial and temporal scales, whether for estimation purposes or to 

construct an omnibus test of space-time clustering. (p. 125) 
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It expands upon Ripley’s K-function, a technique that is traditionally employed to 

examine the degree of clustering or dispersion among a univariate, purely spatial point 

pattern (Ripley 1976).  

     The estimation of the bivariate spatiotemporal K-function involves three components: 

 

K(s)=1

λ
E[number of type j events within distance, s, of an arbitrary type i event]  

K(t)= 1

λ
E[number of type j events within time, t, of an arbitrary type i event] 

K(s, t)= 1

λ
E[number of type j events within distance, s, and time, t, of an arbitrary type i 

event] 

 

where λ is the expected number of events per unit space per unit time, s is the user-

specified distance from point i event to point j event, and t is the duration of time after 

event i. The number of events (N) and the area (A) may be used under the assumptions of 

homogeneity to estimate the intensity of the point pattern λ=N/A.   

Figure 1 presents elements of K(s). The estimation of K(s) for the example of 

SQFs described below would be calculated only for SQFs falling within the bounding 

window around the area of interest, A.  The spatial clustering of crimes (indicated by 

points j in Figure 1) around SQFs (indicated by points i) is then examined within a given 

radial distance, d, of where the SQF occurred.  The estimation of K(s) is only computed 

using information of where these events occurred irrespective of when they occurred.  

The elements in Figure 1 are similar to �̂�(𝑠, 𝑡), but time is incorporated by having points 
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i that are used in the estimation drawn from lag times, t.  For instance, a 2-day time lag 

would mean that only crime events occurring 2 days after an SQF occurrence and within 

the given radius would be used in the computation.  

     �̂�(𝑠), �̂�(𝑡), and �̂�(𝑠, 𝑡) are given by  

�̂�(𝑠) = | 𝐴 | {𝑛(𝑛 − 1)}−1 ∑ 𝑤𝑖𝑗𝐼(𝑑𝑖𝑗 ≤ 𝑠)𝑗≠𝑖 , 

�̂�(𝑡) = 𝑇 {𝑛(𝑛 − 1)}−1 ∑ 𝑣𝑖𝑗𝐼(𝑢𝑖𝑗 ≤ 𝑡),

𝑗≠𝑖

 

and 

�̂�(𝑠, 𝑡) = | 𝐴 | 𝑇 {𝑛(𝑛 − 1)}−1 ∑ 𝑤𝑖𝑗𝑣𝑖𝑗𝐼(𝑑𝑖𝑗 ≤ 𝑠)𝐼(𝑢𝑖𝑗 ≤ 𝑡).

𝑗≠𝑖

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1  Elements of Ripley's K-function Estimation 
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If these point patterns are independent, �̂�(𝑠, 𝑡) = �̂�1(𝑠)�̂�2(𝑡).  Spatial and temporal edge 

effects are calculated separately. The weights, 𝑤𝑖𝑗, represent a correction for edge effects 

in estimating second-order properties, and the weights, 𝑣𝑖𝑗 , serve the same role for the 

estimation of temporal properties (Lotwick and Silverman 1982; Ripley 1982).  

As noted, a benefit of the spatiotemporal K-function over the Knox and Mantel 

tests is its ability to account for edge effects (arbitrary boundaries imposed around the 

data), which can affect statistical inference (Lynch 2006; Picado et al. 2007).  Censoring 

bias (due to the inability of observing the full extent of the geometrical object that lies 

partially within the sampling window) and sampling bias (due to the likelihood of 

observing a geometrical object being dependent upon its size or shape) are two of these 

validity threats (Baddeley 1998).  There are a number of edge corrections for estimating 

K. The isotropic correction originally proposed by Ripley is perhaps the most common.  

This correction scales K by the ratio of the circumference of the search circle that falls 

outside the bounding window to the circumference of the search circle at location 𝑠𝑖 that 

falls inside the bounding sampling window A (Lee, Kulperger, and Yu 2013).  As with 

the univariate K-function, this correction can be employed to obtain K-estimates that are 

unbiased by edge effects (Pélissier and Goreaud 2015).2  Due to the border correction, 

�̂�𝑖𝑗(𝑠, 𝑡) and �̂�𝑗𝑖(𝑠, 𝑡) are highly correlated but not identical (Arbia, Espa, and Quah 

2008).   

                                                 
2 This correction is employed when computing the space-time K-function in R using the splancs or spatstat 

packages (Pélissier and Goreaud 2015; Ye, Xu, Lee, Zhu, and Wu 2015), which require the user to specify 

a sampling window boundary.   
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Instead of analyzing cross-correlations, the spatial and temporal dependence 

between the point patterns is assessed using the spatiotemporal K-function with the 

derived function: 

�̂�0(𝑠, 𝑡) =
�̂�(𝑠, 𝑡) − �̂�(𝑠)�̂�(𝑡)

�̂�(𝑠)�̂�(𝑡).
 

�̂�0(𝑠, 𝑡) represents the portion of the space-time correlation that remains after correction 

for purely spatial and purely temporal correlations, and it is a global measure that defines 

the scale and nature of the dependence between type j and i events.  A �̂�0(𝑠, 𝑡) value of 1 

is considered a strong space-time interaction or a doubling of the risk of a point j type 

event following a type i event (Diggle, personal communication, February 11, 2014; 

Lynch and Moorcroft 2008; Poljak, Dewey, Rosendal, Friendship, Young, and Berke 

2010; Sanchez, Stryhn, Flensburg, Ersbøll, and Dohoo 2005). 

The results between the spatiotemporal K-function and adapted Knox test may be 

similar (Ye, Xu, Lee, Zhu, and Wu 2015), but are different under certain conditions.  The 

Knox and Mantel tests tend to be more similar to the K-function when the possibility for 

edge effects is deemed low (such as with short distances, d) (Townsley et al. 2003) or 

when adequate statistical controls can be employed to overcome boundary problems 

(Johnson and Bowers 2004a).  A study that compared the results of the spatiotemporal K-

function and adapted Knox found that larger differences between the two techniques are 

expected when “the space and time spans go beyond half size of the study area and half 

of the study time period […] in order to generate large enough distortion for different 

boundary definitions to make a difference” (Ye et al., 2015, p. 4).   
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Dissimilar results may also arise under circumstances where the spatiotemporal 

K-function is more robust.  First, the adapted Knox test is sensitive to seasonality, and 

requires the user to manually control for effects of weather (Johnson, Birks, McLaughlin, 

Lowers, and Pease 2007).  In contrast, �̂�0(𝑠, 𝑡) automatically eliminates correlations 

between the point patterns attributed to both temporal (e.g. weather) and spatial (e.g., 

elevation) covariates (Lynch and Moorcroft 2008).  Second, Knox tests that use the chi-

squared (Knox 1963) or Poisson (Knox 1964) tests to identify space-time interactions are 

at risk for overestimating statistical significance; the interaction between space and time 

are compounded with these tests as sample size increases (Levin 2004). The 

consequences of violating the assumption of independence exacerbates this issue because 

the unit of analysis in the Knox test is the point pair (not a single event), with each point 

contributing to n - 1 of the pairs considered (Grubesic and Mack 2008; Johnson et al. 

2007a, 2007b).  Third, unlike the Knox and Mantel tests (Malizia 2012), another benefit 

of the spatiotemporal K-function is that it “is likely to be robust [to missing data] unless 

the underreporting [of said point patterns] is severe and confined to specific spatial 

locations and times” (French, Webster, Zheng, Fenton, Clough, and Diggle 2006, p. 3). 

Application of Space-Time Clustering Analyses 

While limited, the use of an adapted Knox test to diagnose space-time clustering 

in criminology is increasing. It is most frequently implemented to test the near-repeat 

victimization hypothesis (Johnson and Bowers 2004a, 2004b; Townsley et al. 2003; 

Zhang et al. 2015), particularly with residential burglary risk.  Johnson and Bowers 

(2004a), for example, show that repeat burglaries tend to cluster within 2 months and 



26 

 

300-400 meters of a given burglary. Grubesic and Mack (2008) compare the degree of 

spatial-temporal clustering among different crime types. They find strong spatial-

temporal hot spots of burglaries (<650 meters within 14 days), assaults (<161 meters 

within 9 days), and robberies (> 600 and < 2500 meters within 1 and 8 thru 14 days) 

within time and space. Wells and colleagues (2012) find that near-repeat gun assaults 

cluster in small spatial distances within a 28-day period. Lastly, Wyant and colleagues 

(2012) use the adapted Knox test to demonstrate police firearm suppression effects up to 

two blocks away from a firearm arrest (< 6 days).  

Applications of the spatiotemporal K-function are most commonly found in 

geographic epidemiology to study the transmission of disease across space and time. For 

example, French, McCarthy, Diggle, and Proudman (2005) use the approach to determine 

if spatial and temporal patterns interact to produce space-time clustering of equine grass 

sickness cases, whereas McNally, Ducker, and James (2009) test the hypothesis that 

environmental factors contribute to primary biliary cirrhosis disease cases. Lynch and 

Moorcroft (2008) employ the space-time K-function to determine if western spruce 

budworm infestations affect the likelihood of a forest fire. Other studies apply the 

technique to explore the spread of foot-and-mouth disease (Picado et al. 2007; Wilesmith, 

Stevenson, King, and Morris 2003), outbreaks of bursal disease in broiler chicken farms 

(Sanchez et al. 2005), patterns of occurrence that would suggest infectious origin of type 

1 diabetes (Zhao, Moyeed, Stenhouse, Demaine, and Millward 2002), and the 

transmission of porcine circovirus associated disease (Poljak et al. 2010) and 

Legionnaires’ disease cases (Bhopal, Diggle, and Rowlingson 1992). A review of the 
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literature did not find any applications of a bivariate spatiotemporal K-function in 

criminology.  

Hypothesis Testing 

 

Since approaches for testing null hypotheses (or “the null hypothesis”) correspond 

to different frameworks, it is important to select a relevant null hypothesis as it can 

change the interpretation of spatial relationships (Goreaud and Pelissier 2003).  Two 

common methods for testing a null hypothesis with the bivariate extension of Ripley’s K 

are random labeling and independence (Diggle 1983; Dixon 2002).  Marcon and 

colleagues (2015) describe the differences in assumptions (see Goreaud and Pelissier 

2003 for further discussion): 

The random labeling hypothesis considers that points preexist and their 

marks are the result of a process to test (e.g. are dead trees independently 

distributed in a forest?). The population independence one considers that 

points belong to two different populations with their own spatial structure 

and wants to test whether they are independent from each other. (p. 3) 

 

Random labeling is induced by the random permutation of times, ti = 1, … , n, from the 

observed distribution (x and y coordinates held constant).  For instance, random labeling 

assumes that different processes generate the patterns of SQFs and crimes, and under this 

method, the time of occurrence labels (day of year in this case) are randomly shuffled 

while holding the x-y coordinates of the SQFs constant.  Departure from independence in 

this instance signifies that an interaction exists between SQFs and crime that displays 

attraction or repulsion. A number of studies have undertaken hypothesis testing using 

random labeling over a range of distances with the K statistic (Diggle et al. 1995; Gatrell 

et al. 1996; Lynch and Moorcroft 2008; Picado et al. 2007) and the adapted Knox test 
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(Grubesic and Mack 2008; Johnson, Summers, and Pease 2009; Ratcliffe and Rengert 

2008; Wells et al. 2012; Wyant et al. 2012).   

Alternatively, independence testing randomizes the relative position of the points 

for each Monte Carlo simulation of envelopes at every distance lag, d (Lotwick and 

Silverman 1982).  The simulation envelopes generated are applied in a two-sided fashion, 

and the null hypothesis is rejected when the observed patterns fall below or above the 

envelope (Dixon 2002). As such, independence hypothesis testing assumes that the 

process of assigning labels to SQFs acts independently of the locations of crimes, and 

departure from this is conditioned on the locations of events of the independent 

population (De La Cruz, Romao, Escudero, and Maestre 2008). Accordingly, this process 

would be induced by displacing all the locations of SQFs by a randomly chosen distance 

while holding the location of crimes fixed (Arbia, Espa, and Giuliani 2015).   

A concern has been raised by Loosmore and Ford (2006) regarding the use of 

randomization for hypothesis testing with spatial point patterns, such as with the K 

statistic. They contest that the “use of CSR [complete spatial randomness] as a null model 

is uninformative in that no spatial processes are truly random” (p. 1929). They go on to 

demonstrate that a hypothesized spatial model calculated from CSR significantly 

underestimates the expected type I error rate—and the estimation of simulation envelopes 

over a range of distances (such as with the spatiotemporal K-function and adapted Knox 

test) to determine if the observed pattern deviates from the hypothesized model is also 

questionable.  Loosmore and Ford (2006) present an example in prior research where the 

authors constructed 95th percentile confidence intervals (CI) using simulation, and 74 of 
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99 of those simulations of CSR contributed to the upper or lower CI for at least one 

spatial lag.  This makes the type I error rate ~74%, not the nominal 5% that is expected. 

The type I error rate is also incorrect when inferring scale, such as a range of spatial 

distances, since “results at any distance reflect both the instantaneous value at that 

distance as well as the combined results from small distances […] Results for an 

observed pattern could therefore lie outside the envelope at a distance where the 

instantaneous value was not different than the specified model” (p. 1927). The use of the 

Bonferroni correction, which is sometimes employed to deal with the issue of multiple 

testing, is inappropriate for addressing the incorrect type I error rate since “both the 

correlation between results at consecutive distances which violates the assumption of 

independence, as well as the large number of distances being simultaneously evaluated” 

(p. 1927).  

One way to preserve the type I error rate is to use an approach proposed by 

Loosmore and Ford (2006), which is to collapse down the information into a single 

statistic. A limitation of this approach, however, is that information on what spatial scale 

might be driving significant results is lost since only a single statistic is provided.  Given 

these considerations, a method of hypothesis testing should be chosen when using the K 

estimate (or adapted Knox test) that is theoretically relevant and preserves the nominal 

type I error rate.  

Data and Methods 

 

To provide an example of this method, we draw upon a sample of data from a 

study of SQF practices in NYC (Rosenfeld, Chauhan, and Weisburd 2012).  SQF refers 
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to instances in which an officer, typically as part of normal patrol, stops an individual and 

requests some information. These periods of detainment sometimes (but not always) 

involve a frisk of the individual for weapons.  SQFs are sometimes called Terry stops, 

because the 1968 Supreme Court decision in Terry v. Ohio gave officers the right to stop 

and detain a person, when there was reasonable suspicion that he or she was in the act of 

committing a crime or about to commit a crime (see Jones-Brown, Gill, and Trone 2010). 

SQFs have become extremely controversial, leading some scholars to argue that the 

approach is likely doing more harm than good (e.g. see Fagan, Geller, Davies, and West 

2010).  The approach has been criticized for targeting the young, minorities, and specific 

neighborhoods of the city (see Gelman, Fagan, and Kiss 2007; Ridgeway 2007; Stoud, 

Fine, and Fox 2011).  SQFs in NYC provide an appropriate case for illustrating the 

space-time interaction method because they are targeted at specific places, and they are 

strongly confounded in space and time with crime (Weisburd, Wooditch, Weisburd, and 

Yang 2015).   

Our specific focus is a sample of cases drawn from a 150-day period in the Bronx, 

NYC in 2006.  We limit our analyses to a specific time period and one NYC borough to 

make the computation and presentation of our analyses manageable.  At the time of this 

study, the crime rate was higher in the Bronx than NYC citywide (5.44 versus 5.01 per 

1,000 people) (New York City Police Department 2014).  The data included all non-

traffic related crime incidents and SQFs that occurred in NYC for the time period of 

interest.  The dataset provided included x-y coordinates of SQFs and crime incidents, as 
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well as their dates of occurrence.3  Figure 2 presents a map of these crime incidents and 

SQFs by street segment. This 150-day study period had 45,027 crime incidents and 

32,600 SQFs in the Bronx, for a total of 77,627 events. A time series plot of the total 

number of SQFs and crime incidents each day during the study period is presented in 

Figure 3. The New York penal law classifications of the crime incidents were as follows: 

13.8% minor violations, 60.4% misdemeanors, and 25.8% felonies.  

Estimation of Spatiotemporal K-Function 

 

The following section describes the specifications of the spatiotemporal K-function that 

was computed to examine the likelihood of a crime incident following an SQF in space 

and time at a micro-scale.  Detail is also provided on the two informative null spatial 

patterns to which this distribution is compared. Inferences will be made with these 

hypothesized models because they are more theoretically relevant than a distribution 

based on Monte Carlo/random labeling methods and do not suffer from incorrect type I 

error rate performance discussed by Loosmore and Ford (2006). All analyses were 

computed using the splancs package in R (R Development Core Team 2005) and K1D 

software (Gavin, Beckage, and Osborn 2008; Gavin, Hu, Lertzman, and Corbett 2006).4,5    

 

                                                 
3 All events were geocoded by the NYPD, and a hit rate of 96.8% and 97.9% was obtained for crime 

incidents and SQFs, respectfully. The geocoding hit rate is well above the 85% suggested threshold for a 

minimal reliable geocoding rate (Ratcliffe 2004). Crime incidents involving rape and other sex crimes were 

not included in the analyses because the x-y coordinates were redacted by the NYPD (1% of incidents).  

4 �̂�0(𝑠, 𝑡) may be estimated exclusively in R software, but K1D was selected to calculate the unbiased 

estimate of K(t) due to computational efficiency (see also Bigler, Gavin, Gunning, and Veblen 2007; Hu et 

al. 2006; Long, Whitlock, and Bartlein 2007; Schoennagel, Veblen, Kulakowshi, and Holz 2007).  K1D 

software is available from the University of Oregon, Department of Geography’s website: 

http://geog.uoregon.edu/envchange/pbl/software.html/.  

5 A subset of events were analyzed from the Bronx to ensure that K-function estimates were robust against 

spatial heterogeneity within the study area (such as that caused by rivers, etc.). 

http://geog.uoregon.edu/envchange/pbl/software.html/
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Figure 2  Spatial Distribution of Crime Incidents and Non-Confounded SQFs in the Bronx (Jan - Jun 2006) 



33 

 

 
Figure 3  Trends in Crime Incidents and SQFs in the Bronx (Jan - Jun 2006) 

 

 

 

 

Average K-Function on Days with an SQF 

 

�̂�𝑆𝐶(𝑠, 𝑡) represents the increased risk of a crime event due to an SQF at a spatial distance 

s and time lag t, where i is the SQF event and j is the crime incident. Simply put, the 

estimate provides an indication of the average likelihood of a crime event at various 

distances immediately surrounding an SQF the day(s) following its occurrence. �̂�𝑆𝐶(𝑠, 𝑡) 

was computed across a range of cut-offs for the space and time dimensions.  The 

selection of a temporal buffer was guided by literature indicating that deterrent effects of 

place-based interventions in targeted areas are short-term (Koper 1995; Sherman 1990; 

Weisburd et al. 2006) and, more specifically, by Wyant and colleagues’ (2012) (found 
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that deterrent effects from gun arrests lasted up to 6 days). Nonetheless, the selection of 

the spatial and temporal buffers were exploratory given that there is limited research on 

the specific residual deterrent effect of SQFs (and police presence generally) at various 

time intervals and across space.  The distance parameter, s, was estimated in 100 feet 

intervals that ranged from 0-feet (exact location of the SQF) to 500-feet. The max buffer 

radius is slightly longer than the average street segment in the Bronx, which is about 387 

feet from intersection to intersection (Md=284 feet; SD=315 feet; n=12,615 segments).  

Our choice of these buffers related in part to our desire to limit the examination of 

deterrent effects to areas that would likely be clearly visible from the location of where 

the SQF occurred (Sherman et al. 1989; Sherman and Weisburd 1995; Weisburd and 

Mazerolle 1995), as well as because useful information in �̂�0(𝑠, 𝑡) is confined to small 

values of s and t relative to the spatial and temporal dimensions of A x (0, T) due to 

sampling fluctuations (Diggle et al. 1995).  The time lag, t, increased in daily increments, 

ranging from 1 day (the day after the SQF) to 5 days following the SQF.  These 

specifications produced a 5-row by 6-column array of 30 estimates.  

One estimation problem in these data is that SQFs can co-occur close in space and 

time.  Indeed, prior findings that SQFs represent a hot spots policing approach (Weisburd 

et al. 2014) mean that such clustering is very likely.  While we recognize the importance 

of estimating models taking into account this clustering, for the purposes of illustrating 

the spatiotemporal K-function, we focus below on a subset of events in which we exclude 

any cases in which there will be multiple SQFs in the space and time buffers.  In this 

example then, SQFs cannot be contaminated by the influence of neighboring SQFs. To 
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do this, the Euclidean distance in space for each pair of SQFs was computed and points 

falling within a 250-foot buffer in the same 6-day period were removed from the dataset. 

This process identified 23,356 SQF events that had a subsequent SQF in the exact 

location within a given 6-day period, and another 4,895 SQF events that had a subsequent 

SQF within a 250-ft distance during the same period. This left a total of 4,349 SQFs that 

were not confounded by neighboring SQFs in time or space (see Figure 4), which 

represents 13.3% of SQF occurrences during the study period. Even though the selection 

of this subset may not be generalizable, it was chosen because it creates a straightforward 

measure of the K statistic without the complexity of potential confounding SQFs in the  

 

 

 

Figure 4    Trends in Crime Incidents and Non-Confounded SQFs in the Bronx (Jan 

- Jun 2006) 

 

Crime axis SQF axis 
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same area.  

Average K-Function on Days without an SQF 

 

To determine if SQFs influence the likelihood of a crime incident, one option is 

an estimate of how much crime would be expected at these locations on days when an 

SQF did not occur. This null distribution has no space-time interaction and is deemed 

�̂�𝐹𝐶(𝑠, 𝑡).  In this instance, crime incidents remain type j events but the technique 

requires the user to input the time and location of type j events.  Since we are interested 

in the likelihood of crime in the absence of an event, a dataset of fake type j events were 

generated for the analysis (x-y coordinates and corresponding time of occurrence). These 

events “occurred” every day a real SQF did not take place and were only generated at 

locations where an actual SQF occurred during the study period (based on x-y 

coordinates).  However, since it is expected that police officers bring SQFs to areas 

where a crime has occurred and that there is an expected deterrent effect, fake events 

were not generated on days close in time to an actual SQF occurrence (only crime levels 

at least 7 days before and after an SQF were assessed).  A subsample of 10,000 fake 

events were randomly selected from this distribution for each month, and �̂�𝐹𝑆(𝑠, 𝑡) was 

computed with these events using actual crime incidents. This process was replicated 99 

times (with replacement) and the final null distribution estimate of �̂�𝐹𝑆(𝑠, 𝑡) was taken as 

the mean of the 99 subsample estimates, with confidence limits derived from the 2.5 and 

97.5 percentiles of the subsample distribution.6  

                                                 
6 The confidence intervals for �̂�𝐹𝑆(𝑠, 𝑡) and �̂�𝐶𝐶(𝑠, 𝑡) are very narrow. The confidence intervals would not 

be visible if included in Figure 5, so they have been included the in-text description of the results below.   
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Average K-function on Days Following a Crime Incident  

 

A second benchmark, �̂�𝐶𝐶(𝑠, 𝑡), was also calculated to estimate the likelihood of a 

crime event following a given crime occurrence. This counterfactual was selected 

because police tend to respond to periods of high crime at these locations by increasing 

SQFs, and accordingly, the likelihood of a crime event the days following an SQF is also 

highly contingent upon the occurrence of a crime event.  A random thinning operation 

(Lewis and Shedler 1979; Ogata 1981) was undertaken in which 500 crime events were 

retained each month and the likelihood of a crime event following these randomly 

selected points was estimated. The K-function is invariant over random thinning (Cressie 

1993; French et al. 2005) because the retention or deletion of each point is independent of 

other points and the probability is proportional to the reciprocal of the estimated 

conditional intensity at that point (Schoenberg 2003). 

To be considered for random selection, the crime event had to have taken place at 

locations where SQFs occurred in the present sample (based on x-y coordinates) but did 

not occur close in time to an actual SQF occurrence (only crime levels at least 7 days 

before and after an SQF were assessed).7  This buffer was selected to ensure that effects 

would not be confounded by police bringing an SQF to a location as a result of a crime, 

nor would it be affected by residual deterrence effects from the SQF itself.  A comparison 

of crime severity between SQF days and non-SQF days suggests that police are more 

                                                 
7 A total of 37.2% of crime incidents in the sample occurred at the same location as an SQF during the 

study period.  The majority of instances when crime and SQF locations match exactly are likely due to the 

events co-occurring on street intersections. This inference is based on research demonstrating that the 

majority of SQFs and nearly a quarter of crime incidents in NYC occur at intersections (Weisburd et al. 

2014). A comparison of the type of crime incidents occurring on intersections versus street segments for 

years 2006 to 2011 are as follows: personal (35.6% versus 33.9%); property (32.9% versus 45.9%); 

drugs/alcohol and prostitution (22.1% versus 13.8%); and other (9.4% versus 6.3%).   
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likely to conduct an SQF on days when a more serious crime event has occurred, though 

the differences are not large: minor violation (10.0% on an SQF versus 13.2% on a non-

SQF day), misdemeanor (65.4% versus 61.8%), and felony (24.4% versus 25.0%). The 

500 randomly selected crime events were weighted to ensure that the severity of offenses 

from each subsample was similar to those on SQF days (13.2% minor infractions, 61.8% 

misdemeanor, and 25.0% felonies).  As with the prior null distribution, this process was 

replicated 99 times (with replacement) and the final null distribution estimate of �̂�𝐶𝐶(𝑠, 𝑡) 

was taken as the mean of the 99 subsample estimates. For a �̂�𝑆𝐶(𝑠, 𝑡) estimate to be 

considered significantly different from what should be expected, it must be an extreme 

value relative to �̂�𝐹𝑆(𝑠, 𝑡) and �̂�𝐶𝐶(𝑠, 𝑡). 

Results 

 

The results of the space-time K-function across time by distance lags are 

presented in Figure 5. A comparison between �̂�𝑆𝐶(𝑠, 𝑡) and �̂�𝐹𝑆(𝑠, 𝑡) suggests a modest 

deterrent effect.  The likelihood of a crime event is lower when an SQF occurred in 

contrast to a day a crime event occurred without an SQF across time and distance lags, 

with one exception (distance = 400 ft; lag = 4 days). The distribution of �̂�0(𝑠, 𝑡) at 

distance lag 0 is as follows: �̂�𝑆𝐶(𝑠, 𝑡) is 0.789, �̂�𝐶𝐶(𝑠, 𝑡) is 1.098 (CI95 = 1.088 – 1.107) 

and �̂�𝐹𝑆(𝑠, 𝑡) is 0.891 (CI95 = 0.889 – 0.892).  This equates to the likelihood of a crime 

event after an SQF being roughly 30% lower when compared to �̂�𝐶𝐶(𝑠, 𝑡) and 10% lower 

when compared to �̂�𝐹𝐶(𝑠, 𝑡) (distance= 0 ft, lag = 1 day).  �̂�𝑆𝐶(𝑠, 𝑡) declines until day 3 

to the point where the likelihood of a crime event occurring is reduced by 42% as 

compared to �̂�𝐹𝑆(𝑠, 𝑡) (CI95 = 0.886 – 0.890) and by 20% as compared to �̂�𝐶𝐶(𝑠, 𝑡) (CI95 
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= 0.662 – 0.679) (distance= 0 ft, lag = 3 days). This suggests that the likelihood of a 

crime event following an SQF is significantly lower than any given day at these locations 

when an SQF did not occur and lower than when a crime event occurred without an SQF.  

A diffusion of benefits (Clarke and Weisburd 1994) effect is observed at distances 

within 300 feet of the SQF occurrence.  But it appears to disappear by day 4. Both 

�̂�𝑆𝐶(𝑠, 𝑡) and �̂�𝐶𝐶(𝑠, 𝑡) experience a slight increase between days 3 and 4 (distance = 0 

ft). Even though �̂�𝑆𝐶(𝑠, 𝑡) begins to increase, �̂�0(𝑠, 𝑡) remains below �̂�𝐶𝐶(𝑠, 𝑡) on day 4 

and day 5 (distance = 0 ft).  �̂�𝑆𝐶(𝑠, 𝑡) is 0.988 and 0.736, and �̂�𝐶𝐶(𝑠, 𝑡) is 1.00 (CI95 = 

0.991 – 1.01) and 0.859 (CI95 = 0.849 – 0.879) on days 4 and 5 respectively.  �̂�𝑆𝐶(𝑠, 𝑡) is 

most likely to approximate �̂�𝐹𝑆(𝑠, 𝑡) at 4 days after an SQF occurrence (distance = 0 ft).  

While attenuated at larger distance lags (distance > 0 ft), similar trends in crime 

reductions across all days are also evident. 

Figure 5 also suggests that the observed deterrent effect of an SQF declines the 

farther away from the location of the event, and appears to have negligible influence on 

the likelihood of a crime event at distances greater than 300 feet from where the SQF 

occurred. This becomes more apparent in Figure 6, which presents the space-time K-

functions across distance by time lags.  

Between days 1 and 3, �̂�𝑆𝐶(𝑠, 𝑡) is notably lower than �̂�𝐶𝐶(𝑠, 𝑡) (distance < 400 

ft). These differences become less marked as distance from the location of the SQF 

increases, whereby an SQF appears to have no effect on crime at distances greater than 

400 feet from its occurrence. On day 3 in particular, �̂�𝑆𝐶(𝑠, 𝑡) is considerably lower than 

both �̂�𝐶𝐶(𝑠, 𝑡) and �̂�𝐹𝑆(𝑠, 𝑡), with the likelihood of a crime event following an SQF being  
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Note: The confidence intervals for �̂�𝐹𝑆(𝑠, 𝑡) and �̂�𝐶𝐶(𝑠, 𝑡) would not be visible if included in Figure 5, but are provided in-text. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5 Cross Sections of D0(s,t) Distributions by Distance Lag Across Days 
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Note: The confidence intervals for �̂�𝐹𝑆(𝑠, 𝑡) and �̂�𝐶𝐶(𝑠, 𝑡) would not be visible if included in Figure 6, but are provided in-text. 

 

 

 
 

 

 

 

 

 

 

 

 

Figure 6    Cross Sections of D0(s,t) Distributions by Time Lags Across Distance 
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much lower than expected at closer distances. �̂�𝑆𝐶(𝑠, 𝑡) estimates remain below �̂�𝐶𝐶(𝑠, 𝑡) 

for all points of observation except on day 4, where the likelihood of a crime occurrence 

following an SQF being 3%, higher than if a crime event occurred without an SQF 

(distance = 400 ft; lag = 4 days), �̂�𝑆𝐶(𝑠, 𝑡)=1.101; �̂�𝐶𝐶(𝑠, 𝑡)=1.071 (CI95 = 1.067 – 

1.075). Other than on day 4, �̂�𝑆𝐶(𝑠, 𝑡) estimates do not experience significant increases at 

greater distances, suggesting that notable spatial displacement is not observed at distances 

within 500 feet from the location of the SQF.   

Discussion 

 

Our review of the space-time relationship between SQFs and crime in the Bronx, 

New York, has provided a descriptive example of the more general application the 

spatiotemporal K-function.  Prior work in criminology already demonstrates that there is 

significant potential for obtaining new and important information from exploring space-

time interactions (e.g., Dario, Marrow, Wooditch, and Vickovic 2015; Johnson and 

Bowers 2004a, 2004b; Townsley et al. 2003; Wells et al. 2012; Wyant et al. 2012; Zhang 

et al. 2015).  While this trend is new and important, the areas of criminology despite its 

vast ability to unlock “a better theoretical understanding of the role of geography and 

opportunity, as well as enabling practical crime prevention temporal component of data  

in criminology is still largely ignored (Ratcliffe 2010).  An understanding of spatial-

temporal relationships remains one of the most under-researched solutions that are 

tailored to specific places” (Ratcliffe 2010, p. 5). 

The spatiotemporal K-function can also offer straightforward, policy-relevant 

information for practice.  Pease and Laycock (1999) noted that the main barrier in crime 



43 

 

prevention is that the police must “anticipate the place and time of occurrence” (p. 2).  

Further research using space-time methods, however, will help officers be at the right 

place at the right time. For instance, knowledge that burglaries generally tend to cluster in 

the same area for at least one month before moving to other areas can be used to 

prospectively allocate officers to at-risk areas. As Johnson and Bowers (2004b) suggest, 

“strategies used in the deployment of police or other resources based on the identification 

of clusters of near repeats would more precisely match the actual (and dynamic) spatial 

distribution of risk than do those using traditional hot-spotting techniques” (p. 251). The 

public can also minimize their likelihood for victimization if the police communicate that 

they are currently at an increased risk and provide them with potential precautionary 

measures. It can also provide information on where to target place-based crime 

prevention interventions more generally (Wooditch, Lawton, and Taxman 2013). The 

spatiotemporal K-function will help gauge the cost-effectiveness of place-based 

interventions by providing a more nuanced understanding of treatment effects. For 

example, it will be particularly useful with place-based randomized experiments, such as 

with hot spots policing, since it would allow for a comparison between treatment and 

control conditions that accommodate the spatiotemporal element of the data. With this 

knowledge, the Koper (1995) curve may be modified to illustrate hot spots policing 

effects across time and space.   

Spatiotemporal models also allow us to have a more fine-grained understanding 

of the relationship between interventions and outcomes.  For example, studies of 

displacement of crime have generally used catchment areas to gain a general sense of 
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whether and to what extent place-based interventions shift crime to other areas (e.g. see 

Braga 2007; Green 1995; Weisburd et al. 2006; Weisburd and Green 1995).  Such areas 

are defined in terms of distance, for example, a single block or two, or according to an 

average distance from a geographic point.  While such approaches allow us to gain a 

broad understanding of potential displacement or diffusion outcomes, they do not allow 

us to specify the specific temporal and spatial dimensions of the movement of crime.  In 

our analyses, we found that the observed deterrent effects diffuse out from the point 

location of SQFs not confounded in time and space, but that such diffusion does not 

extend beyond 300 feet or a few days from the event.  These findings are consistent with 

the general literature suggesting that spatial displacement of crime is uncommon as a 

result of hot spots interventions and that diffusion of crime control benefits is more likely 

(Bowers, Johnson, Guerette, Summers, and Poynton 2011; Braga, Papachristos, and 

Hureau 2014; Clarke and Weisburd 1994; Guerette and Bowers 2009; Weisburd et al. 

2006).  More importantly, this method provides a more nuanced and finely grained 

portrait of the nature of the temporal and spatial outcomes than prior research in this area.    

This approach also allows us to develop credible causal inferences absent 

experimental data.  Many place-based crime prevention programs will not be amenable to 

experimental manipulation.  The spatiotemporal approach that we have presented in our 

paper offers an opportunity to focus in on time and space units to a fine degree.  In other 

analyses, we have found that SQFs and crime in NYC are strongly co-integrated at a 

monthly level (Weisburd, Wooditch, Weisburd, and Yang 2015), meaning that it is very 

difficult to disentangle the causal chain that links the two types of events.  Certainly, an 
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approach that uses long time spans, such as monthly data, will have difficulty 

distinguishing whether SQFs impact crime, or occur because crimes are committed at 

specific locations.  But a spatiotemporal approach allows us to hone in on a specific time, 

in our case a day, when an SQF occurs at a specific point location.  

The fact that we could demonstrate that crime declines on average after an SQF 

event and within a very discrete spatial area provides more convincing conclusions than a 

similar finding at a larger geographic or temporal scale that did not include the space-

time interaction.  Without an experimental manipulation of the intervention, it is not 

possible to establish the causality of observations with certainty.  Nonetheless, the 

tracking of the impacts in a short time interval and within specific geographic distances 

makes an inference of causality plausible (see Nagin and Weisburd 2013). 

Our focus in this paper was to illustrate the utility of the bivariate spatiotemporal 

K-function for assessing crime prevention outcomes, not to provide a systematic 

assessment of the impacts of SQFs on crime.  In particular, we examine a sub-sample of 

cases in the Bronx that are not confounded in space and time.  This made our 

computational illustrations simpler, but this approach limited our ability to generalize to 

the population of cases.  We examine these conclusions and broader policy questions in 

another paper using a more comprehensive and general approach to these data, including 

instrumental variables models to further isolate causality in the data (Weisburd et al. 

2015).  Looking at the population of cases leads us to very similar conclusions as we 

reach from the sub-sample of data here.  At least within the observed time period and 
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sampling frame in the Bronx, New York, SQFs have immediate crime prevention 

outcomes across short distances and within a limited time frame (less than a week).   

We think that our approach here offers new insights to understanding space-time 

interactions in criminology.  Before concluding, we want to note specific limitations of 

our study in the Bronx as well as more general limitations of the spatiotemporal K-

function method.  Regarding analyses of SQFs, it must be recognized that SQFs may not 

be a robust indicator of police activity since a great deal of police presence is not 

captured by recorded police-citizen encounters and concerns have been raised about the 

completeness of these data (discussed further below).  The present study assumes that 

SQFs are a treatment factor and everything else at these locations is random (irrespective 

of level of presence otherwise). One limitation of the approach is that it assumes that 

SQFs are indicators of police activity without making assertions regarding the amount of 

additional police activity at these place (ranging from none to a great deal).  A further 

extension of the approach would be to condition this effect on the amount of police 

presence locations receive.     

Though the technique uses well-defined local areas around x-y coordinates to 

examine smaller scale effects, the unit of analysis may not be ideal for theoretical 

development.  For instance, Taylor (1997, 1998) and Weisburd et al. (2012; 2014) argue 

that a theoretically relevant unit of analysis to study crime at micro-places are street 

segments (or street blocks) because they function as behavioral settings (Wicker 1987), 

whereby people get to know one another and become familiar with each other’s routines.  

As Weisburd and colleagues (2012) note further, “street segments […] provide a unit of 
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analysis that ‘fits’ with both ecological theories and opportunities theories and that is 

capable of illustrating both bottom-up and top-down processes producing crime events” 

(p. 24). This limitation may be less of a concern given that relying upon predefined 

spatial buffers is claimed to be free of the modifiable areal unit problem, whereby 

conclusions are sensitive to variations in scale (the number of boundaries used) and 

zoning (how boundaries are drawn) (Gehlke and Biehl 1934; Openshaw and Taylor 

1979). As such, the K-function yields information on a phenomenon across a finite 

geographic distance rather than relying upon artificially demarcated boundaries than can 

be redrawn and vary in size and shape (e.g., school districts, census tracts). While 

boundaries of a street segment are not artificial in the same sense, there can be large 

differences in the length of street segments between geographic regions (e.g., street 

segments in NYC will be significantly shorter than those in small rural communities) 

(Weisburd 2015). Accordingly, the study parameters can be easily replicated in other 

geographic areas without differences in the scope of the unit of analysis.   

While the technique offers great ability to explore space-time relationships at a 

microgeographic scale that does not rely on administrative boundaries, a reliance on 

geocoded addresses (as is often the case in the field of criminal justice) to compute the K-

function is subject to bias due to the positional error of points. A common source of error 

is the geocoding process itself, which is the practice of locating street addresses on a 

network database and then assigning corresponding geographic coordinates (e.g., 

identifying the latitude and longitude of 123 Main Street). One study estimates that the 

median offset between a geocoded point and its true location is between 84 and 102 feet 
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(Schootman et al. 2007), depending on geocoding method. This type of bias may be 

minimized through such measures as increasing hit rate (Zhan, Brender, Lima, Suarez, 

and Langlois 2006), using commercial software to geocode (Schootman et al. 2007), or 

selecting a more urbanized study area (Bonner, Han, Nie, Rogerson, Vena, and 

Freudenheim 2003; Cayo and Talbot 2003). Police departments can also assist 

researchers by improving the accuracy of reporting the location of events, such as 

requiring officers to consistently report the actual location of a crime incident occurring 

on a street segment rather than a general location (e.g., 100 block of Main St) or its 

nearest intersection (Tarling and Morris 2010). 

As with any analyses, a potential threat to causal inference when using the space-

time K-function is missing or inaccurate data.  For instance, even though the NYPD is 

mandated by a settlement in Daniels et al. v. City of New York et al. to document stops 

where a frisk or more extensive search of an individual is made (Jones-Brown et al 2010), 

there have been a number of concerns and substantiated claims that SQFs are 

underreported in NYC (New York Bar Association 2007; Rudovsky and Rosenthal 2013; 

Schneiderman, General, and Bureau 2013).  The completeness of the current SQF data is 

unknown (Rosenfeld and Fornango 2014).  While we do not know if the underreporting 

of SQFs is severely confined to specific places or times, we are not aware of any 

evidence to the contrary. It is believed that the study findings are relatively unaffected by 

any systematic undercounting of SQFs by the NYPD (French et al. 2006; Schabenberger 

and Pierce 2001), but the strength of the findings must be tempered by the potential 

shortcomings of the data source. 
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Despite these noted limitations, the evolution of spatiotemporal methodologies is 

of great utility to the field. The spatiotemporal K-function is an important next step in 

evolving current space-time approaches, but there are still opportunities for this technique 

to improve. Further refinement of the spatiotemporal K-function will involve the 

following (see also Picado et al. 2007): (1) the ability to examine relationships in both 

time and space while adjusting for potential confounders (the endogeneity problem); (2) 

enhanced capability of the test to detect pertinent changes in spatiotemporal patterns; (3) 

ability to associate these patterns to certain variables of interest (such as duration of the 

event rather than just its occurrence), and (4) development of a software package to 

estimate �̂�0(𝑠, 𝑡) that does not require the user to manually adjust for the time element of 

the data.  

In addition to the bivariate space-time K-function, it may also be helpful for 

future research that examines the space-time interaction between two point processes to 

employ the space-time scan statistic (see Sanchez et al 2005 for an example).  These two 

tests pair well because the space-time K-function is a global indicator of clustering in 

time and space (describes the more general properties of a space–time process), while the 

scan statistic measures local clustering (Wheeler, 2007). As such, the space-time scan 

statistics “is useful for identifying the location of individual clusters or ‘galaxies’ of 

disease in space–time cylinders” (French et al. 2005: 347).  

Conclusions 

 

The central aim of this manuscript was to illustrate the opportunity for the 

spatiotemporal K-function to aid the examination of space-time relationships in 
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criminology and for developing place-based interventions in crime and justice. A number 

of statistical methods have been used to test for and examine space-time interactions.  

Amongst them, the Knox test is increasingly used in criminology in spite of its known 

key limitations: failure to correct for edge effects and arbitrary cut offs for selecting space 

and time thresholds (Diggle et al. 1995). The spatiotemporal K-function overcomes these 

two drawbacks. The technique has proved to be a flexible and suitable approach for 

second-order analysis of two spatial point patterns. While the technique cannot yet 

control for potential confounding factors, the fine-grained view it provides of what is 

occurring across time at a microgeographic level allows researchers to make believable 

and plausible inferences. As more spatiotemporal data become available, it is important 

that criminologists capitalize on statistical techniques that accommodate space and time 

dimensions of data simultaneously. Taking advantage of new developments in spatial 

statistics, such as the bivariate spatiotemporal K-function, is critical to the advancement 

of quantitative criminology and in particular to the evaluation of place-based criminal 

justice interventions.  
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CHAPTER THREE: IMRPOVING POLICE PRODUCTIVITY THROUGH AN 

EFFICIENT USE OF OFFICER DOWNTIME 

 

 

 

Introduction 

 

The effect of police force size on crime has been a growing area of research due 

to mounting concerns over layoffs. These studies generally hypothesize that a decrease in 

the number of police officers should lead to a significant increase in crime rates. 

Research contrary to this proposition, which shows a crime drop despite a declining force 

size (Weisburd, Telep, & Lawton, 2014; Weisburd et al., 2015; Zimring, 2007), has led 

scholars to suggest that it may be how officers spend their time—not how many 

officers—which matters most.  Empirical research suggests that officers only spend a 

small portion of their unallocated patrol time engaged in preventative or problem-focused 

tasks (DeJong, Mastrosfki, & Parks, 2001; Famega, Frank, & Mazerolle, 2005; Parks, 

Mastrofski, Dejong, & Gray, 1999).  Given that some studies also suggest that the 

amount of unallocated patrol time may be substantial (Famega, 2005), the issue of 

whether police officers can make better use of their time is a fruitful yet relatively 

unexplored research area.  

Approximations of unallocated patrol time have varied greatly in the literature, 

partly due to dissimilar definitions of uncommitted time. Many studies that report a very 

large percentage of time as unallocated include in-service activities as free time.  For 

example, Famega et al. (2005), who identified 80 percent of time as unallocated time, 
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included non-dispatched back-up responses, administrative activities, and personal time 

as unassigned.  More conservative estimates, which generally find one-third of an 

officer’s shift unassigned (City of Glendale, 2010; Frank, Brandl, & Watkins, 1997; 

Office of City Auditor, 2000; Weisburd, Davis, & Gill, 2015; Weisburd, Gill, & 

Wooditch, 2014), define unallocated time as periods when an officer can engage in 

proactive or self-initiated activities (exclusive of responding to calls-for-service, personal 

time, or engaging in administrative duties).  If even one-third of patrol officers’ time were 

used for targeted crime prevention, there is very strong evidence to suggest it would yield 

substantial reductions in crime (Weisburd et al., 2015).    

There is reason to believe police could better use their largest personnel resource 

to respond to crime, but the design of prior studies does not allow us to directly test this 

hypothesis.  A number of methodological challenges prevent researchers from examining 

this key question.  Such studies are quite costly and face the obstacle of getting police to 

adopt and routinize new practices.  The selection of an appropriate control group for 

experimental research is also a problem.  A relatively new analytical approach used in 

criminology, agent-based modeling (ABM), can overcome these limitations.8  The 

technique allows researchers to explore complex, real-world questions easily in a 

simulated virtual world inhabited by autonomous, interacting rule-based agents 

(Bonabeau, 2002).  Applying this technique, the present study explores whether 

significant reductions in crime can be achieved if police use unallocated patrol time to 

                                                 
8 Prior applications include simulations of different policing strategies on street-level drug markets (Dray, 

Mazerolle, Perez, & Ritter, 2008), tests of routine activity theory (Groff, 2007a, 2007b), mechanisms of 

environmental criminology (Birks, Townsley, & Stewart, 2012, 2014), and target hardening (Malleson, 

Heppenstall, & See, 2010).   
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engage in deterrence strategies targeted at hot spots rather than randomly patrolling a 

large geographic area. This paper first begins with a discussion on commonly held 

expectations about the amount of downtime, how much of officers’ time is unallocated, 

and what activities they engage in during this time.  It then turns to a discussion of how 

officers could better spend their unallocated time before presenting research findings.  

Background 

Performance Objectives in Patrol Staffing 

The International Association of Chiefs of Police (IACP) generally recommends 

that officers should devote one-third of their shift to calls-for-service, one-third to 

proactive patrol time, and one-third to administrative activities (Beskow & Faber, 2013; 

Center for Government Research, 2013; City of Glendale, 2010; Hillard Heintze, 2011). 

The IACP conceptualizes proactive patrol time as time officers are free to engage in self-

initiated activities that are not otherwise committed to calls-for-service or administrative 

activities.9  Suggestions for proactive patrol time have been tailored corresponding to the 

size of the jurisdiction: 45% for high-level service departments, 30 to 45% for medium-

service departments, and less than 30% for low-service departments (Office of City 

Auditor, 2007). Many police agencies have readily adopted these guidelines as standards 

of practice. For instance, the target unallocated patrol time is 25 to 35% for the Seattle 

(Dermody, 2013), Glendale (City of Glendale, 2010), and the Royal Canadian Mounted 

Police (Mission City Record, 2012) Departments; 40% for San Jose (Office of City 

Auditor, 2000) and Anchorage Police Departments (Police Executive Research Forum, 

                                                 
9 The present study uses IACP’s definition of proactive patrol time to conceptualize unallocated patrol time 

and the term is used synonymously with officer downtime and free time.   
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2010); and 45 to 50% for the Pittsburgh (IACP, 2005) and Vancouver Police 

Departments (Vancouver Sun, 2007). The guidelines are commonly used to support 

staffing decisions and calculate personnel costs. 

Unallocated Patrol Time in Prior Studies 

 

For departments defining uncommitted time as proactive or self-initiated activities 

(exclusive of responding to calls-for-service, personal time, or engaging in administrative 

duties), the amount of unallocated time for many agencies is generally in agreement with 

IACP’s one-third recommendation (City of Glendale, 2010; Eugene Police Department, 

1977; Frank et al., 1997; Office of City Auditor, 2000; Weisburd et al., 2014). 

Uncommitted patrol time has also found to range between 33% and 40% in a number of 

cities (Mastrofski et al., 1998; Office of City Auditor, 2007), and assessments of police 

departments committing at least one-third of officer patrol time to proactive activities are 

doing well (Office of City Auditor, 2007). The amount of unallocated time may range as 

low as 25% (Police Executive Research Forum, 2012; Weisburd et al., Under Review) to 

as high as 50% (Matrix Consulting Group, 2009, 2011). For instance, Famega (2009) 

found that 50% of an officer’s shift is spent on proactive activities (initiated by the 

officer, initiated in response to information from a citizen, or based on information or 

instructions provided by other police), with 35% of a shift being spent on general random 

patrol. Agencies may report a higher amount of unallocated time to accommodate 

specific policing strategies (City of Glendale, 2010).  

Due to variations in call volume throughout the day, the amount of uncommitted 

time differs by patrol beat and shift (Mazerolle, Rogan, Frank, Famega, & Eck, 2003). 
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The Atlanta Police Department experiences disparities in overall downtime by beat 

ranging from 25 to 45% (City of Atlanta, 2009), while it ranges from 40 to 52% between 

precincts for the Portland Police Bureau (Office of City Auditor, 1994). A study of 

Lawrence Township Police Department in Lawrenceville, NJ, found that uncommitted 

patrol was 75% for shift 22:30 to 7:00, 41% for shift 6:30 to 15:00, and 26% for shift 

14:30 to 23:00 (Matrix Consulting Group, 2011). Similarly, Clearwater Police 

Department in Clearwater, FL, found that uncommitted patrol time was 46% for shift 

7:00 to 17:00, 41% for shift 15:00 to 23:00, and 70% for 22:00 to 8:00 (Matrix 

Consulting Group, 2009). The IACP guidelines have delineated optimal levels of 

uncommitted patrol time by shift. A jurisdiction the size of Sarasota, FL, for instance, 

should have 30% downtime between 6:00 a.m. and 10:00 p.m. and no less than 40% 

between 10:00 p.m. and 6:00 a.m.  Agencies also maximize productivity by using the 

Police Allocation Manual to estimate the total number of officers needed by geographic 

region and time period to maximize productivity (Northwestern University Traffic 

Institute, 1993; Stenzel, 2007).  

Not only do officers have a healthy amount of discretionary time overall, but there 

is empirical evidence to show that free time does not come in short bouts but it is instead 

spread throughout the shift over uninterrupted blocks of time. Mazerolle and colleagues 

(2003) examined 30-minute blocks of discretionary time for the Baltimore Police 

Department and found that 68% of patrol officers had between 3 and 6 blocks of time 

where officers were not responding to dispatched 911 or 311 calls-for-service, 

representing about two hours per shift. As Mazerolle et al. (2003) note, “our results show 
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that for even the busiest shifts, officers have blocks of at least thirty minutes available to 

engage in problem-solving” (p. 6-17). A study of the Portland Police Bureau also found 

that the majority of shifts had at least a one-hour block of free time (City of Auditor, 

1994). 

Using Police Patrol for Crime Prevention 

 

For centuries, the police and public have viewed random preventative patrol as 

the underpinning of police crime fighting (Kelling, Pate, Dieckman, & Brown, 1974; 

Kelling & Wycoff, 2002; Schnelle et al. 1977).  Kelling et al. (1974) attempted to test the 

assumption that random police patrol prevents crime by varying the number of police 

vehicles assigned to police beats, but found little impact on crime and fear of crime in 

areas receiving additional patrol cars. Knowledge that random police patrol does not 

deter crime is now widespread (Bayley, 1994; Gottfredson & Hirschi, 1990; Klockars, 

1983; Skolnick & Bayley, 1986; Weisburd & Eck, 2004), yet a large portion of free time 

is still spent engaged in the activity (Famega et al., 2005; Kelling & Wycoff, 2002; Parks 

et al., 1999; Schnelle, Kirchner, Casey, Uselton, & McNees, 1977). 

Findings of Kelling et al. (1974) engendered a wave of challenges to the belief 

that random police patrol impacts crime.  In their critique of the Kansas City Preventive 

Patrol Experiment, Sherman and Weisburd (1995) argue that the key reason for the 

failure of increased patrol was insufficient dosage of police presence. This concern led 

Sherman and Weisburd (1995) to argue that police should not dilute the dosage of patrol 

presence across entire beats, rather focus it at places where crime was concentrated (see 

Sherman, Gartin, & Buerger, 1989), a strategy referred to as hot spots policing.  
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Subsequent studies provide strong support to the idea that focusing police activities at hot 

spots is an effective crime prevention approach (Braga, 2007; Braga, Papachristos, & 

Hureau, 2013; National Research Council, 2004; Sherman & Weisburd, 1995), without 

spatial displacement being a major concern (Braga et al., 2013; Weisburd et al., 2006).  

While the commitment of police to a philosophy of 911 rapid response demands 

the spread of police patrol resources across a large geographic area, the considerable 

amount of unallocated patrol time suggests that it is possible to reallocate officers to hot 

spots in sufficient dosage to achieve general deterrence.  The routine use of deterrence 

activities targeted at crime hot spots during unallocated patrol time is rare.  For instance, 

a study by Famega et al. (2005) finds that the amount of time patrol officers spend on 

self-initiated activities per shift is far greater than directed activities (224 minutes versus 

24 minutes). Superiors, dispatchers, or other officers directed only 6% of self-initiated 

activates during downtime.  A large percentage of officers report that directives during 

their discretionary time are never or rarely provided by their sergeants (28.8%) or 

lieutenants (39.6%), and when supervisory orders are given, only one-third provide 

specific instructions for what people and places to watch (Mazerolle et al., 2003). In a 

survey of police forces in Scotland, 45% of officers reported that for the majority of time, 

they decide themselves how to spend unallocated time (HM Inspectorate of Constabulary 

for Scotland, 2008). Even if officers chose to engage in focused activities, they may not 

always accurately identify hot spots without specific directives (Ratcliffe & McCullagh, 

2001).  
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Taken together, a compelling argument can be made that “[p]atrol officers 

typically have a large amount of unsupervised discretion, and how they exercise it can 

improve crime prevention” (Dermody, 2013, p. 8). Yet, despite strong evidence on the 

deterrent effects of hot spots policing, existing studies do not provide a clear answer to 

whether harnessing unallocated discretionary time in the pursuit of hot spots policing can 

yield significant reductions in crime.  As noted earlier, prior studies suggest that the 

amount of unallocated time in police agencies represents a large proportion of total patrol 

time and it would seem that if police could maximize the use of discretionary time in the 

pursuit of hot spots policing, they would have a major impact on crime. 

Study 

The purpose of this study is to examine whether significant reductions in street 

robbery can be achieved in a large urban setting if officers spend their unallocated patrol 

time engaging in hot spots patrol at specific robbery-prone locations rather than randomly 

patrolling a large geographic area. The research focuses on robbery because it is a serious 

crime, which is a major source of fear among the public (Tompson, 2012), has ill effects 

on quality of life in certain areas (Cook, 2009), and is often linked to the 1990s crime 

drop since it is a primary indicator of violence and notable drops in robbery rates 

specifically (Blumstein and Wallman, 2006).  It is also important to develop models of 

criminal decision-making that are crime-type specific and focus on particular situational 

contexts (Cornish and Clarke, 1989).  
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Analytical Approach and Theoretical Framework 

This research applies ABM to assess the large-area impact of using officer 

downtime more efficiently by virtually simulating dynamic human-environment 

interactions in space at a micro-level unit of analysis. Autonomous decision-making 

entities, termed agents, populate the simulated world and they behave according to a set 

of theoretical and probabilistic rules defined by the researcher.  Agents make decisions 

based on their current situation, can learn from their experiences, and adapt to their 

surroundings.  Despite being computer simulations, the models correspond to real-world 

phenomena and real-world implications can be inferred from the results. There is no need 

to model a realistic backcloth as ABMs are most informative under the simplest 

conditions and the complexity of the real-world environment may be more harmful than 

helpful (Elffers and Baal, 2008).  

ABM overcomes many limitations that have prevented researchers from drawing 

direct conclusions about the potential large-area crime reductions of efficiently using 

officer downtime.  Due to methodological design, we cannot extrapolate answers from 

prior studies because these estimates are confounded. A randomized experiment of hot 

spots policing that measures dosage of police presence in crime hot spots and the portion 

of patrol time spent engaged in the activity is only able to provide evidence about 

localized crime reductions, and deducing large-area reductions from these estimates has 

major shortcomings.  For instance, the reallocation of patrol officers may reduce overall 

police presence at other locations and it is statistically difficult to determine whether 

crime is spatially displacing to areas outside the targeted hot spots (and their immediate 
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surroundings).  We also cannot assume that the relationship between crime and the 

percent of patrol time engaged in hot spot patrol is linear.  ABMs also afford us the 

ability examine the effects of varying the amount of time engaged in hot spots patrol in a 

systematic and controlled way, where studies in the field are costly and face 

implementation issues.  The selection of an appropriate control group for experimental 

research is also a problem.   

Criminologists increasingly recognize ABM as a powerful tool for evaluating 

criminal justice programs (Groff and Birks, 2008; Groff and Mazerolle, 2008; Johnson, 

2009; Verma, Ramyaa, and Marru, 2013), and the number of ABM in the criminological 

research is growing (see Eck and Liu, 2008; Groff, Johnson, Thornton, 2015). In 

particular, several theoretically grounded ABMs of street robbery have been created 

(Birks, Townsley, Stewart, 2014; Devia and Weber, 2013; Groff, 2007a, 2008; Wang, 

2009; Wang, Liu, and Eck, 2008, 2014), which serve to guide model development in the 

present research.  Following these prior street robbery ABMs, general deterrence and 

opportunity theories inform this study’s model parameters: routine activity theory (Cohen 

and Felson, 1979), crime pattern theory (Brantingham and Brantingham, 1984), and the 

rational choice perspective (Clarke and Cornish, 1985).  The next section describes the 

specific ways in which theoretical principles guide the model environment, its agents, and 

rules governing behavior.  Instances where specifications from prior ABMs and empirical 

research inform model specification are noted.       



61 

 

Table 2   Outcome Data from Agent-Based Model 

Variable  

Name 

Description 

Societal-level Outcome  

   Total Robberies Total number of robberies 

   Total Robberies by 

Chronic Offenders 

Total number of civilians considered chronic offenders that 

committed a robbery 

   Total Robberies by Non-

Chronic Offenders 

Total number of civilians considered non-chronic offenders 

that committed a robbery 

   Total Chronic 

Reoffenders 

Total number of chronic offenders who have committed 

more than one robbery 

   Total Non-Chronic 

Reoffenders 

Total number of non-chronic offenders who have committed 

more than one robbery 

   Total Victims Total number of civilians who are victims of street robbery 

   Total Repeat Victims Total number of civilians who are repeat robbery victims  

Individual-level Process  

   Total Offenses Total robberies committed 

   Total Victimizations Total times robbed 

Place-level Process  

Total Robberies at Grid  

Cell 

Total number of robberies at each grid cell 

Total Police Dosage at 

Grid Cell 

Total number of minutes police spent at each hot spot grid 

cell 

Note. All are ratio level data.   

 

Description of Street Robbery Agent-Based Model 

 The conceptual model of street robbery is implemented in NetLogo 5.1.0 (Tisue 

and Wilensky, 2004).  Data on robbery trends are simulated over a 365-day period.  Each 

iteration of the model, referred to as a tick in NetLogo, represents one minute. A 

summary of data, which is provided by the model every 5 days, is presented in Table 2.10  

The results of each hot spots policing implementation examined is obtained by averaging 

100 simulations. The same random number generator is used for model initialization, 

                                                 
10 The decisions of the agents change between simulations according to the random seed that is placed at 

the beginning of the go command.  The starting seed is 100 and increases by 100 with each iteration. Model 

initialization was the same each simulation due to a static seed placed at setup (seed is 100).  
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which ensures that the agent’s home location and characteristics, the location of officers, 

and location risk (described further below) is the same for all simulations.11  While all 

models start out the same, they quickly diverge as a separate random number generator 

for each of the 100 simulations creates variability in criminal decision-making and daily 

routine activities. A detailed description of the model parameters follows and their 

default values are provided in Table 3.   

Societal-Level Characteristics of Model 

 The model environment simulates a small area of a large urban city, referred to in 

the present study as a district.  The district is represented as a lattice, comprising over 

40,000 square grid cells. Four equally sized police beats divide the borough (100x100 

grid cells each). The length of each grid cell represents 47 feet in the real world, and this 

equates to roughly 3.2 square miles for the overall environment.  Routine activity theory 

(Cohen and Felson, 1979) suggests that the convergence of a motivated offender and a 

suitable target at a particular place and time without capable guardianship represents the 

elements sufficient for a crime to occur. As such, two types of agents inhabit the district, 

citizens and police officers. There are 40,000 citizens (12,500 per square mile), which is 

consistent with the population density found in the top 20 largest cities in the United 

States (U.S. Census Bureau, 2014a, 2014b). There are 36 police officers patrolling the 

                                                 
11 A random seed initializes a pseudo-random number generator for each model, which allows for 

replication and simulates uncertainty in decision-making (Loomes and Sugden, 1995). Parameter values are 

based on the Mersenne Twister algorithm, which is regarded the most powerful to ensure a uniform 

distribution (Matsumoto and Nishimura, 1998). 
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simulated district, with 9 officers assigned to each beat.12  Opportunity theories posit that 

there is a supply of individuals in the general population who are open to committing 

crime, so 9.25% of these citizens in the present model have some level of motivation to 

commit robbery (see also Groff 2007a, 2007b). At this criminal propensity rate, 5% of 

offenders are responsible for around 50% of the robberies in the model (Moffitt, 1993; 

Wolfgang, Figlio, and Sellin, 1972).13 

Environmental Characteristics 

Since the features of place are an important aspect in explaining the level and 

concentration of robbery in a city, each grid cell in the district has a riskiness of location 

value that represents environmental risks for robbery (Brantingham and Brantingham, 

1981, 1984). The riskiness of location is a spatially inhomogenous Poisson distribution 

simulated by a Matern cluster process (Waagpetern, 2007).14 This technique creates an 

environment where relatively few grid cells in the world have disproportionate 

environmental risk for robbery and high-risk places tend to be spatially concentrated. 

Two of the four activity locations for every citizen are assigned to grid cells with a 

riskiness score greater than 0, so the riskiness value produce a clustered pattern of land 

uses that attract high volumes of people and act as crime generators (Brantingham and 

Brantingham, 1995).15  The environmental risk also represents the absence of certain 

                                                 
12 The population density of the district determined the number of police officers, whereby there are 2.8 

officers per 1,000 residents (U.S. Department of Justice, 2009) and one-third of the police force is on-duty 

at any given time. 
13 There may be other combinations of levels of motivation and proportions of the population who are 

criminally motivated that might produce similar distributions of offending.  
14 See Figure A1 in the Appendix for the distribution of environmental risk in the district. 
15 The distribution of disproportionate risk approximates the 80/20 or Pareto principle, which has been 

applied to victims, offenders, and places prior (Clarke and Eck, 2005).  Several combinations of input 
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place aspects that serve to regulate behavior (crime enablers) (Clarke and Eck, 2003).  

The riskiness of location value is a whole number ranging from 0 to 6, and the mean 

riskiness value of grid cells is 0.19. A higher riskiness of location value increases the 

likelihood of a robbery occurring there, but robberies can and do occur on grid cells with 

low or no environmental risk (see Table A2 in the Appendix).  And while there are more 

suitable targets drawn to these areas due to the high volume of citizens, they also serve to 

decrease robbery risk since their presence increases guardianship.    

Individual-Level Characteristics of Model 

The criminal propensity rate was selected to produce robbery trends where 5% of 

highly motivated citizens, termed chronic offenders, are responsible for around 50% of 

the robberies in the model. Motivation for all citizens is a static propensity score assigned 

at the initiation of the model by offender type: chronic offenders (propensity score is 10), 

non-chronic offenders (propensity score is a uniform random number between 6 and 9), 

or neither (propensity score is 0).  Only those citizens with a criminal propensity greater 

than 0 can commit a robbery.  At initiation of the model and after a robbery is committed, 

criminally motivated citizens are assigned a minimum amount of time that must pass 

before they can commit a robbery, during which they ignore attractive opportunities until 

a specified duration of time has passed (Brantingham and Brantingham, 1984).  Non-

chronic offenders wait between a random number of days between 0 and 30, while 

chronic offenders wait between 0 and 15 days (see Table 3 for details). 

                                                                                                                                                 
parameters were tested before achieving a reasonable approximation of 15 percent of grids cells accounting 

for roughly 80% of the overall risk. The final input parameters used in the rMatClust command in R from 

the Spatstat package included an intensity of the Poisson process of cluster centers equal to 500, the radius 

parameter of the clusters set at 0.02, and a mean number of points per cluster as 15. Risky values are 

computed using the sum of points falling within each grid cell based on x-y coordinates.   
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Table 3   Model Parameters 

Variable Description and Rationale 
World Size = 201 x 201 The simulated environment is comprised of 40,401 grid cells, 1 grid cell equates 

to 47 feet in the real world.  

Police Beat = 100 x 100  Each of the 4 simulated police beats is comprised of 10,000 grid cells. The 

remaining 401 grid cells that fall on the x- and y-axes (201 * 2 - 1) are not 

assigned to a police beat.16 

Grid Cells Traversed per Minute =  

U(6 – 8) 

Each agent moves a random number of grid cells in the range 6 to 8 grid cells 

from a uniform distribution toward their target activity location (approximately 

280 – 375 feet).  

Model Termination = 365 days Each simulation terminates after 365 days (or 525,600 ticks). 

Number of Citizens = 40,000 

 

Population size selected because it was large enough to examine the deterrent 

effects of the police, while being computationally feasible.   

Number of Police = 36 

 

The number of officers was based on the estimate of 2.8 officers per 1,000 

residents made by the U.S. Department of Justice (2009) for cities with a 

population 250,000 and over. One-third of the police force is on-duty at any 

given time, equating to 9 officers per beat and 36 officers in total.  

Number of Target Grid Cells: 

  Citizens = 5   Police = 1 

Each citizen starts with 5 potential destination grid cells (their home and 4 

activity grid cells). The destination set for citizens is static over the course of a 

model run. Destinations for police are randomly selected from grid cells within 

their beat. New police destinations are randomly selected throughout the run. 

Criminal Propensity Rate = 9.25% 9.25% of citizens have a criminal propensity value greater than zero. 

Rate of Chronic Offenders = 5% Of the 9.25% who have a criminal propensity, 5% received a propensity score of 

10, while all others have a randomly selected score between 6 and 9. These 

values produce a model where 5% of offenders are responsible for around 50% 

of the crime (Moffitt, 1993).  

Time To Offending (in ticks):  

  Chronic = U(0, 21,600)  

  Non-Chronic = U(0, 43,200) 

The amount of time that must pass after the citizen commits a robbery before they 

can potentially (re)offend is a random number selected from a uniform 

distribution: chronic (0 to 15 days) and non-chronic (0 to 30 days) offenders. This 

distribution is also used to vary the duration of time between the start of the model 

and when a citizen with criminal propensity begins to consider offending. 

Amount of Time to Stay at Destinations: 

   Activity Node = 15 ticks + U(0, 480) 

   Home Node = 1 tick + U(0, 600) 

Once arrived at a destination location (a grid cell), the agent stays a random 

number of minutes selected from a uniform distribution based on whether they 

are at an activity location (15 ticks plus 0 to 480 ticks, 8 hours) or home (1 tick 

plus 0 to 600 ticks, 10 hours). This represents the varying times citizens spend at 

activity locations depending on the activity they are undertaking (i.e., we 

typically spend longer at work than the grocery store). 

Probability of Home as Target Grid Cell 

= 80% 

If the citizen is at an activity location, the probability of them going to their 

home location is 80%; otherwise, they randomly select one of their activity 

locations to travel to. If the citizen is at home, they randomly select one of their 

activity locations to travel to. 

Starting Seed = 100 

 

This seed value initializes a pseudo-random number generator before the 

simulation starts (based on the Mersenne Twister algorithm). The seed increases 

by 100 after the completion of each 365-day model.  

Victimization Score Threshold = 20 Parameter selected to generate robbery rates similar to the U.S. Department of 

Justice (2014) based on population size and duration of study.  

Attractiveness = 5.5 

 

Citizens assigned an attractiveness value from 1 to 10 based on a random 

distribution with a mean of 5.5 (SD = 1.2).   

Perceived Guardianship = 5.5 

 

Citizens assigned a perceived guardianship value from 1 to 10 based on a 

random distribution with a mean of 5.5 (SD = 1.2).  

Perceived Capability = U(-5, 5) A stochastic element is incorporated into perceived capability by adding a 

uniform number between -5 and 5 to the overall score. 

Riskiness of Location = 0.19 Riskiness grid cell values are from a Poisson distribution ranging from 0 to 6.   

                                                 
16 These are fuzzy boundaries so officers may travel 15 grid cells into the adjoining beats (the world wraps 

horizontally and vertically).   
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Crime pattern theory (Brantingham and Brantingham, 1984) describes that 

individuals have activity spaces that consist of nodes and paths. The nodes are the places 

each person visits in the course of their daily routine (e.g., home, work, school, grocery 

store, dry cleaner, gym). The paths are the routes they take between nodes. The 

configuration of land uses in a city structures activity spaces and brings together differing 

numbers of people depending on the particular land use or combination of land uses. At 

the initiation of the model, citizens are assigned a home location and four activity 

locations (each represented as a grid cell).  To represent the variability in routine 

activities across a population, each agent is assigned a different amount of time to wait at 

home before they leave and head to one of their activity locations (see Table 3 for 

specifics). Once the activity location is reached, the citizen will remain at the grid cell a 

given amount of time before reassessing whether to return home or go to another activity  

location. There is an 80% probability that they return home (Birks, Townsley, and 

Stewart, 2012; Golledge and Spector, 1978).17  While the individual characteristics of 

citizens remain the same, characteristics of police officers vary by model condition 

(described in the Hypothesis Testing section). All agents transverse the environment at a 

17-minute per mile pace, which is 6 to 8 grid cells per tick.  At this speed, agents travel 

approximately the length of a street segment each minute (280 to 375 feet). They follow 

the standard pathfinding heuristic for a grid based on Euclidian distance.18 

                                                 
17 While a citizen may be assigned an activity grid cell for their initial target grid cell, citizens are assigned 

a random uniform number ranging from 1 to 480 (represents 1 minute to 8 hours) that must transpire since 

the initiation of the model before they can leave their home. This prevents the mass exit of agents from 

their home upon model initiation.  
18 The choice of grid cells rather than a street network (see Groff, 2007a, 2008) comes from our desire to 

develop a parsimonious model including a large number of agents. Abstract versus realistic landscapes are 
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Situational-Level Characteristics  

The navigation of the agents throughout the environment dictates whether a robbery 

occurs as it brings together motivated citizens and suitable victims in the absence of 

capable guardians (Cohen & Felson, 1979). Those individuals decide to offend based on 

their own level of motivation and the characteristics of a given situation, such as the 

suitability of targets and the amount of guardianship (Cornish and Clarke, 1985). 

Motivated citizens (criminal propensity greater than 0) who are traveling to their target 

grid cell assess the following in the decision to commit a robbery with each model 

iteration (see Figure 7): 

1. Is a potential target on a grid cell? 

2. Is a police officer on a nearby grid cell? 

3. Do the benefits of robbing the citizen outweigh the risks? 

First, the motivated citizen evaluates whether a potential victim is on their current grid 

cell and use bounded rationality when considering the potential risks and rewards 

(Cornish and Clarke, 1985), which is incorporated via a stochastic element (described 

further below). An available victim is defined as any citizen en route to a target location; 

citizens are protected from victimization when they are at home or an activity location 

because they are considered to be inside.  It is also important to note that motivated 

citizens can also be victims.  

                                                                                                                                                 
the subject of debate in the ABM literature (see Elffers and VanBaal, 2008), and many other street robbery 

(Birks et al., 2012, 2014; Wang et al., 2008) ABMs that model routine activities have used grid cell 

landscapes, as with other crime types (Dray, Mazerolle, Perez, and Ritter, 2008; Verma, Ramyaa, and 

Marru, 2013). In the end, the consideration of the computational demands of a spatially explicit landscape 

versus those of using a larger number of agents that would be more representative of the population density 

in a large city. The latter issue was more critical to this model, and that it could not maximize both in a 

computationally realistic way. 
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Figure 7   The Decision to Commit a Robbery 

 

 

 

Second, if a potential victim is available on their current grid cell, the motivated 

citizen then determines if a police officer is nearby.  Routine activity theory focuses on 

the criminal event and posits that criminal events occur when potential offenders and 

suitable targets converge in space and time in the absence of a capable guardian (Cohen 

and Felson, 1979). The increased presence of police augments the level of guardianship 
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Third, following the rational choice perspective (Cornish and Clarke, 1985), the  

robbery-motivated citizen evaluates the costs, benefits, and risks of an offending 

opportunity via a cumulative victimization score, which incorporates the victim’s 

attractiveness and guardianship along with their level of criminal propensity. A robbery 

occurs when the following equation, which describes the computation of the 

victimization score, is satisfied on a given grid cell in space and time (x, y, t): 

Attractiveness (x, y, t) - Guardianship (x, y, t) + Motivation (x, y, t) +  

Riskiness of Location (x, y) >= 20 

Attractiveness in the equation refers to a randomly generated attractiveness score of the 

potential victim, whereby higher scores indicate greater target suitability. The 

attractiveness score is randomly assigned from a normal distribution that has a range of 1 

to 10 at the initiation of the model (M=5.5; SD=1.2). The level of guardianship (G) is 

determined using two elements—the victim’s ability for self-guardianship and the 

offender’s perception of capable guardians present (other citizens). The computation of 

overall guardianship is as follows:  

G = PG + NC 

The self-guardianship score, PG, is internal to each agent and represents how other agents 

view that agent’s own ability to protect themselves from victimization. PG is a randomly 

selected number assigned at the initiation of the model, which ranges from 1 to 10 

(M=5.5; SD=1.2). The perceived availability of capable guardians, NC, is computed as 

follows:  

NC = (NA – 2) + PC 
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The term, NA, is the sum of available citizens on the grid cell minus two for the active 

offender and their potential victim. The term PC represents the perceived capability of 

guardians in a situation. It also adds a stochastic element into the formula by increasing 

or decreasing the perceived guardianship capability of other agents at the node (Groff, 

2007a; Groff and Mazerolle, 2008). This parameter is necessary to incorporate unknown 

factors (bounded rationality) in how robbery-motivated citizens perceive the guardianship 

capability of other citizen agents. PC is a uniform number between -5 and 5.19  Motivation 

in the victimization score is the criminal propensity of the motivated citizen, discussed 

above. The riskiness of location is a risk score assigned to each grid cell in space (x, y) 

and is incorporated into the motivated citizen’s likelihood of committing a robbery by 

adding the riskiness value of the grid cell on which the motivated citizen is located to the 

overall victimization score.20  In the instance that more than one citizen meets criteria for 

being an offender and victim, the role of each agent as the offender or victim is made at 

random.  Once a robbery occurs, the offender and victim return to their home grid cell 

(see also Verma, Ramyaa, and Marru, 2013). Neither can become victims of robbery until 

the next time they leave their home grid cell.   

Evaluation of the Base Model 

Model validation is a critical area for ABMs because it involves measuring how 

well the model represents the target phenomena (Gilbert, 2008). The base model is based 

upon random police patrol (0% of time engaged in hot spots policing) within assigned 

                                                 
19 The value range was chosen so it could potentially change the outcome of a decision without this 

parameter included. See the section on sensitivity testing for more information. 
20 Even though the likelihood of robbery is higher on risky grid cells, robberies still occur on grid cells with 

a risky value of 0 (see Table 3A in the Appendix). 
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patrol beats 100 times and the outcomes from these simulations allow us to evaluate the 

veracity of the model for testing the impact of police patrol. The goal was to verify that 

the bottom-up interactions of agents were generatively sufficient to produce known 

patterns in robbery data. The base model output was evaluated using three well-known 

patterns in crime data: 1) the concentration of crime, 2) repeat victimization of people 

and places, and 3) highly motivated offenders are responsible for approximately half of 

the crime.  The model also produced a realistic number and spatial pattern of simulated 

robbery events, which provide the most relevant criteria to a test of hot spots policing. 

The base model in the sensitivity analyses produced a robbery rate equivalent to 548.50 

per 100,000 population, which is similar to that of the top 20 cities with a population of 

250,000 and over with the highest robbery rate (average of 515.54 per 100,000 

population; U.S. Department of Justice, 2014). The distribution of robberies in the district 

displays statistically significant clustering (Moran’s I=0.06; z=16.29; p<0.001).  

Together, these two measures provide evidence that the mechanisms encapsulated in the 

model are generatively sufficient to produce hot spots. The clustering of robberies in 

police beats, along with designated hot spots, are presented in Figure 8. 

A robust set of sensitivity tests were undertaken to provide important information 

regarding the effect of changing the values of key parameters on overall numbers of 

robberies (see Tables A3 and A4 in the Appendix). For instance, if we increase or 

decrease the number of police, does the outcome of the model change dramatically and 

are the conclusions expected (Gilbert, 2008; Grimm and Railsback, 2005; Manson, 

2001)? The process of conducting the tests also provides insights into how changes in 
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parameter values affect model dynamics (Gilbert, 2008). Sensitivity tests were conducted 

by systematically varying twelve critical parameters, one at a time, across a range of 

values.  Multiple simulations of each unique set of parameters were run and the results 

averaged across all runs. Sensitivity analyses were conducted on the following 

parameters: initial seed number; the number of days until reoffending; the number of 

police officers; the probability of going to home grid cell; the location of activity grid 

cells; the spatial distribution of riskiness values; stochastic element in the decision to 

offend; beat boundaries; attractiveness and guardianship scores; the deterrence radius of 

the police, and the number of grid cells agents move each iteration. For each parameter 

tested, the outcome changed in a plausible manner and in line with the degree expected. 

Hypothesis Testing 

A series of experiments will be carried out to test the following hypothesis: the 

number of street robberies will decline as a greater percent of officer downtime is spent 

engaged in hot spots policing.  To establish a base comparison model, a control model 

where police officers have 0% downtime is conducted where officers engage in random 

patrol the entire 365-day period (constant random patrol within their beat).  A total of 100 

simulations of this model were conducted and the outcome distribution across all 100 

runs were averaged to identify hot spot areas.21 Hot spots were identified by averaging 

the number of crimes on each grid cell across all 100 runs of the base model. The local 

indictor of spatial autocorrelation statistic was then used to identify cells with high 

                                                 
21 This procedure is similar to the way police departments create their hot spots maps from crime patterns. 

Hot spots that were within one grid cell of one another were collapsed into single, larger hot spot. Hot spot 

areas comprise 1,366 grid cells in the world, with an average of 69 grid cells per hot spot. The max hot spot 

diameter is 19.3 grid cells (907 feet or slightly longer than two street segments on average).  
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average robberies that are surrounded by other cells with high average robberies. At the 

end of the process, 20 hot spots were delineated (5 hot spots in each police beat).  The 

distribution of the average robberies across the 100 simulations of the control model are 

presented in Figure 8, along with the five designated hot spots in each police beat that 

will be targeted in each of the experimental models.  

Given that the available estimates of officer downtime are quite limited, the 

present study carries out five experimental models with varying amounts of officer 

downtime: 10%, 20%, 30%, 40%, and 50% of downtime per day.  During their downtime 

for the 365-day period, police officers will engage in hot spots policing where they target 

a high-robbery grid cell that is located in one of the five robbery hot spots in their beat 

period (random patrol within their beat otherwise).  They spend 15 minutes at a hot spot 

each visit (Koper, 1995; Taylor et al., 2011; Telep et al., 2014).  The benefit of using 

officer downtime more efficiently is analyzed using descriptive statistics obtained for 

each model condition. A series of ANOVAs are used to examine differences in the mean 

number of average robberies occurring at the hot spot level and the duration of time 

officers spend per hot spot on a given day.  T-tests are used to compare the number of 

robberies at the district level over a 365-day period for each of the five experimental 

models (10%, 20%, 30%, 40%, and 50% of downtime spent engaged in hot spots patrol) 

as compared to the control condition (random patrol / 0% of downtime spent engaged in 

hot spots patrol). 
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Figure 8  Distribution of Average Robberies in District for Model with 0% of 

Downtime Spent Engaged in Hot Spots Patrol with Beat and Hot Spot Boundaries 
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Results 

Figure 9 presents the mean number of robberies at the hot spot level by condition. 

These findings suggest that the percent of patrol time officers spent engaged in hot spots 

patrol had a significant effect on the number of robberies occurring at crime hot spots  

[F(5, 594) = 89.52, p < 0.001].  This is reflected by the linear, downward trend of the 

number of robberies at a given hot spot as the percent of patrol time engaged in hot spots 

patrol increases.  The average number of robberies occurring at a given hot spot by 

amount of time engaged in hot spot policing is as follows: 2.3 for 0%, 1.9 for 10%, 1.8  

 

 

 

 

    

 

Figure 9  Dosage of Police Presence and Number of Robberies at a Hot Spot on 
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for 20%, 1.6 for 30%, 1.5 for 40%, and 1.3 for 50%.  As expected, there is also a 

significant increase in the duration of time officers spend at a given hot spot each day as 

the percent of time engaged in hot spot patrol increases [F(5, 594) = 7381.64, p < 0.001]. 

Officers that engaged in random patrol (0% of time hot spots policing) their entire shift 

will spend about 1.63 cumulative hours on average at a hot spot each day.  In contrast, 

officers that spend approximately one-third of their time engaged in hot spots patrol, as 

recommended by IACP, will spend about 9.46 hours on average.  

Trends in the mean number of robberies occurring at the district level over the 

365-day period are presented in Figure 10. As with the number of robberies at the hot  

 

 

        

 

 

Figure 10   Mean Number of Robberies in the District at 365 Days by Percent of 
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spots level, there is a linear, downward trend in the number of robberies in the district as 

police increase the percent of their time dedicated to hot spots patrol instead of random 

patrol [F(5, 594) = 3.77; p=0.002].  The average number of robberies occurring in the 

simulated district at 365-days is as follows: 269.0 for 0%, 261.9 for 10%, 258.2 for 20%, 

255.3 for 30%, 253.9 for 40%, and 248.8 for 50%. As presented in Table 4, t-tests were 

conducted to compare each of the experimental conditions to the control condition  

(random police patrol).  Even by increasing the portion of officer time from 0% to 10% 

of time engaged in hot spots patrol, there is a significant reduction in crimes in the district 

over the one-year period [t(99)=2.71; p=0.008].  If officers spend approximately one-

third of their time engaged in hot spots patrol instead of constant random patrol, it is 

estimated that there will be a 5.09% reduction in the number of robberies over a one-year 

prior [t(99)=5.30; p<0.001].  There is an estimated 7.52% reduction in robberies in the  

 

 

Table 4   Paired Differences in Number of Robberies at the District Level between 

Random Patrol and Experimental Conditions 

 

% of Patrol Time Engaged 

in Hot Spots Policing 

 

% Change 

in Robberies 

Mean 

∆ in Robberies 

t-value 

10 % -2.64 % - 7.09  2.71** 

20 % -4.00 % - 10.77 4.39*** 

30 % -5.09 % - 13.69 5.30*** 

40 % -5.62 % - 15.11 6.27*** 

50 % -7.52 % - 20.22 7.49*** 

Note. *** p<0.001, ** p=0.008. df = 99; ∆ represents the mean difference; simulations paired by random seed 
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district over the one-year period when officers dedicated 50% of their time to hot spots 

patrol in comparison to constant random patrol [t(99)=7.49; p<0.001]. 

Discussion 

 Research suggests that the amount of unallocated patrol time is substantial and 

how this time is spent is often at the discretion of line officers.  Paired with knowledge 

that patrol officers can use this time more efficiently and that their efforts can have an 

appreciable effect on crime in hot spots, there is strong evidence to suggest that 

unallocated patrol time can be transformed into crime prevention.  By applying ABM, 

this study demonstrates that a large-area reduction in crime may be obtained by using 

existing resources more efficiently.  Given the variability of unallocated patrol time in the 

literature, this research examined various assumptions regarding the amount of officer 

downtime.  Even a conservative estimate, which assumes that patrol officers can spend 

10% of their patrol time engaged in hot spot patrol, demonstrated a notable reduction in 

robbery at the district level. This conservative benchmark definitely seems realistic and if 

departments achieve the IACP’s recommendation of one-third of an officer’s time 

dedicated to proactive activities, even more substantial crime reductions may be realized.  

Furthermore, there appears to be a linear relationship between the dosage of police 

presence and the anticipated crime reduction at both the hot spot and district levels.     

While this research demonstrates the benefits of harnessing unallocated patrol 

time for crime prevention, there are several limitations that must be taken into 

consideration.  The results of this study are based on a simulated world and caution 

should be used in drawing conclusions (Gilbert and Troitzsch, 2005; Groff, 2007b).  One 
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can also not be certain of the social impact of the reallocation of patrol officers.  

Empirical evidence and theoretical understanding guided model development, which is 

imperfect and imprecise.  The implications are based on a simulation so it is important 

that researchers still need to determine if the results can be translated into reality. As 

such, the models must be evaluated with that uncertainty in mind.  Some consideration 

should be given to the fact that, while the findings demonstrate that the increased use of 

unallocated time at robbery hot spots can result in a significant reduction of robbery, this 

crime reduction was simulated in a small section of a large urban city.  It was not 

possible, even with a supercomputer used in the analysis, to carry out an ABM with a 

large number of districts. Given these constraints, the ABM for this research was 

designed with the assumption that its agents were representative of a citywide population. 

So theoretically, it is reasonable to assume that the application of this model with enough 

districts to represent an urban city would yield similar results (A. Crooks, personal 

communication, January 23, 2015).  

The estimates of the present study may be used to speculate the anticipated 

savings of using police downtime more efficiently.  Notwithstanding the noted limitations 

of the model, this exercise is useful in assessing whether it is worth rethinking the 

management of police resources.  For these considerations, Rand (2010) provides the 

tangible monetary costs (defined as expenses directly incurred by individuals, businesses, 

or government from out-of-pocket expenditures or lost productivity) that will be avoided 

when a crime is prevented.  Again, there are no direct financial costs since we do not 

need additional resources, but rather are just using existing resources more efficiently. 
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Based on cost-of-crime estimates across three strong empirical studies (Cohen and 

Piquero, 2009; Cohen, Rust, Steen, and Tidd, 2004; French, McCollister, and Reznik, 

2004), Rand (2010) estimates the expected tangible cost of robbery to be $67,277.  This 

would translate into an annual cost-savings of approximately $500,000 to $1.4 million in 

our simulated district (see Figure 11).  On average, this equates to a $271,799 savings 

each year for every 10% of patrol time that can be allocated to hot spot policing in lieu of 

random patrol.  If we assume the simulated district is a representative subsample of a 

large city, there would be an annual savings of approximately 5.7 million in the event that 

a department dedicates one-third of total patrol time to hot spot patrol instead of random 

patrol.  And these figures likely underestimate the “cost” of robbery because they do not 

account for its intangible costs, such as its substantial psychological effects on victims  

 

 

        

Figure 11  Estimated Annual Cost-Savings of Robbery Reduction in District by 

Experimental Condition 
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(RAND, 2015) and the fear of crime among the public it elicits (Tompson, 2012).   

Constant random patrol served as the comparison model, but even for departments  

that already undertake hot spots policing efforts during downtime, one may infer from the 

findings that potential savings can be realized if they are able to increase the portion of 

time officers engage in hot spots policing.  Accordingly, such estimates can also be used 

to inform police department staffing decisions.  For instance, consider a department 

where its patrol force has 20% downtime and this time is already committed to hot spots 

policing.  The department can use these estimates as a guide (1) to calculate the expected 

savings of increasing the percent of time committed to hot spots patrol, and (2) weigh this 

against the relative cost of hiring recruits needed to obtain the desired amount of 

unallocated patrol time. This provides a way to reallocate existing resources without 

additional funds, which may be vital for smaller, suburban or rural police departments. 

 The anticipated crime reduction and expected savings this study provides are 

prefaced on the expectation that police managers can successfully redeploy officers. 

ABM provided evidence regarding the efficacy of efficiently using unallocated patrol 

time as a crime reduction strategy—but it did so under ideal circumstances that might not 

translate into real world effectiveness.  Weisburd and colleagues (2015) already 

demonstrate that even when unallocated patrol time is abundant, it may not be easily 

transformed into crime prevention.  This randomized experiment provided police 

managers weekly with information on crime levels and the amount of unallocated patrol 

time in each beat, with the anticipation that managers would use this knowledge to direct 

patrols to high crime beats as compared to managers in areas without such information. 
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The study found that while police managers in the treatment group were able to increase 

the amount of unallocated patrol time directed at crime hot spots by one-fourth relative to 

the control group, the duration of time officers spent engaged in hot spots patrol still 

represented only a small portion of their unallocated time.  As indicated by these findings 

and substantial literature on change in high discretion organizations (Wooditch, Duhaime, 

and Meyer, 2016), police managers will likely face barriers in getting patrol officers to 

adopt and routinize changes in deployment practices.  There is also the issue that rather 

than prioritizing declines in crime, police departments are operating under a rapid 

response philosophy and a desire for equity in the distribution of police services, which 

both seek to maximize police presence across a jurisdiction.  As such, an important 

research question pertaining to using unallocated patrol time more efficiently is how 

police managers can best redirect their officers and what proportion of patrol time can be 

reallocated in practice.    

 To further identify ways agencies can more efficiently use their resources, it may 

be conceptually helpful to think about treating places the same way we treat people; this 

entails moving away from the one-size fits all approach to focusing more on tailoring 

police response based on the characteristics of place.  For instance, high-risk individuals 

have shown to respond best to treatment that is more intensive (Ogloff and Davis, 2004). 

As such, we may get an added benefit if we allocate officers during downtime according 

to how hot a hot spot is given that there is meaningful variation in crime levels among hot 

spots (Weisburd and Gill, 2014). While there is evidence to suggest that randomly 

visiting a hot spot and spending about 15 minutes there can significantly reduce crime 
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(Koper, 1995; Telep, Mitchell, & Weisburd, 2014), more research needs to be done in 

understanding the optimal amount of time officers should spend at a hot spot and whether 

factors mediate its effect.  Predictive policing software could be used to help identify the 

best location to target and at what time of day.  However, while the use of predictive 

analytics to guide patrol resources has shown promising crime reductions (Mohler et al., 

2015), researchers have much work to do in fine-tuning predictive algorithms to increase 

precision.  

Another effective treatment principle is that interventions should target specific 

factors shown to be strongly related to crime, and do so in a way that depends on each 

individual’s need and considers how they will best respond to treatment (Ogloff and 

Davis, 2004).  Similarly, agencies implement a wide range of effective tactics that can be 

carried out during unallocated patrol time (Koper, 2014; Police Executive Research 

Forum, 2008), such as problem-oriented policing (Braga, Weisburd, Waring, Green 

Mazerolle, Spelman, and Gajewski, 1999; Hinkle and Weisburd, 2008), foot patrol 

(Ratcliffe, Taniguchi, Groff, and Wood, 2011), directed police patrol (Crank et al., 2010; 

Sherman and Weisburd, 1995), policing disorder (Braga and Bond, 2008; Weisburd and 

Green, 1995b), offender-focused policing in high crime areas (Groff, Ratcliffe, 

Haberman, Sorg, Joyce, and Taylor, 2015), and intensive enforcement of firearms 

(Sherman and Rogan, 1995).  However, only a handful of studies have compared the 

effectiveness of different tactics (Groff et al., 2015; Taylor, Koper, and Woods, 2011).  

Additional research on identifying optimal crime reduction strategies (relative to others 

tactics) and under what circumstances these strategies work best is needed.   
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Conclusions 

 The extent of hot spots patrol carried out by officers relative to the amount of 

unallocated patrol time is comparatively small.  If the amount of downtime officers spend 

engaged in hot spots patrol can be increased in a way that maintains desired levels of 

presence at hot spots, this study provides evidence to suggest that it would likely yield a 

significant crime reduction benefit citywide.  It should dispel some skepticism regarding 

the ability of displacement to offset these crime prevention benefits.  
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CHAPTER FOUR: SOLVING OLD METHODOLOGICAL PROBLEMS WITH 

NEW METHODOLOGICAL TOOLS 

 

The purpose of this dissertation was to illustrate how applying innovative 

spatiotemporal approaches in criminology can advance policy and practice. The case 

studies presented in this research have focused on issues related to improvements in data 

visualization and methodological selection.  There was a focus on these two aspects 

because of their central role in informing future research and directing policy and 

practice. The subsequent section will briefly review the findings of the spatiotemporal 

analysis presented in the prior two chapters, and touch upon the contributions of these 

methodological approaches to theory, policy, and practice.  Examples of underemployed 

spatiotemporal methodologies follow, with an emphasis on how the approaches (and 

similar space-time methods) could improve data visualization and model building in 

criminology.  It will also discuss the potential implications of adopting these techniques 

for theoretical development and program evaluation, as well as examples for how both 

researchers and practitioners can make better use of existing spatial and temporal data to 

improve our understanding of crime and develop more effective crime reduction 

strategies. 



86 

 

Improvements in Data Representation 

The ability to visualize spatially and temporally referenced data is becoming more 

sophisticated and offers more fine-grained detail. These tools are particularly useful for 

summarizing a large amount of data in space and time succinctly and in a way that is easy 

to understand.  This dissertation already presented one example of this—the bivariate 

spatiotemporal k-function. A benefit of this technique is that the deterrent effects of SQFs 

on crime were able to be visualized across both space and time simultaneously, which 

facilitated the understanding of very complex statistical results in a way that is easy to 

understand and provides more finite information about the relationship that is oftentimes 

lost.  The space-time spatial scan statistic can also be easily visualized. As mentioned 

above, this statistical test is similar to the bivariate spatiotemporal k-function but differs 

in that is it a local (rather than global) measure of space-time clustering.  For instance, 

Tango and colleagues (2011) employed the space-time scan statistic to detect localized 

emerging disease outbreaks. As such, the results of the test illustrate the specific 

geographic locations where the observed number of diseases across time was statistically 

higher than the expected number of cases and specify the exact time periods these space-

time clusters were observed.  

Another example of improvements in data representation is space-time kernel 

density estimation. This is an adaptation of the kernel density estimation, which uses 

cross-sectional data to estimate a probably distribution of a variable (e.g., crime incidents 

or calls-for-service) and then the smoothed intensity is represented on a two-dimensional 

surface. Most commonly, police departments employ the approach by using historic 
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crime data to identify crime hot spots.  As Nakaya and Yano (2010) demonstrate, space-

time kernel density estimation “enables simultaneous visualisation of the geographical 

extent and duration of crime clusters” (p. 223).  The tools available to display data across 

space and time simultaneously, such as space-time kernel density estimation, are 

increasing. However, there remains a need to make these tools accessible to criminal 

justice practitioners that is user-friendly and requires little training (Roth, Ross, Finch, 

Luo, and MacEachren, 2013). A survey of seven medium-to-large police departments 

found that agencies visualize data either across space or across time, but struggle with the 

ability to integrate the two (Roth et al., 2013).  Some analytic software for law 

enforcement has this function built-in so it is easy for practitioners to implement (e.g., 

BAIR Analytics), but these programs are quite costly.  

Model Building and Recommendations for Improvement 

Benefits of Innovative Space-Time Approaches 

This dissertation presented two methodological approaches to evaluating 

spatiotemporal data.  It focused on demonstrating the value of spatiotemporal methods in 

furthering our understanding of crime, as well as our ability to evaluate criminal justice 

programming and understand observed program effects.  In chapter 2, the bivariate-

spatial k-function was used to identify significant interaction between two point 

processes over space and time simultaneously, and overcomes important limitations of 

similar techniques employed in criminology (e.g., the Knox test).  In chapter 3, ABM was 

used to explore the potential effect of using police downtime more efficiently on street 

robbery.  This dissertation discusses the unique bottom-up approach to modeling dynamic 
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behavior, which improves our understanding and testing of theoretical constructs.  It can 

also provide detailed information across time at a micro-geographic level.  Accordingly, 

ABM provides the opportunity to test real-life crime reduction strategies in a safe 

environment, without concern of practical implementation issues in the real world and 

with at no cost.  

Numerous other space-time techniques, which are either underused in the 

criminological literature or emerging in other disciplines, would be of tremendous utility 

in studying crime.  An example of which is an extension of kriging.  Kriging is a spatial 

interpolation method that relies on a sample of known data points to estimate unknown 

values and provides these approximations on a two-dimensional grid (Oliver and 

Webster, 1990).  A good example of this would be measure snowfall in a fixed number of 

locations in a city and then using kriging to generate an estimated surface of snowfall 

across the entire city.  More recently, it has been extended to accommodate temporal 

correlations in spatial data (Bogaert, 1996; Gething, Atkinson, Noor, Gikandi, Hay, & 

Nixon, 2007; Kerwin & Prince, 1999). The application of this approach to study crime 

would be very useful.  For instance, Uchida and colleagues (2013) examined the 

association between collective efficacy and crime at a micro-level using kriging in 

Miami-Dade. They did this by surveying community residents regarding their perceptions 

of collective efficacy and then used known values of collective efficacy from respondents 

to approximate unknown levels of collective efficacy throughout the city. The use of 

space-time kriging in this instance would be valuable to explore changes in collective 
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efficacy across geography and associate these changes with crime trends at very small 

unit of analysis, such as street segments.    

Similarly, a common technique employed in criminology that can be applied 

spatially is autoregressive integrated moving average (ARIMA). ARIMA is one of the 

more frequently used models for analyzing interrupted time-series data (Said and Dickey, 

1984), and it is used to assess the adoption of a policy or intervention at a specific point 

in time. Stolzenberg and D’Alessio (1997), for instance, employed ARIMA to examine 

whether the adoption of California’s three-strikes legislation had a significant effect on 

trends in the incidence of serious crime and petty theft rates.  Spatial ARIMA is an 

extension of the technique that was introduced by Pfeifer and Deutsch (1980), where the 

autoregressive and moving averages are lagged across time and space when spatial 

autocorrelation is present in the data (see Glasbey and Allcroft, 2008; Madden, Reynolds, 

Pirone, & Raccah, 1988 for examples). The spatial ARIMA does have relevance for 

assessing the impact of policies or programs in criminology, such as studying the 

differential impact of Proposition 47 over time across California.         

A spatial adaptation of traditional multivariate analysis, geographically weighted 

regression (GWR), is seldom employed in criminology and may have much to offer 

research on crime outcomes.  Two advantages of this technique are that (1) the 

incorporation of spatial patterns may improve the accuracy of a global (non-spatial) 

model, and (2) it permits relationships to vary across space (Brunsdon, Fotheringham, 

and Charlton, 1998).  Traditional regression analysis approximates global estimates (one 

coefficient is provided for each independent variable), which are fixed and variations 
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across space and time are suppressed. GWR allows coefficients to vary by estimating a 

separate model and local coefficients using disparate weighting schemes based on 

distance.  These estimates can then be mapped to examine how the strength and direction 

of beta coefficients vary across space.  Cahill and Mulligan (2007) apply GWR to violent 

crime in Portland, Oregon and compare the results to ordinary least squares regression. 

They show that four of the eight parameters examined to explain violent crime rates 

demonstrated significant variation across geography. They argue that GWR provides 

context to understanding relationships, helps describe parameters, and provides insight to 

counterintuitive or unexpected results when using traditional regression modeling.  

Recently, GWR has also been adapted to accommodate panel data (Cai, Yu, and 

Oppenheimer, 2012; Yu, 2010).   

Innovation through Data Selection 

The rise of big data, open data, and the availability of geospatially-referenced 

event data offer many opportunities to the criminal justice field and criminology.  It 

expands the interconnectedness of datasets, improves the precision of our models, and it 

increases the scope of analytical techniques we are able to employ.  The amount and type 

of data law enforcement agencies gather has substantially increased over the years, but it 

lags behind the capability and capacity of agencies to analyze these data and use this 

information to inform the deployment resources (Chen et al., 2004).  Predictive policing 

programs have been designed to collect official crime data and produce crime forecasts 

but it is unclear what algorithms are used to generate these predictions, whether the input 

data are appropriate to generate estimates (e.g., too few cases to predict future crimes 
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with confidence), or whether the incorporation of additional data sources can improve 

space-time predictions.  As demonstrated in this dissertation, for instance, the 

incorporation of SQF data may improve model accuracy.  

Another extant data source that police agencies and researchers are not taking full 

advantage of is automatic vehicle locator (AVL) data (Weisburd et al., 2015), which 

reports continuous details on the location of each patrol car.  While the primary purpose 

of AVL systems is officer safety (Brewer, 2007), these data can be used by researchers to 

measure dosage of police presence at a micro-level, both across space and time, as a way 

to evaluate the implementation of a place-based policing program over time.  Law 

enforcement agencies can also benefit from using the information available in AVL data. 

For instance, this dissertation suggests that police departments may benefit from using 

unallocated patrol time more efficiently. Dispatch data can provide an indication as to the 

amount of patrol time that is considered unallocated, while AVL data can be used to 

determine the portion of officer time that was spent in designated hot spots.  There are 

many other publically available data sources being collected by agencies that can be used 

to assess place-based interventions and improve our ability to explain and better 

understand crime outcomes. Examples of publically available information include data on 

foreclosures, 311 calls, or locations of bars, schools, and parks.  

Social media is another informative data source that is publically available. The 

widespread adoption of social media, for instance, has prompted researchers to explore 

ways in which this rich data source can be harnessed and used to improve social science 

research.  There have been a number of very creative applications to a wide range of 
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research topics.  For instance, in the public health field, social media data have assisted 

researchers in the early detection of disease outbreaks. The Centers for Disease Control 

and Prevention (CDC) collects data on flu-like symptoms, but there is approximately a 

two-week delay between when a patient is diagnosed and when the information is made 

available to the public.  As a result, Achrekar and colleagues (2011) collected data over 

time on Twitter messages that mention flu-like symptoms. They found that flu-related 

messages on Twitter were highly associated with the influenza cases reported by the 

CDC and illustrated that inclusion of Twitter data improves the accuracy of predictive 

models.  There are many other studies that have applied Twitter data to improve model 

forecasts, such as in electoral prediction (Gayo-Avello, 2013), real-time detection of 

traffic (D’Andrea, Ducange, Lazzerini, and Marcelloni, 2015), and stock prediction (Si, 

Mukherjee, Liu, Li, Li, and Deng, 2013). 

While there are no applications of the use of media data to inform modeling in 

criminological literature, there have been a few applications to study crime (Gerber, 

2014; Wang, Gerber, and Brown, 2012).  In particular, Gerber (2014) relied on Twitter 

data to determine if spatiotemporally lagged tweets that pertain to event-based topics 

could improve the prediction of crime incidents in time and space in Chicago, Illinois.  

The study hypothesizes, that “[t]he essential hypothesis is that the location, timing, and 

content of tweets are informative with regard to future events” (Gerber, 2014: 2). 

Predictions were conducted each day using kernel density estimation to determine if the 

predictive value of historic crime data supplemented with the location of event-based 
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Twitter messages increased the ability to predict crime across time and space in 

comparison to using historic crime data alone.  

Overall, the incorporation of Twitter-derived data significantly improved crime 

prediction. The prediction ability of Twitter data was highest with stalking, criminal 

damage, and gambling, while least accurate in predicting arson, kidnapping, and 

intimidation. Gerber (2014) also found that certain Twitter message topics were more 

strongly related to a given crime type and weighted these cases in the kernel density 

estimation so they had more influence that other messages.  This study suggests that law 

enforcement agencies may benefit from the incorporation of data from a variety of 

sources into space-time crime prediction rather than just relying on historic crime 

patterns, and the advantage of some of these data sources, such as Twitter, is that 

agencies can use these data in real time to direct resources.  

Another example of how publically available data can be exploited to improve the 

accuracy of spatiotemporal models is through human behavior data.  Bogolov and 

colleagues (2014) used data on mobile network activity measured at micro units of space 

and time, along corresponding basic demographic information, to explore its ability to 

forecast crime. This is an untapped data source in criminology and can be particularly 

helpful to measure population flows throughout the day and provide information on the 

living conditions in a given area. The demographic data it provides are also at a much 

smaller unit than most publically available datasets, and one can measure changes in a 

given areas’ demographics over short time periods.  Bogolov and colleagues (2014) 

discovered that the incorporation of human behavioral data into predictive models were 
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able to significantly improve the accuracy in forecasting crimes. Furthermore, this study 

noted that human behavioral data aggregated at a weekly level had more predictive power 

than if they were aggregated monthly.  As Bogolov and colleagues (2014) describe, there 

are both theoretical and practical implications in using this innovative approach:   

The proposed approach could have clear practical implications by 

informing police departments and city governments on how and where to 

invest their efforts and on how to react to criminal events with quicker 

response times. From a proactive perspective, the ability to predict the 

safety of a geographical area may provide information on explanatory 

variables that can be used to identify underlying causes of these crime 

occurrence areas and hence enable officers to intervene in very narrowly 

defined geographic areas. 

 

Since this information is aggregated and does not contain identifiable information, 

these data may be analyzed without concerns over privacy of citizens. 

Direction Application of Space-Time Modeling and Theoretical Considerations 

The most frequent spatiotemporal tool directly employed in the criminal justice 

field is predictive analytics, which is most often associated with predictive policing.  This 

approach uses geospatial information systems, spatially referenced event data, and a 

mathematical model to forecast crime, and then evidence-based crime reduction 

strategies are used by law enforcement agencies to target locations and time periods that 

have been identified as having an increased risk of crime (Perry, 2013).  Over the years, 

there has been a surge in the number of freeware and commercially available predictive 

policing programs that are actively being used by law enforcement agencies, such as 

PredPol, HunchLab, BAIR Analytics, to name a few. Each of these software programs 

uses mathematical and analytical techniques to predict future crime.  
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The use of predictive policing software, and crime forecasting models more 

generally, to guide law enforcement tactics provides some indication that practitioners 

can transform its predictions into meaningful crime reductions. Such an example would 

be the implementation of operation Blue CRUSH (Crime Reduction Utilizing Statistical 

History) by the Memphis Police Department (Rand, 2013).  This initiative relies on 

IBM’s predictive analytics tool, which has been integrated into the statistical software 

SPSS.  The predictions it generates were used by the Memphis Police Department in an 

effort to curb a sharp increase in gun-related violence by gangs.  The crime forecasting 

software provided Memphis police officers with specific locations that police presence 

should increase and the times in which police should target these areas.  The Blue 

CRUSH demonstrated a notable increase in police presence at high crime locations and 

independent evaluation of the program revealed that the observed crime reduction in 

Memphis results in an estimated yearly savings of $7,205,501 at a cost of only $395,249 

(RAND, 2013).  

As noted, there are numerous applications for law enforcement agencies, which 

employ spatiotemporal methods for crime forecasting, that guide the deployment of 

limited resources.  These programs employ dissimilar algorithms to predict where and 

when crime will occur, and also rely on different data inputs. But, which one is best?  We 

know little about the validity and reliability of their predictions and how it varies across 

software platforms. Researchers can facilitate the adoption of crime forecasting 

applications by providing agencies with the information requirements to determine which 

best fits their needs.  For examine, Drawve (2014) compared different hot spot mapping 
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techniques using the predictive accuracy index (measure of accuracy) and recapture rate 

index (measure of precision) to determine which had the greatest ability to predict the 

location of crime.  He examined Nearest Neighbor Hierarchical, Kernel Density 

Estimation, Spatial and Temporal Analysis of Crime, and Risk Terrain Modeling.  Using 

data from the same city and time period, the ability of each predictive hot spot technique 

were directly compared. A similar evaluation of predictive policing software, and crime 

forecasting techniques that rely on spatiotemporal data more generally, is needed.  It is 

especially important to determine which spatial-temporal model can best detect notable 

crime changes and how these applications preform against crime analyst predictions.  

This will allow law enforcement agencies to weigh the cost of the software with its 

relative effectiveness. 

 A consideration in further developing crime forecasting models that are used the 

criminal justice field is that they not theoretically based.  There should be a clear link 

between criminological theory and the methods used for forecasting crime events.  

Overwhelmingly, extant predictive analytic applications rely solely on police data in 

forecasting efforts. There should certainly be a benefit to incorporating theoretically 

relevant data inputs.  For instance, Risk Terrain Modeling (RTM) uses overlapping kernel 

density estimates to identify specific areas that are at increased risk of crime in the future 

(Caplan, Kennedy, and Miller, 2011). This analysis allows the user to input theoretically 

relevant variables, which it uses in its prediction.  However, despite the ability to 

incorporate theoretically relevant variables into the analysis, RTM cannot yet incorporate 

time into its predictions and can only accommodate point-level data.  Most predictive 
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models used in the field are predictive policing programs. In addition, because most of 

these programs are proprietary, we are unable to assess the underlying assumptions of the 

algorithms. The fact that most of these programs require only police data as input 

suggests that there is not a strong link between theory and practice. 

  It seems that the most relevant criminological theories to inform crime forecasting 

models are routine activity theory (Cohen and Felson, 1979) and the rational choice 

perspective (Cornish and Clarke, 1986).  Routine activity theory is important because it 

considers the spatial and temporal convergences of suitable targets, motivated offenders, 

and lack of capable guardians. As such, crime forecasting models may improve 

prediction by incorporating data on whether these convergences take place, such as 

through types of land use or the locations of relevant facilities (e.g., bars, schools, 

shopping centers).  The rational choice perspective assumes that an individual weighs the 

costs and benefits of committing a crime and makes a rational choice to commit the crime 

when the benefits exceed the perceived risks.  To this end, it may be advantageous to 

incorporate variables that measure aspects about location that would increase the 

potential offender’s perceived risk for committing the offense into space-time 

predictions.  For instance, AVL data, which provides the exact location of patrol vehicles 

on a regularly timed based (e.g., every 30 seconds), could be used to measure the dosage 

of police presence at a micro level across time because it would serve as a suitable proxy 

for guardianship at a location.   

There are compelling theoretical reasons to take into account space and time when 

studying crime (Ratcliffe, 2010).  Empirical research is interested in making causal 
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inferences about what factors directly cause changes in crime.  Absent a randomized 

experiment, it is difficult to rule out alternative explanations of seemingly cause-and-

effect relationships.  As demonstrated in this dissertation, the benefit of the bivariate 

space-time k-function was the ability to establish that the observed crime reduction 

following an SQF occurrence.  Furthermore, many criminological theories make 

statements relevant to crime opportunities in time and space.  These considerations have 

meaningful implications for informing policy and practice. For instance, while cross-

sectional analysis of historical crime data may be able to identify and direct officers to 

chronic hot spots, high variability in daily crime patterns at place (Gorr, Wilpen, and Lee, 

2015) would suggest that the deployment of crime prevention is better informed by 

forecasting methods that use both spatial and temporal components of data in prediction. 

This dissertation has already discussed the need to address spatial autocorrelation in 

studies where place is the unit of analysis, but our understanding of individual outcomes 

(and effects of crime prevention programs on individuals more generally) would benefit 

from incorporating information on spatial relationships into the analysis (Wooditch et al., 

2013). Without this information, it ignores the reality that their environment influences 

individuals. Consequently, the use of spatiotemporal methods to test hypotheses in 

criminology is suitable in most instances and in turn, these methods provide a greater 

understanding of places and people as they relate to crime.    

The use of theory to guide the development of spatiotemporal models may 

improve its accuracy, but it does not necessarily mean that the information can be directly 

translated into meaningful crime reductions. The growing body of literature that 
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incorporates a spatial element into its analysis overwhelmingly focuses on identifying 

and understanding the formation of hot spots (Chainey, Reid, and Stuart, 2003; Murray 

and Roncek, 2008; Ratcliffe, 2010). This means that not only does our understanding of 

the crime problem derive from analysis without any temporal awareness, but it also 

provides guidance concerning the practices employed in the field with little 

understanding of how the incorporation of temporal information in analysis affects policy 

recommendations.  

The dearth of studies employing space-time methods also means that there 

remains a large disconnect between the scientific evidence these approaches provide 

researchers and whether this translates into real world knowledge that practitioners can 

use in a way that significantly impacts crime.  Researchers may reduce this knowledge 

gap by implementing and evaluating rigorous studies of interventions by using 

spatiotemporal methodology.  A good example of this pertains to the evaluation of 

PredPol, which is a widely used predictive policing software used by law enforcement 

agencies.  The developer of the software, Jeff Brantingham, discovered that the statistical 

occurrence of crime was very similar to earthquakes.  For instance, an earthquake may 

cause aftershocks in a given area, just as gang violence will lead to retaliatory violence in 

the same area.  Accordingly, he used epidemic-type aftershock sequence models (ETAS), 

which have been traditionally used to forecast earthquakes, in developing PredPol. 

Brantingham’s software uses ETAS models to calculate the crime risk for short- and 

long-term hot spots.   
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The effectiveness of PredPol was assessed using a randomized controlled trial in 

the Los Angeles Police Department and the Kent Police Department (Mohler et al., 

2015).  Since the location of hot spots changed daily, the study randomized days to 

treatment or control conditions.  In both police departments, patrol officers received 

PredPol predictions on areas to provide increased police presence on treatment days, 

whereas they received predictions from analysts using extant intelligence and traditional 

crime mapping methods on control days.  The study found that the “ETAS models predict 

1.4-2.2 times as much crime compared to a dedicated crime analyst using existing 

criminal intelligence and hotspot mapping practice” (Mohler et al., 2015: 4).  Moreover, 

the LAPD treatment areas experienced a 7.4% crime reduction on average, whereas the 

analysis predictions yielded a crime reduction less than half what the treatment obtained.  

If the LAPD allocated approximately 30 minute of patrol presence to the PredPol boxes 

each day, the study estimated it would lead to 4.3 fewer crimes each week for every 

division.  Mohler and colleagues (2015) projected an annual savings to the LAPD of over 

$17 million using PredPol, which is far higher than the roughly $8 million annual savings 

using crime analyst predictions.  

Conclusions 

Empirical research in a range of fields has begun to take advantage of the plethora 

of spatial information.  This dissertation has discussed the underutilization of 

spatiotemporal methods in criminology.  It has provided two applications demonstrating 

the untapped utility of infrequently used spatiotemporal methods to improve our 

understanding of criminal justice programming.  It has also explained why analytical 
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methods that accommodate spatial and temporal dimensions of data simultaneously 

improves our theoretical understanding of the crime problem, affords us greater ability to 

design and assess criminal justice programming, and allows practitioners to more 

efficiently and effectively allocate resources.  Given that spatially referenced event data 

are increasingly available to researchers in criminology and practitioners in the criminal 

justice field, it is time to take full advantage of this opportunity. 
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APPENDIX 

Table A1  Distribution of D0(s,t) Presented in Figures 5 and 6 

       

Distance 

Lag 

 Expected (Non-SQF Day) 

0 0.892 0.879  0.889 0.910 0.921 

100 0.955 0.943  0.947 0.955 0.970 

200 0.951 0.941  0.952 0.949 0.968 

300 0.955 0.951  0.954 0.956 0.973 

400 0.957 0.956  0.957 0.959 0.979 

500 0.957 0.958  0.957 0.958 0.981 

 1 2  3 4 5 

   Days Lagged  
      

 

 

Distance 

Lag 

 After Crime Event 

0 1.098 0.863  0.670 1.002 0.859 

100 1.044 1.033  0.842 1.033 0.975 

200 0.995 0.978  0.884 1.035 1.008 

300 0.985 0.985  0.928 1.073 1.062 

400 1.025 1.015  0.971 1.071 1.064 

500 1.005 0.990  0.981 1.061 1.117 

 1 2  3 4 5 

   Days Lagged  
     

 
  

Distance 

Lag 

 After SQF 

0 0.789 0.426  0.467 0.988 0.736 

100 0.774 0.685  0.681 0.898 0.752 

200 0.835 0.801  0.686 0.964 0.897 

300 0.951 0.760  0.798 0.999 0.913 

400 0.928 0.861  0.820 1.103 0.943 

500 0.926 0.888  0.864 1.015 1.012 

 1 2  3 4 5 

   Days Lagged  
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Table A2  Mean Robberies of Grid Cells By Riskiness of Location in Random 

Policing Model  
Note. Averages represent mean across 100 model runs.

 

Risky Value of Cell All Grid Cells N of Cells Mean SD  

 0 34329 0.002 0.006  

 1 4840 0.013 0.016  

 2 1032 0.059 0.042  

 3 162 0.217 0.104  

 4 34 0.689 0.215  

 5 3 1.527 0.348  

 6 1 2.090 --  

 

Non-Hot Spot 

Grid Cells 

    

    Risky Value of Cell      N of Cells              Mean                 SD 

 

 0 33592 0.002 0.006  

 1 4453 0.013 0.016  

 2 857 0.055 0.038  

 3 113 0.209 0.097  

 4 19 0.631 0.200  

 5 0 -- --  

 6 1 2.090 --  

 

Hot Spot Grid 

Cells 

 

   Risky Value of Cell      N of Cells               Mean                SD 

 

 0 737 0.004 0.008  

 1 387 0.017 0.017  

 2 175 0.081 0.053  

 3 49 0.234 0.118  

 4 15 0.763 0.217  

 5 3 1.527 0.348  

 6 0 -- --  
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Table A3  Sensitivity Analysis on 90-day Base Model (Random Policing) (N>50) 

 

Description Avg. 

Num. of 

Robberies 

in District 

Avg. 

Num. of 

Robberies 

-Chronic 

Offenders 

Avg. 

Num. of 

Robberies

-Non-

Chronic 

Offenders 

Avg. 

Repeat 

Offenses 

by 

Chronic 

Offenders 

Avg. 

Repeat 

Offenses 

by Non-

Chronic 

Offenders 

Avg. 

Repeat 

Victim-

izations 

Avg. 

Beat 

1 

Robb

eries 

Avg. 

Beat 

2 

Robb

eries 

Avg. 

Beat 

3 

Robb

eries 

Avg. 

Beat 

4 

Robb

eries 

Base Model - Random patrol 54.85 26.09 28.76 1.87 0.17 3.75 12.37 16.01 13.57 12.18 

Time to (Re)Offending - 30 

days chronic and 60 days non-

chronic 

51.18 24.70 26.48 1.14 0.00 2.98 11.96 14.94 12.52 11.18 

Time to (Re)Offending - 0 

days chronic and 0 days non-

chronic 

70.72 31.40 39.32 2.44 0.64 5.84 14.54 20.24 17.96 17.28 

No Officers 68.83 33.35 35.48 2.87 0.20 5.30 14.95 19.56 15.91 17.60 

Probability Going Home 30% 53.92 26.22 27.69 1.78 0.16 3.31 12.02 14.27 13.98 12.82 

Probability Going Home 90% 64.70 30.62 34.08 2.32 0.32 4.84 14.10 18.52 16.40 14.86 

Random Location of Activity 

Grid cells 

60.46 28.88 31.58 2.04 0.12 4.24 11.98 19.68 14.32 13.70 

Random Distribution of Risky 

Grid cells 

57.56 28.40 29.16 1.94 0.20 4.58 15.18 16.52 14.08 11.32 

Deterrence Radius of Officers 

- 4 Cells 

67.41 31.99 35.42 2.57 .17 5.25 14.46 19.01 17.60 15.48 

Deterrence Radius of Officers - 

14 Cells 

40.68 19.47 21.21 1.01 0.08 2.28 8.88 11.93 10.37 9.09 
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Table A4  Sensitivity Analysis on 90-day Base Model without Riskiness of Location (Random Policing) (N>=50) 

Description Avg. Num. 

of 

Robberies 

in District 

Avg. Num. 

of 

Robberies 

-Chronic 

Offenders 

Avg. Num. 

of 

Robberies-

Non-

Chronic 

Offenders 

Avg. 

Repeat 

Offenses 

by 

Chronic 

Offenders 

Avg. 

Repeat 

Offenses 

by Non-

Chronic 

Offenders 

Avg. 

Repeat 

Victim-

izations 

Avg. 

Beat 1 

Robberies 

Avg. 

Beat 2 

Robber

ies 

Avg. 

Beat 3 

Robber

ies 

Avg. 

Beat 4 

Robberi

es 

Base Model - Random patrol, 

w/o riskiness of loc. 

62.08 30.36 31.72 3.26 0.36 4.85 15.42 15.65 14.93 15.55 

Attractiveness Mean 10, 

SD 5 

5954.60 901.26 5053.34 105.00 1974.94 1023.04 1451.52 1498.32 1447.32 1492.64 

No Beats (officers no 

restricted to a given beat) 

62.76 30.34 32.42 3.54 0.24 5.56 15.22 16.34 15.22 15.26 

More Officers - 10 per 1k 

citizens (one-third of the 

force) 

43.90 20.48 23.42 1.44 0.18 3.02 11.06 10.10 12.00 10.26 

No Officers 74.46 35.78 38.68 4.74 0.48 7.82 16.34 17.08 19.62 20.62 

Guardianship - Mean 10, SD 3 40.28 12.44 27.84 0.62 0.12 6.62 9.86 9.76 9.78 10.56 

Guardianship - Mean 2, SD 1 2130.60 576.24 1554.36 104.72 464.26 249.98 529.06 535.82 517.32 526.02 

Prob. Going home 90% 65.49 32.15 33.34 3.85 0.55 5.53 15.75 15.96 16.87 16.19 

Prob. Going home 30% 54.36 26.44 27.92 2.38 0.22 4.44 12.84 14.30 13.90 12.84 

Time to (Re)Offending - 0 

Days Non-Chronic and 

Chronic 

73.30 32.52 40.78 4.24 1.40 7.66 20.08 18.46 17.58 16.38 

Time to (Re)Offending - 60 

Days Non-Chronic, 30 Days 

Chronic  

50.94 20.74 30.20 1.20 0.30 4.58 12.70 13.02 12.14 12.58 

Stochastic Element -10 to 10 1119.80 500.24 619.56 103.92 128.78 217.66 271.04 281.14 269.92 278.22 

Random Set-up Seed 10 60.94 30.88 30.06 3.44 0.32 4.94 15.00 13.96 16.98 14.48 

Random Set-up Seed 1,000 70.02 32.70 37.32 3.90 0.38 6.66 16.42 15.46 19.56 17.90 

Agents move one cell per tick 1119.80 500.24 619.56 103.92 128.78 217.66 271.04 281.14 269.92 278.22 
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Figure A1 Distribution of Riskiness of Location in District   
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