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ABSTRACT 

 

Criminological theories often use the language of causation in 

promising general (e.g., Gottfredson and Hirschi 1990) or definitive (e.g., 

Wilson and Herrnstein 1998) theories. Yet, social scientists confront 

numerous challenges when testing causal statements, such as ethical 

concerns and accounting for potential spurious factors. While every 

science must overcome these issues to make valid causal claims, the social 

sciences are particularly hampered by the subject matter, i.e., the study of 

human beings. While unable to overcome all of the limitations when 
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critically testing social science theories, relatively new computational 

methods open opportunities for addressing some of the issues. In this 

chapter, we discuss how agent based modeling (ABM) can be used to test 

propositions derived from criminological theories. We use an example 

from work that tests theoretical assertions concerning recidivism among 

ex-prisoners. Since the method involves synthetic individuals, we can 

manipulate them without violating ethical principles. Moreover, because 

we use our theories to specify what our synthetic actors are exposed to and 

how they react to those stimuli, we can isolate potential causal factors and 

eliminate spurious effects. While ABM cannot solve the problem of 

external validity, the approach provides a powerful tool for testing and 

advancing theories. 
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INTRODUCTION 

 

As a social science, criminology professes to understand the nature, 

causes, and consequences of crime. Criminologists often use the language 

of causation to offer either general or definitive theories of crime (e.g., 

Gottfredson and Hirschi 1990; Wilson and Herrnstein 1998) that purport to 

account for all types of criminal behavior across settings. Despite these 

grand claims, criminologists, like all social scientists, confront numerous 

challenges when testing causal statements. Two such daunting challenges 

include ethical concerns and accounting for potential spurious factors. While 

every science must overcome these factors to make valid causal claims, the 

subject matter of the social sciences poses unique problems. 

In terms of ethics, we cannot treat human subjects like objects, as 

researchers in the physical sciences can do in their studies. Method-

ologically, humans’ ability to construct and purposefully manipulate 

meaning limits the utility of classical experimental designs that isolate the 

effects of causal factors. As such, most of our causal claims are based on 

weak tests that rely on cross-sectional observational data and statistical 

controls. Although unable to overcome all issues social scientists must 

confront when critically testing their theories, agent based modeling (ABM) 

provides a means for addressing some of these issues. The purpose of this 



What Criminals Do, at Least Theoretically 59 

chapter is to discuss how this relatively new technique can be used to 

critically test propositions derived from criminological theories. 

We begin by introducing briefly the basic logic of ABM and reviewing 

how researchers have used ABM in criminology. We next demonstrate how 

several prominent criminological theories can be modeled, including 

Situational Action Theory and Routine Activity Theory. We then offer a 

more detailed example from work concerning recidivism among ex-

prisoners to demonstrate how this technique can be designed to test specific 

theoretical assertions. The discussion is meant to highlight how the method 

can isolate potential causal factors and eliminate spurious effects without 

concern of violating ethical principles. The chapter concludes with a brief 

discussion of the limitations of agent based models. 

 

 

THEORETICAL APPROACH 

 

Agent Based Models 

 

Agent based models are computational models used to simulate the 

interactions of unique and autonomous agents to examine how phenomena 

develop, are maintained, and potentially end. The basic idea of the technique 

is, as Johnson and Groff (2014: 512) put it, “if a theory is valid, then a formal 

implementation of it should be able to ‘grow’ the outcomes the theory was 

developed to explain.” Agents in ABMs can have different scales and 

hierarchical levels, including individuals, populations, communities, and 

ecosystems, as well as vary in their level of “intelligence” and ability to 

adapt to changes in the system (see Bonabeau 2002; Fagiolo, Windrum, and 

Moneta 2007; Railsback and Grim 2011; Schmolke et al. 2010). Widely used 

in ecology, biology, engineering, and the social sciences (Niazi and Hussain 

2011; Berry, Keil and Elliot 2002), ABMs are appropriate for studying 

systems that are composed of interacting agents and exhibit emergent 

properties that cannot be deduced by aggregating the properties or 

characteristics of agents (Axelrod and Tesfatsion 2004). 
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The agents typically vary in individual characteristics, while their 

interactions occur within some geographic or social space such as a network. 

Agents follow simple behavioral rules and decision-making heuristics. The 

rules governing agent behavior can vary depending on the agent’s 

characteristics. For example, the model can be designed so that “male” 

agents will engage in violent interactions more readily than will “female” 

agents, all else being equal. Thus, the heterogeneity of the agents can range 

from their initial endowments (e.g., age, sex, race, IQ, levels of social 

control) to the behavioral rules they follow (see Fagiolo, Windrum, and 

Moneta 2007). 

The interactions that occur in ABMs involve autonomous – yet 

interdependent – agents. While agents are autonomous decision-makers 

following simple behavioral rules, they are interdependent because other 

agents can persuade, sanction, imitate, or otherwise influence their 

decisions. Because of this inter-dependency among the agents, their 

interactions are inherently non-linear, as feedback loops exist between the 

micro and macro levels. A given model may contain several feedback loops 

that can be positive or negative. Positive feedback loops generally make 

systems less stable, while negative feedbacks loops dampen change and 

make the system more stable. Overall, the goal of ABMs is to capture one 

or many emergent properties of systems that result from the repeated 

interactions among heterogeneous agents within that system. As these agents 

interact with each other and their environment, higher-level or aggregate 

properties of the system emerge. Thus, the models simulate interactions at 

the micro level to predict complex emergent phenomena at the macro level. 

As with any model, ABMs are based on assumptions about the 

importance of agent and environmental characteristics. While these must be 

validated and verified through multiple iterations, developing useful models 

requires formulating precise questions and assembling hypotheses for the 

fundamental processes and structures of the system (see Railsback and Grim 

2011; Schmolke et al. 2010). This requirement is facilitated by sound theory. 

In short, criminological theory can inform ABMs that can then be used to 

test a wide range of violence-reduction strategies. We now turn to some 

specific examples of how ABMs can be used in modeling criminal activity. 
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ABMs and the Emergence of Crime 

 

Criminologists have long recognized the importance of the social and 

environmental contexts in which crime occurs. Focusing on these contexts 

instead of purely the behavior of offenders affords a deeper appreciation for 

the complexity of criminal events and the system of crime. Starting in the 

early 2000s, researchers used relatively simple models to conduct basic tests 

of theories or to investigate the effects of changing simple characteristics of 

the agents (e.g., Gunderson and Brown 2000). For instance, simulation 

models have been used to test criminological theories as applied to street 

robbery (Groff 2007; Groff and Mazzerole 2008; Brantingham and Short 

2012; Park et al. 2011; Wang, Liu, and Eck 2008). Similarly, Malleson and 

his colleagues (Malleson, Evans, and Jenkins (2009); Malleson, 

Heppenstall, and See (2010); Andresen and Malleson (2011)), as well as 

Birks and his colleagues (Birks, Donkin, and Wellsmith (2008); Birks, 

Townsley, and Stewart (2012)), have developed agent based simulations of 

burglary. These models, based on the daily travel patterns of agents in a 

realistic urban environment, can identify high-risk houses. Other simulation 

models have been used to test theories of cybercrime (Gunderson and Brown 

2000), drinking behaviors (Gorman et al. 2006), overall patterns of crime 

(Brantingham and Tita 2008; Wang, Liu, and Eck 2008), and the efficacy of 

law enforcement strategies (Dray et al. 2008; Groff and Birks 2008; Lum et 

al. 2014; Zhang and Brown 2013). 

Although insightful and innovative, many of the models fail to include 

realistic environments. More advanced models are now being developed that 

have been used to explore crime patterns in real cities. For example, ABMs 

have been used to explore drug-market dynamics in Melbourne, Australia 

(Dray et al. 2008) and street robbery in Cincinnati, Ohio (Liu et al. 2005) 

and Seattle, Washington (Groff 2007). Overall crime patterns in British 

Columbia have also been modeled (Brantingham and Short 2012). Similarly, 

Malleson (2012) uses ABM to predict which homes have a heightened risk 

of burglary in Leeds, UK, showing that burglary risk is a direct function of 

an urban regeneration scheme that alters the spatial location of the houses 

relative to the resulting behavior of the criminal agents (i.e., burglars). 
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Therefore, as mentioned, ABMs are useful for modeling emergent 

properties of criminal activities. Armed with these models, criminologists 

can test a variety of theories and intervention strategies. The evaluative 

utility of this methodology, however, depends on the accuracy of the models 

– and the models depend on the theoretical propositions that drive them. As 

such, it is critical that we build models on sound theory. We now 

demonstrate how this can be done by considering the theoretical 

underpinnings of many existing ABMs of criminal behavior.  

 

 

Theoretical Underpinnings of Agent Based Models of Crime 

 

There are a host of theoretical perspectives and a wealth of knowledge 

that can inform agent based models of crime. At the agent or individual level, 

most models are based on a rational choice perspective.1 According to the 

basic perspective, a person acts criminally if the subjectively expected 

benefit of his or her actions outweighs the advantages possibly realized 

through using the time and any additional resources in an alternative activity 

or activities (see Becker 1968). Thus, agents will choose legal or illegal 

actions depending on which action he or she subjectively expects to 

maximize his or her benefit (Cornish and Clarke 1987). According to Becker 

(1968: 17), the expected utility for the offence ‘O’ can be defined as: 

 

EU[O] = B – pC 

 

where: 

“B” is the perceived benefit to be derived by the offense; 

“p” is the subjectively expected probability of apprehension; and  

“C” is the subjectively expected level of penalty.  

 

                                                           
1 See Johnson and Groff (2014) for a review, as well as Becker (1968), Cornish and Clarke (1987), 

and Birks, Donkin, and Wellsmith (2012). Griffiths, Grosholz, and Watson (2012) provide a 

review of theoretical perspectives tested with ABMs. 
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Cornish and Clarke (1987: 935) note that the choice of a criminal action 

is an exact function of the varying assessments of utility, costs, and risks by 

potential offenders. Thus, rational choice perspectives assert that criminals 

choose to commit a crime for specific reasons rather than assume they are 

driven to offend by some general disposition or trait. The basic rational 

choice theory is certainly useful for ABM as a rule-generating perspective 

that can guide the fundamental actions of the model’s agents. However, it 

has long been recognized that the basic rational choice model neglects social 

factors such as incentives in different social situations or socio-structurally 

varying opportunities. The research indicates that offenders’ decision-

making is influenced by several contextual factors (see Hawdon 2011). 

Situational Action Theory (SAT) is an example of a perspective that, while 

built on the basic rational choice argument, incorporates conditional factors. 

The theory can be used, therefore, to inform ABM models about the micro-

level processes that guide actors’ behaviors. 

Specifically, SAT identifies how an individual’s “perception-choice 

process” is conditioned by the actor’s background factors and social 

environment (see Wikstrӧm 2006, 2010, 2012). The decision is conditioned 

by the actor’s “moral filter” (which defines the potential action alternatives) 

and “controls” (which include both self-control and deterrence). These 

characteristics of the individual, in turn, are influenced by cultural and 

structural factors in the broader social context (see Wikstrӧm 2012). The 

individual characteristics and social context variables can be considered 

“background” or “risk” factors that condition an agent’s rational decision-

making process. Including these factors in an ABM would significantly 

improve the model’s performance (see Sawyer 2012).  

With respect to an actor’s background factors, several theoretical 

perspectives in criminology can be used to better specify the conditional 

probability of an agent making the “rational choice” to commit a crime. In 

fact, most criminological theories are “covering theories” that focus on 

factors that alter the decision to commit crimes more than the actual “causal 

mechanism” of criminal behavior.2 For example, Gottfredson and Hirschi’s 

                                                           
2 See Baron (2012), Sawyer (2012), and Wikstrӧm (2012) for a detailed discussion of this issue. 
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(1990: 95) self-control theory explicitly recognizes that a rational choice – 

not self-control – is the fundamental causal mechanism that leads to crime 

when they state that “the dimensions of self-control are, in our view, factors 

affecting calculation of the consequences of one’s acts.” Hence background 

factors, such as the agent’s self-control, differential associations (Sutherland 

1947), and strain (Merton 1957; Agnew 1992), would influence the “moral 

filter” and “controls” specified in SAT. 

Next, since offending agents must assess their victim and the immediate 

environment before they offend, ABMs also need to include the cultural and 

structural conditions of the area in which the agents’ interactions occur (see 

Sawyer 2012). Many ABMs of crime rely on Cohen and Felson’s (1979) 

routine activity theory to model how offenders perceive that their target is 

attractive and the environment is conducive for crime. Routine activity 

theory is particularly well-suited for ABM since it focuses on the 

interactions of individuals within an environment and it is by far the most 

frequently tested theory with ABMs (Johnson and Groff 2014). According 

to the theory, three conditions are needed for a crime to occur: 1) a motivated 

offender; 2) a suitable target; and 3) an absence of a capable guardian. Crime 

occurs when motivated offenders converge in time with a suitable target at 

a given place where capable guardianship is lacking. This theory has 

demonstrated that ABMs can accurately predict the emergence of 

aggregated crime patterns based on the interactions of individual agents.  

More recently, the routine activity perspective has been combined with 

theories such as crime pattern theory (Brantingham and Brantingham 1984, 

1993), which focuses on where and when routine activity theory’s elements 

are likely to converge and how noncriminal activities pattern this 

convergence. Using insights from crime pattern theory and many empirical 

studies, we know that: 1) offending tends to be concentrated in time and 

space; 2) a small number of offenders victimize a relatively small number of 

victims; and 3) offenders typically do not travel long distances to commit 

their crimes. These insights can be incorporated into models to specify the 

environmental influences on agent interactions.  
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While most existing ABMs of criminal activity use routine activity 

theory, there are numerous criminological theories that can inform the 

model. At the individual level, Johnson and Groff (2014) present strategies 

for using Agnew’s (1992) general strain theory (GST) to specify rules 

governing how agents interact with each other and their environment and 

how these interactions provide triggers that influence the amount of strain 

actors experience. At the environmental level, several ecological theories of 

crime (e.g., Shaw and McKay 1972[1942]; Sampson, Raudenbush, and Earls 

1997; Hawdon and Ryan 2009) can inform ABMs about the environmental 

factors associated with high rates of violent activity. For example, the 

presence of large numbers of unsupervised youth increases rates of violence.  

On the other hand, the existence of anti-crime neighborhood organ-

izations in a community increases the number of capable guardians in the 

area and hence decreases crime (see Hawdon and Ryan 2009, 2011). These 

factors would be easy to add to an ABM and would undoubtedly increase 

the model’s accuracy. Johnson and Groff (2014) provide an excellent 

discussion of how ABM could potentially be used to test social dis-

organization theory by representing both individual-level processes, such as 

friendship tie formation and participation in neighborhood organizations, as 

well as community-level processes such as enacting effective social control 

that reflects the goals of the residents. 

Thus, ABM has been used to test a variety of criminological theories, 

but it can undoubtedly be applied to a wider variety of theoretical 

perspectives. It can also be used to test critical aspects of theories, i.e., 

instead of testing all of the theoretical statements comprising a theory, one 

or two central assertions upon which the theory is based could be tested. 

Doing so can provide a critical test of the theory in that if these assertions 

do not generate the emergent properties they allegedly lead to, then the 

theory has clearly been mis-specified and in need of reformulation. We now 

turn to a specific example of how ABMs can be used in this way, as well as 

to test theoretically-based policy initiatives. 
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AN AGENT BASED MODEL OF INCARCERATION 

 

Recently, researchers have used ABMs to model mass incarceration as 

an epidemic (Akers and Lanier 2009; Drucker 2011; Lum et al. 2014). A 

colleague, Kristin Lum, and our associates (Lum et al. 2014) argue that 

incarceration behaves like an epidemic. Just as those who associate with 

people infected with a disease are the most likely to become ill with the 

disease, the members of an incarcerated person’s social network have a 

much higher probability of being incarcerated than do those not associated 

with an incarcerated person. Hence, we treat incarceration like a disease that 

is “transmitted” through family and community networks (see Lum et al. 

2014). 

Such transmission of incarceration is consistent with theoretical 

statements from several criminological theories. For example, the 

incarceration of a close contact can expose family members to criminal 

norms and involve them in a criminal subculture, thereby increasing the 

probability they would themselves commit crimes and be incarcerated 

(Dallaire 2007; Reed and Reed 1997). Indeed, Sutherland’s (1947) 

differential association theory is, at its heart, a contagion model because 

criminal behavior is learned through interaction in intimate social groups.  

One can also use theories of social control instead of criminal behavior 

to understand this transmission. Incarceration can be “transmitted” among 

inmates because once incarcerated, official bias leads police and courts to 

focus more on the inmate’s family and friends, thereby increasing the 

probability they will be arrested, prosecuted, and imprisoned (Besemer et al. 

2013; Farrington et al. 2001). The point here is that regardless of the precise 

mechanisms involved and even controlling for demographic risk factors, the 

incarceration of a member of an intimate network increases the likelihood 

of other network members being incarcerated. Such a finding suggests a 

model of contagion can appropriately represent the underlying processes of 

incarceration (Lum et al. 2014). However, if this is indeed a valid theoretical 

assertion, then a model based on these mechanisms should generate 

emergent properties that reflect observable patterns of incarceration. 
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To assess the accuracy of the theoretical assertion that incarceration is 

“transmitted” among inmates, we have used a susceptible-infected-

susceptible (SIS) model to pattern incarceration rates. In a typical SIS model, 

agents move between susceptible (S) and infected (I) states; agents in an 

infected state can transmit the disease to those who are susceptible with a 

determined probability of transmission that varies based on the agent’s 

characteristics and relationships among other actors. In addition, unlike 

models of disease where only infected people can transmit the disease, we 

follow Hill et al. (2010) and allow for the possibility of spontaneous 

incarceration, i.e., some agents become incarcerated even if none of their 

associates is incarcerated. This twist on disease models makes for a more 

realistic model of diffusion of social behaviors. 

Our simulation began by developing an evolving social network. In the 

model, individuals lived through life events such as being born, getting 

married, and having children. To begin the simulation, each agent was 

assigned several attributes based on empirical observations. Throughout 

their simulated lives, the agents developed families and established 

friendship networks, and they all die at some point. The timing and 

probability of these events occurring were based on empirical data sources. 

For example, female agents gave birth, and each agent was assigned an age 

at first birth from a Poisson distribution based on data from the Center for 

Disease Control. Similarly, all agents were assigned ages of death derived 

from Social Security Administration life tables.3 

The evolving social network model was then connected to empirical 

sources of information related to incarceration. These data included state-

level data on incarceration, Bureau of Justice Statistics on sentence lengths, 

and survey data reporting the rates an incarcerated person’s family members 

were also incarcerated. We began by incarcerating one percent of the 

population, and then simulated the spread of incarceration at each iteration 

of the model. To do this, two critical parameters needed to be set: sentence 

lengths and transmission probabilities. 

                                                           
3 See the Appendix for more detail, as well as Lum et al. (2014) for a complete discussion of the 

model details. 
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Sentence lengths were based on Bureau of Justice Statistics that show 

average sentence lengths for drug possession vary by race. Based on these 

statistics, the mean sentence for Whites is 14 months with a median of 10 

months, while Blacks receive sentences with a mean of approximately 18 

months and a median of 12 months. Sentence lengths are assigned to White 

and Black agents based on a negative binomial distribution that is consistent 

with these summary statistics. 

Next, transmission probabilities were then derived from survey data 

presented in Dallaire (2007). Using the Survey of Inmates in State 

Correctional Facilities and the Survey of Inmates in Federal Correctional 

Facilities that asks inmates which of their family members (brothers, sisters, 

mothers, fathers, and children) were also incarcerated (Dallaire 2007), we 

calculated monthly transmission probabilities that varied by gender and 

relationship type. For example, monthly transmission probabilities ranged 

from 0.001 for women whose mothers were incarcerated to 0.033 for women 

whose brothers were also incarcerated (see Lum et al. 2014).  

With each iteration of the simulation, the number of incarcerated 

individuals was aggregated to generate a curve of incarceration rates over 

time. These were then compared with historical incarceration rates. The 

model accurately reproduced numerous aspects of incarceration. For 

example, recidivism rates increased with the number of times an inmate is 

incarcerated in both the real world and in the simulation. This effect thus 

emerged as a structural property of the model without specifying such an 

effect in the model. Similarly, the model matched the empirical reality that 

recidivism rates are lower for those who are released at an advanced age. 

The model also closely matched overall recidivism rates and the historical 

patterns of the growth of racial gap in incarceration rates (Lum et al. 2014 

provide a detailed discussion of the model validation). 

Most importantly, we tested if the theorized causal mechanism (in this 

case “contagion”) was a necessary component to the model. If a model not 

built on contagion reproduces similarly matching structural properties of the 

empirical system, then it is extremely doubtful that contagion is a true causal 

mechanism. Thus, the model was run again while turning off the contagion 

effect. In this model, each agent has the same probability of being 
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incarcerated independent of any relationship the agent has with an 

incarcerated agent. We again initialized both White and Black populations 

to have an equal incarceration rate at the outset, but for Black agents to have 

longer sentences on average than White agents, as in the previous model. 

When this was done, the model did not reproduce the large differences in 

race-based incarceration rates, and the recidivism statistics did not come 

close to matching reality. Hence, we note: 

 

Sentence-length disparities in the absence of network effects do not 

account for the observed difference in incarceration rates. It is feedback 

through the local network coupled with sentencing disparities that causes 

such large differences in incarceration rates (Lum et al. 2014: 8-9). 

 

While we did not try to explain why racial disparities in incarceration 

exists, our model produced patterns of incarceration similar to those 

observed in the U.S. It is important to emphasize that, unlike many ABMs 

used to test theories of crime, we did not assume our agents are rational. In 

fact, we neither assumed nor asserted that our agents thought anything! 

Similarly, we did not assume or assert that our agents actually committed 

the crimes that resulted in their incarceration. They may have committed a 

crime (as some real-world inmates undoubtedly do); they may have been 

wrongfully convicted of a crime because of honest mistakes by the police, 

prosecutors, jurors, or judges (as some real-world inmates undoubtedly are); 

or they may have been framed by corrupt cops and convicted by racist jurors 

(as some real-world inmates probably are). 

In our model, we made no assumptions about why people were 

incarcerated. Instead, our model was based on empirical observations and 

theoretical assertion that an actor’s social network determines their 

likelihood of incarceration. Given that the empirical observations upon 

which the model is based are the best available, the fit between the emergent 

properties of the model and that of the observable world suggests that our 

causal mechanism is at least plausible. Had the model not fit the observable 

data, we would have critical evidence that the specified causal mechanism 

was inaccurate. Given the fit between the model and the real world, it also 
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suggests that theories of incarceration that fail to consider the actor’s social 

network are likely mis-specified. 

 

 

FURTHER THEORETICAL IMPLICATIONS 

 

Most explanations for the unparalleled rates of incarceration in the U.S. 

emphasize one of five reasons, including empirical, psephological, 

journalistic, political, and historical (see Tonry 1999). While our model was 

not developed to test specific explanations for the increase in incarceration, 

it can speak to the accuracy of some of the theories. For example, it has been 

asserted that policies such as mandatory minimum sentencing, which impose 

a minimum penalty for a specific offense and were widely used during the 

War on Drugs, exacerbated racial disparities in incarceration rates (see 

Hawdon et al. 2017; National Research Council 2014). Beckett (1997) 

Tonry (2010), among others, theoretically postulate that these and other 

“tough on crime” policies resulted from the Republican Southern Strategy 

that used crime as a “wedge issue” to appeal to Whites’ racial anxieties and 

resentments. Others argue that incarceration rates are influenced more by an 

economic threat rather than a racial or ethnic threat (e.g., Garland 1990). 

Either way, concerns over these threats allegedly become most pronounced 

when conservative thought prevails (see Jacobs and Carmichael 2001). 

While the above arguments may be true, they imply that when 

conservative values become dominant or when racial or economic threats 

become more serious (or at least perceived to be more serious), incarceration 

rates should increase. Indeed, there is evidence this is the case, at least 

through the early 1990s (e.g., Jacobs and Carmichael 2001). This line or 

theorizing, however, also implies that when these threats subside or liberal 

values prevail, incarceration rates should either decrease or level off (Jacobs 

and Carmichael 2001). Yet, incarceration rates began to soar in the late 

1970s and continued to do so until 2011 – and these rates continued to 

skyrocket after Democrats recaptured both chambers of Congress and the 

White House in the 1992 and 2008 elections. 
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Our model suggests that these explanations overstate the importance of 

these factors as causal mechanisms for the growth of incarceration. Our 

model suggests that incarceration rates are not contingent on changes in 

political or economic conditions once the system is developed and in place. 

Instead, once the system is in place, the contagion-like aspect of 

incarceration leads to increases in incarceration irrespective of political or 

economic conditions. To be sure, these factors may be (and likely are) 

critically important distal causes of the incarceration epidemic because they 

help establish the parameters of the system. Once the structure of the system 

was in place, however, the observed patterns of incarceration would have 

emerged regardless of subsequent changes in political ideology, racial 

animosity, or economic threat. 

To put this in terms of our ABM, heightened concern over crime 

undoubtedly contributed to longer prison sentences. Moreover, racial biases 

and the perception of a growing racial threat likely contributed to the 

differences in sentencing regimes where Black offenders receive prison 

sentences that are on average three months longer than the sentences White 

offenders receive. These were critically important aspects of our model that 

we did not theorize but instead took from empirical observations. Yet, once 

these parameters were set, the explosion in incarceration rates and racial 

disparities in incarceration were likely to happen even if standards of 

punishment remained stable, because the system reached the tipping point 

of a positive feedback loop for Blacks, but not for Whites (see Lum et al. 

2014). 

Hence, while many existing theoretical explanations of incarceration 

provide extremely valuable insights into the conditions under which the 

system operates (i.e., the parameters of the model), they often are missing 

the underlying causal mechanism that drives the phenomena. Like most 

covering theories in criminology (such as self-control theory) that focus on 

factors that influence the causal mechanism of criminal behavior instead of 

the causal mechanism itself (see Baron 2012; Sawyer 2012; Wikstrӧm 

2012), most theories of incarceration are covering theories that inform us 

about the parameters of incarceration that channel the processes instead of 

the mechanisms that drive it. 



James Hawdon and John Ryan 72 

ABM’s Theoretical Flexibility: Testing Specific Hypotheses 

 

Finally, while ABM is often used to test theory, models can also suggest 

new strategies and theories to be explored (Eck and Liu 2008; Epstein 2008). 

Moreover, once armed with a model that appears to capture the emergent 

properties of the system, the flexibility of ABMs can provide an inexpensive 

way of testing the range of likely outcomes if various policies were 

implemented. For example, we used our model of incarceration (Lum et al. 

2014) to test specific hypotheses concerning the likely outcomes of various 

proposals advocated to address racial disparities in incarceration (see 

Hawdon et al. 2017 for details of experiments discussed below). 

For instance, in arguing that California’s Three Strikes law “was applied 

disproportionately against African-Americans” (Stanford Law School Three 

Strikes Project & NAACP Legal Defense and Education Fund 2013: 4) and 

significantly contributed to racial disparities in incarceration rates, the 

NAACP’s Legal Defense and Education Fund (LDF) launched a ballot 

campaign for California’s Three Strikes Reform Act (Proposition 36). New 

Jersey and New York also eliminated mandatory minimum sentencing to 

help address racial disparities in incarceration rates (McCleod 2011).  

Although it logically follows that revoking the policies that led to high 

incarceration rates and racial disparities would help address these issues, it 

is possible that we have passed a tipping point. We used our model to test 

the hypothesis that equalizing sentences between Whites and Blacks could 

close the racial gap in incarceration rates. When we do this, Black 

incarceration levels initially drop rapidly – but the disparities between 

Whites and Blacks remained even after 40 simulation years. Thus, even if 

raced-based sentencing disparities were the only factor leading to racial 

disparities in incarceration, eliminating sentencing disparities will not 

reduce the racial gap in incarceration rates (Hawdon et al. 2017).  

One possible reason that eliminating race-based sentencing differences 

does not close the racial gap in incarceration is that incarcerated individuals 

are highly clustered in the population. The clustering might produce pockets 

where individuals keep “re-infecting” each other even after the sentence 

lengths are reduced. Because Blacks have a higher rate of incarceration and 
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close associates are likely to be of similar races, the rate of “re-infecting” 

would be higher among the Black population. This logic is consistent with 

observations that incarceration is clustered geographically such that where 

ex-offenders live influences their likelihood of recidivating (Kirk 2009, 

2015; Sampson 2012; Sampson and Loeffler 2010). It has been theorized 

that geographic clustering of previously incarcerated individuals creates 

“coercive mobility” that destabilizes neighborhoods, depletes social capital, 

and leads to more crime and higher rates of re-incarceration (Clear 2007; 

Clear, Rose, and Ryder 2001; Sampson and Loeffler 2010). 

Given this explanation and body of research, it has been suggested that 

prisoner re-entry programs should consider relocating ex-offenders to 

neighborhoods far from those in which they lived prior to their arrest and to 

neighborhoods with fewer ex-inmates living there. Of course, this is likely 

impossible to implement in the real world; however, we could disrupt the 

clustering of incarcerated individuals in our ABM and tests if the 

“transmission of incarceration” among dense clusters of incarcerated 

individuals perpetuates the racial gap in incarceration rates. When we do 

this, despite substantial decreases in levels of Black incarceration, the rate 

of incarceration among Black agents stabilizes at higher levels than the 

levels of incarceration among White agents. Thus, racial disparities in 

incarceration do not persist after equalizing sentencing solely because 

incarcerated agents are clustering (see Hawdon et al. 2017). 

Next, even if future sentences were no longer correlated with race, some 

agents incarcerated at the time of the intervention would still be serving long 

sentences – and these agents would disproportionately be Black due to the 

prior sentencing disparities. As such, these long sentences may lead to the 

persistence of racial disparities. We test if equalizing the sentences among 

both those sentenced in the future and those currently serving sentences 

would eliminate the existing racial disparities in incarceration rates. Doing 

this closes the racial gap more than the earlier interventions, but the gap 

remains. While this suggests that the longer sentences of those agents 

currently incarcerated contribute more to the persistence of racial disparities 

after sentencing is equalized than does the clustering of incarcerated agents, 
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the legacy of long sentences does not entirely account for the disparities 

(Hawdon et al. 2017). 

Finally, we test if the combination of equalizing sentences given future 

inmates, breaking the clustering of incarcerated individuals, and equalizing 

the sentences of current inmates can eliminate racial disparities in 

incarceration. Our model reveals that this amalgam of interventions does 

lead to the disappearance of racial disparities over time. We conclude that 

the persistence of racial disparities in incarceration is due to a combination 

of the clustering of incarcerated individuals and the fact that some 

incarcerated individuals are still serving relatively long sentences. 

Therefore, our ABM suggests that the combination of eliminating 

sentencing biases and breaking the clustering of incarcerated individuals 

would reduce race-based incarceration gaps. 

It is important to emphasize that we are not suggesting any actual policy 

be implemented. Instead, we conducted hypothetical computational 

experiments that could uncover the causal mechanisms behind the 

persistence of racial disparities in incarceration in our ABM, even after 

eliminating future race-based sentencing disparity. Because the model 

produced expected outcomes, we gained confidence that we had uncovered 

important mechanisms in the processes that result in persistent racial 

disparities in incarceration. 

 

 

CONCLUSION 

 

We hope that the above examples demonstrate the power and flexibility 

of ABMs. Clearly, ABMs avoid many ethical issues that standard social 

science practices entail. One can do anything one might want to synthetic 

agents because they are simply 1’s and 0’s. They are not human beings. As 

such, they do not feel; they cannot be physically or emotionally harmed; they 

cannot be harassed or exploited; and, their social reputations cannot be 

tarnished. Just as no one worries about a physicist harming the iron balls 

used in experiments, no one needs to worry about harming a synthetic agent. 



What Criminals Do, at Least Theoretically 75 

ABMs can also isolate potential causal mechanisms and provide critical 

tests of theories that specify these mechanisms as causes. If agents with low 

self-control are supposed to commit crimes every time the opportunity to do 

so presents itself, this can be specified in an ABM. If the emergent properties 

of the system match those observed in reality, the specified causal 

mechanism is plausible. If the model does not match reality, the theorized 

causal mechanism is likely inaccurate. And, if a model reproduces the 

emergent properties of the system, it can then be used to test a range of 

outcomes of proposed policies. The beauty of this is it can allow testing of 

policies that could not practically be conducted in the real world because 

doing so would require studies that lasted for decades and cost enormous 

amounts of money. It also allows the testing of policies that might be 

dangerous to implement in the real world. For example, we can release a 

large percentage of incarcerated agents without risking increasing crime 

rates in an ABM. If we actually released convicted inmates en masse, that 

could lead to a resurgence in crime rates. 

In short, ABMs have many advantages. Still, they cannot solve all 

problems and have unique challenges that must be carefully considered 

before one decides to use them or to believe their results. The data 

parameters, such as the reproductive rate for infectious diseases or the 

transmission rates of the “incarceration disease,” are often difficult to find. 

Moreover, the models can be hard to verify and difficult to assess, especially 

when modeling unobserved associations.  

Although an ABM can be validated, it is, nevertheless, a model. The 

results of any model are obviously dependent on its underlying assumptions. 

If these assumptions are incorrect, the model’s results are dubious. 

Moreover, by definition, all models rely on oversimplification. We cannot 

model everything that gives rise to incarceration, criminal behavior, or any 

other human activity. Hence, we must bracket many potential complicating 

factors when developing a model. As such, what we decide not to model is 

as important as what we decide to model. 

The advantages and disadvantages of simulation models for criminology 

and criminal justice research are discussed in detail by others (Birks et al. 

2012; Eck and Liu 2008; Groff 2015; Groff and Mazerolle 2008; Johnson 
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and Groff 2014). We urge readers to consider the limitations such modeling 

has when interpreting our findings. Overall, however, ABMs provide an 

additional tool for assessing our theories. They are particularly useful when 

feedback loops are known or suspected to exist, or when real-world 

experiments are not possible. In the end, we believe ABMs are one more 

tool in the social scientist’s toolkit – and we would be wise to learn how best 

use this tool. 

 

 

APPENDIX: THE INCARCERATION  

MODEL’S PARAMETERS 

 

The simulation uses a basic susceptible-infected-susceptible (SIS) 

model where agents move between susceptible (S) and infected (I) states. 

Agents in an infected state can transmit the “disease” of incarceration to 

those who are susceptible. They do so with a determined probability of 

transmission that varies based on the agent’s characteristics and 

relationships among other actors. In the agent based modeling context, an 

edge in the network often represents physical contact or close spatial 

proximity. In models of social influence such as the current model, edges 

represent social relationships between agents. If an agent becomes infected, 

it can potentially infect susceptible neighbors in the network for as long as 

the agent is infected. Unlike the models commonly employed in disease 

modeling, our model also allows for the possibility of spontaneous 

infections, which is common practice when modeling behaviors (e.g., Hill 

et al. 2010). An infected agent “recovers” and returns to a susceptible state 

after a given time (its prison sentence is over in our model), but can then 

become “re-infected.” The model requires three main components: a 

synthetic population of individual agents and their social influence network 

through which incarceration will be spread, transmission probabilities, and 

a period of infectivity (the body of the text discusses the transmission 

probabilities and infectivity period). Below is a brief discussion of the 

synthetic population and the social network. 
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The model begins by developing an evolving social network. In the 

model, individuals are born and live through various life stages such as 

getting married and having children. To begin the simulation, each agent is 

assigned several attributes based on empirically observed distributions. For 

example, gender follows a Bernoulli (0.5) distribution; our agents are 

assigned a gender from this distribution. Similarly, agents are assigned a 

birth year. Throughout their simulated lives, these agents develop families 

and establish friendship networks. And, of course, they all die at some point. 

The timing and probability of all of these events occurring are based on 

empirical data sources. For example, female agents are assigned an age at 

first birth from a Poisson distribution based on data from the Center for 

Disease Control, and ages of death are derived from Social Security 

Administration life tables that provide the probability of death for ages from 

0 to 119 by sex (see Lum et al. 2014 for details).  

In addition to these initial characteristics, each agent is randomly 

assigned a location on the unit square [0, 1]. These locations can be thought 

of as geographic locations, such as home addresses, or a preference space. 

These determine an agent’s relationships with other agents, as agents prefer 

nearby individuals for friends and spouses. Because Census data shows over 

80% of marriages have husbands who are from one year younger to nine 

years older than their wives, female agents are assigned opposite-sex 

spouses selected from all unrelated and non-friend male agents between the 

female’s age and 9 years older. From all potential partners, an agent is 

assigned the spouse closest to it in Euclidean space in the unit square. Once 

a child is born, he or she is assigned initial characteristics and becomes part 

of the simulation. 

In addition to spousal and parent–child relationships, all sibling and 

close friend relationships are also represented in the network. The number 

of close friends assigned to an agent is based on 2004 General Social Survey 

data concerning the number of individuals with whom they discuss 

important matters. Agents form friendships among all non-sibling agents 

who are within one year of age of the agent. This age limit on age range is 

based on data from the National Longitudinal Study of Adolescent Health. 
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Agents are assigned their sampled number of friends who are closest to them 

in Euclidean space within their network (Lum et al. 2014). 

The model was run for 200 iterations, but the first 150 were discarded 

to reduce dependence on our initial conditions. Agents alive at any point 

beyond the model’s 150th iteration are part of the simulation. The total 

population consists of 8,856 agents with 61,376 family and friendship ties. 

This total population size is not pre-specified, but results from the random 

birth and death processes initialized with the original 1,500 agents (see Lum 

et al. 2014 for more details).  
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