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ABSTRACT

Using the subject matter of neighborhood crime, we explore how to conduct conventional quantitative so-
cial science using simulation as a way of formulating theory and performing empirical tests of theory,
thus replacing the dominant methodological paradigm. Here we simulate in abstract form a complete sys-
tem of social relationships to reflect applicable social theory, which in many cases takes the form of
prose. This requires integrating the theories and adding implied elements to make a coherent, paramete-
rized system. The next step is calibrating the model to measures of the type that would be normally em-
ployed to test the relevant theories. Re-implementing Wilcox’s (2005) Matlab-based crime model in Java
and exploring model variations, we find patterns in the simulation outputs that highlight the potential dif-
ficulties of matching a published correlation matrix and are reminded that simulation modeling is more
exacting than social science argument stated as prose and based on group-level conceptual constructs.

1 INTRODUCTION

How should one conduct a general program of social science using simulation models as its representa-
tion of social theory and quantitative methodology? Fully doing so requires methodological advances in
representing social phenomena comparably to extant social theory as well as meeting the twin challenges
of model validation and parameter estimation needed for comparability to statistical quantitative metho-
dologies. Here we examine how these issues play out in secondary analysis of data on violent crime us-
ing an agent-based simulation model, which illustrates one way of performing the simulation and its at-
tendant difficulties, including the need to achieve model validation before models can be statistically
tested.

Many have noted the discursive nature of sociological argument, either as a good thing (Sica 2004) or
a shortcoming (Mahoney 2004). Simulation modeling in the form of computational social science is
emerging as an alternative paradigm, but it is time to go beyond demonstrations of promise and develop
agent-based modeling as an alternative methodology on an equal basis to the traditional paradigms. In
this paper we examine how these issues play out in the case of the examination of neighborhood crime by
Browning, Feinberg, and Dietz (2004).

In utilizing quantitative social science methodology in domains such as neighborhood crime, a num-
ber of important difficulties are encountered. Deriving hypotheses from theories suffers the difficulty that
the theories at issue are often not formal deductive systems, or may be a stylized model that leaves out
important elements. Moreover, arriving at hypotheses is complex due to the necessary use of non-
experimental data, the existence of many different, interacting processes and actors, and the inability to
observe of key elements such as the motivations of actors.

Many of these difficulties are evident in the subject matter of neighborhood crime. In this paper we
work with a one-dimensional conception of crime and social theories of it that may be more apt in the
ghetto than a corporate boardroom. Social theory posits that the rate of crime is influenced by reciprocal
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social influence in attitudes and behavior, much of which is unavailable for measurement by social scien-
tists although these may be conceptualized as social network phenomena. Another factor is the level of
social disorganization in the community, which, while not a clearly defined concept, is affected by such
factors as the rate of residential migration.

In view of these difficulties, agent-based modeling may aid in the performance of more rigorous soci-
ology by providing a formal system of reasoning for the purpose of deriving empirical hypotheses. While
Mahoney (2004) calls for actual agents and actors in the theory of historical sociology, that does not end
the discussion. Here we will attempt to use an agent-based model as a methodological improvement over
the theoretical arguments and methodological approach of the subject paper, in which it is desired to subs-
tantiate a view of crime as occurring within a context of a network of social exchange relationships that
tend to impede the suppression of crime.

2  MODELING SOCIAL THEORIES OF CRIME

Sociological theories of crime are based on hypotheses about social interactions in a social network such
as a neighborhood. On the other hand there are economic theories of crime, such as rational choice theory
(Becker 1968) and the conception of peer effects as positive and negative externalities (Glaeser, Sacer-
dote, and Scheinkman 1996; Calvo-Armengol and Zenou 2004), which are also relevant to building a si-
mulation model that covers competing perspectives.

Social disorganization theory (Shaw and McKay 1969; Kasarda and Janowitz 1974; Kornhauser
1978) views interpersonal social attachment as a good thing. According to Shaw and McKay, poverty,
residential instability, and ethnic heterogeneity promote crime by inhibiting the formation of neighborly
networks and attenuating community-level action against crime. According to Kasarda and Janowitz, ex-
tensive friendship and kinship bonds strengthen neighborhood attachment, and Kornhauser finds that
weak bonds mediate the effect of disadvantage on the capacity for social control.

The cultural transmission model (Whyte 1937; Wilson 1996; Crane 1991) focuses on the legitimate
social networks as bulwarks against a counter-culture of crime. The criminal subculture emerges in oppo-
sition to mainstream culture, and strong networks in socially disadvantaged communities may facilitate its
spread. Thus there is a contagion of problem behaviors, for which gang culture provides social support.

Browning, Feinberg, and Dietz (2004) propose and empirically support a negotiated co-existence
model, in which social networks are a source of general social capital for offenders, which tends to pro-
tect them. Therefore the attitude of neighborly efficacy to fight crime tends towards the suppression
criminal behavior, but is offset to some degree by social capital. Thus social disorganization theory is not
quite right, but Browning, Feinberg, and Dietz wish to avoid attributing too much organizational capacity
to the criminal networks as well.

The economic literature on peer effects in crime is intriguing as a contrast because it is inherently
agent-oriented. Becker (1968) looks at crime from a rational choice perspective. Following this perspec-
tive, Makowsky (2006) looks at the effect of population shocks over time with an agent-based model.
Looking at the puzzle of the variability of crime rates across time and space, the analyses by Glaeser, Sa-
cerdote, and Scheinkman (1996) and Calvo-Armengol and Zenou, (2004) highlight the importance of he-
terogeneity in agents’ toleration for crime as a moderator of peer influence effects, which act as source of
training and facilitation. The positive externalities due to the interactions between criminals contrasts
with their aggregate competition for resources.

The model by Glaeser, Sacerdote, and Scheinkman (1996) is intriguing in that it employs a circular
social network and three types of social actors, such as in Figure 1. The model described here incorpo-
rates similar modeling ideas, but mapped into a flat, two-dimensional terrain as this is more like a physi-
cal neighborhood.

As a step towards the encapsulation of the theories of neighborhood crime into an agent-based model,
observe their depiction in a combined path diagram in Figure 2. As an indication of the complexity of the
subject, note that all the arrows go from the self to the other as well as the other way around. For presen-
tational clarity, the symmetrical arrows are not presented in the case of the ecological parameters. Anoth-
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er indication of the complexity of the subject, note that there are ecological variables (blue) as well as in-
dividual-level variables (green) and exogenous parameters and endogenous personal traits that must be
put in relation to each other.

The interaction posited by Browning, Feinberg, and Dietz (2004) in which a social exchange relation-
ship with the other impeded the benefit of anti-crime efficacy, is given by the red arrows and the yellow
circles. The arrows for the social disorganization theory (magenta) are redundant as they also cover the
effect of efficacy on the other’s criminality. As a token of the rational choice theory, the effects of disad-
vantage and density on one’s criminal propensity are accounted for by the green arrows, and they are
present in the model of Browning, Feinberg, and Dietz. The cultural transmission paradigm is covered by
the arrows from relationship to the other’s criminality, and from criminality to criminality.

~

\
/./ Criminal

\ Anti-Crime /
o« e

Figure 1: The social network Glaeser, Sacerdote, and Scheinkman (1996) employ to model crime. This
represents an agent-based model of social influence on the circular network with variability in the suscep-
tibility to social influence playing an important role in the results.
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Figure 2: Interrelation of Simulation Elements to Themselves and Social Theories
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To the sociological theories has been added the basics of the peer effects literature from economics
(Glaeser, Sacerdote, and Scheinkman 1996; Calvo-Armengol and Zenou 2004), in which heterogeneity of
agents, synergy between associated criminals, and competition for scarce resources are important fea-
tures. These numerous theories notwithstanding, it is also necessary to consider supplementary perspec-
tives. The other’s criminality may affect one’s own efficacy to fight crime, and it may be argued from
cognitive consistency theory that anything capable of affecting behavior may also affect attitudes, and
that behavior also affects attitudes.

In the mapping of simulation elements in Figure 2, there are features that present a challenge for iden-
tifying parameter values from actual empirical data. Note in particular the embedded loop between an ac-
tor’s criminality and the other’s efficacy. This creates circular causal loops throughout the social system,
as depicted in Figure 3.

Other’s

Efficacy

Figure 3: An Identification Issue
3 AGENT-BASED MODEL DEVELOPMENT

3.1 Overview

The Matlab-based model of crime utilized in Wilcox (2005) works on two levels: interpersonal influence
on a social network, such as in Harrison and Carroll (2002) and interaction with the social/economic envi-
ronment. To integrate the sociological and economic theories of crime, the crime model incorporates a
two-dimensional analogue of the circular social influence network considered by Glaeser, Sacerdote, and
Scheinkman (1996), in which the features of non-homogeneous occupational preferences and competition
among criminals for scarce economic resources create a situation in which disparate equilibria are possi-
ble and the crime rate can vary significantly over time. In addition, it includes the interplay between the
attitude of neighborly anti-crime efficacy and the behavior of being a criminal.

Since neighborhoods are geographical, this model represents the attitudes and behavior of residents
on a 2-D 50 by 50 lattice, but using the toroidal topology to avoid edge effects. In a real neighborhood,
one has more than the eight neighbors present in many lattice models. Here we use the Moore neighbor-
hood of radius 4, giving a set of 80 neighbors an agent may form friendships with and be influenced by.
However, the crime rate’s economic effect on occupational choice is taken over the entire set of 2500
agents.

In this model, agents may be either criminals or law abiding, and they possess a level of “efficacy”.
Their underlying criminal propensities are heterogeneous within the neighborhood. Social influence is
conveyed at three levels: friends, non-friends in the Moore neighborhood, and the community as a whole.
Agents may move out of the neighborhood, and thus be immediately replaced. They also may change be-
tween the status of criminal and non-criminal, and form friends. All friendships are two-way.

3.2 Path Model and Parameterization

The path diagram in Figure 4 describing the actual simulation differs from the path diagram describing
the related theories in that it resolves the redundancies among the theories considered. In addition it re-
solves questions such as whether it makes sense to apply an agent’s attitude of efficacy (against crime) if
that individual is a criminal.
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Figure 4: Path model describing the dynamic relationship between the conceptual variables as imple-
mented in the simulation model.

Overall, nineteen parameters corresponding to the path model describe the simulation process. In the
blue boxes, Density, Stability, and Disadvantage are unit-free exogenous variables that drive residents’
criminal propensities, efficacy, and probability of leaving, seen in parameters A1, A2, and DI. In the
green diamonds are scale and location parameters related to these exogenous variables. Tenure is influ-
enced by a yearly leaving probability that is derived from the stability parameter. Criminality is a choice
that is initialized and then reviewed with probability B7/2. If it is to be updated, the agent is designated a
criminal according to a criminal propensity, which is heterogeneous between agents, as well as the influ-
ences of friends and neighbors. In accordance with the peer effects literature, the global crime rate has a
suppressing effect (4B84) on an individual’s propensity to choose criminality, while friends who are crim-
inals have a separate effect (4B3). The value of efficacy used in the influence calculations depends on
whether the person doing the influencing is a criminal, in which case the Criminal Efficacy parameter is
used. The effective efficacy of the other thus computed has two different effects (with linear coefficients
ABI and AB2) on the other’s occupational choice, depending on whether the other is a friend or just a
neighbor. The update of Efficacy is affected by the crime rate among the agent’s friends according to
coefficient D2, and their Efficacy, according to coefficient D3. Efficacy is also influenced by tenure (D4)
and density (D). Finally, friendships grow with joint tenure, according to probability G/ each year.

One may notice the model’s complexity. The path model implied by theory is fairly complex, yet in-
complete, and yet things had to be added. Effect of time on relationship building is common sense, but
not explicitly stated as theory. Cognitive consistency theories could be further exploited to suggest addi-
tional relationships between one’s own attitudes and own behavior.

33 Agent-Based Lattice Architecture

While many agent-based models posit actors on a torroidal lattice, the usual pattern is to assume interact-
tion occurs when actors are adjacent such as Schelling’s (1971) Model of Segregation or Lustick’s ABIR
(2000) and PS-I (2002) models of political influence. As depicted in Figure 5, a 50 by 50 lattice is chosen
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as comparable in size to a neighborhood, but neighbors are counted within a Moore neighborhood of ra-
dius four.

Figure 5: 50x50 Toroidal Lattice Social Network Structure Showing a Moore Neighborhood of Radius
Four

34 Simulation Process Details

In the neighborhood simulation, actors possess the attitudes and behavior, and pairs of neighbors may be
friends. They influence each other by their attitudes and behavior while developing friendships and pos-
sibly moving out of the neighborhood. All of these influences are regulated by parameters.

Each iteration of the simulation is nominally one year, during which each agent’s status is stochasti-
cally updated in fixed order. There is a fixed order for the update of attributes of an agent:

1. Moving out of the neighborhood

2. Building friendships (which accumulate)

3. Deciding whether to re-evaluate one’s occupation

4. Updating attitude of efficacy
First it is determined whether the agent will leave based on the tenure and stability-related calculations of
the probability of leaving detailed above. As the analysis of the data in Browning, Feinberg, and Dietz
treats neighborhood instability as exogenous, the probability of leaving in this model does not depend on
the crime rate. [In further research it may be worthwhile to consider a reciprocal relationship between
crime rates and rates of moving, however.] If the agent leaves, it is replaced with a new agent. Otherwise
the agent is updated.

A new agent is given a criminal status and propensity according to the probability utilized in the in-
itialization of criminal status, and given values of baseline efficacy, friendship probability, and friendship
status according to the initialization procedure. The starting value of tenure is one year.

An agent who does not move out of the neighborhood is influenced by the efficacy of both friends
and non-friends in his Moore neighborhood, but according to separate coefficients. If the other is a crim-
inal, the effective efficacy is set at a parameter; otherwise the effective efficacy is the actual efficacy. For
both classes of Moore neighbors, the influence of the other on own efficacy is on a per-agent basis, mak-
ing influence of the two categories proportional to their numbers divided by the total number of Moore
neighbors.
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The latent probability of becoming a criminal is the exp(x)/(1 + exp(x)) function of the sum of the
agent’s criminal propensity and products of coefficient parameters with the efficacies of friends and non-
friends in the agent’s Moore neighborhood as well as the crime rates among friends and globally. In equ-
ations, we first apply the social and economic influences using the formula,

Defining as the Moore neighborhood of and as the set of
Moore neighbors who are not friends of ,

the equation for is similar except that the summation is performed over the
set , and

Note that another possible choice for these formulas would be to divide by the size of the sets over which
the summations are performed, if nonempty. Also, the economic limitation due to the possibility of satu-
ration in the neighborhood is calculated using the formula,

Then we transform into the latent criminal probability as follows:

If a Bernoulli trial against the criminal status update probability is successful, criminal status is updated
according to the latent probability.

Friendship cumulatively increases, and new friends are added from the Moore neighborhood accord-
ing to the friendship creation probability. Tenure is incremented by one each iteration. Efficacy is based
on the baseline efficacy for the agent calculated at initialization, plus the products of parameterized coef-
ficients times the friend crime rate, the friend efficacy, and tenure.

4 SIMULATION CALIBRATION METHODOLOGY

Browning, Feinberg, and Dietz report a correlation matrix of the data analyzed in their regression analys-
es. Preparatory to calibration (parameter estimation) with the method in Wilcox (2005), stochastic optimi-
zation iterations (Spall 2003), or the method of simulated moments (McFadden 1989; McFadden and
Ruud 1994; Stern 1997), comparable results from the model using a wide range of inputs are compared
with the reported correlations in order to verify that the simulation results bracket the target data points.
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Here we take a subset of the correlations reported by Browning, Feinberg, and Dietz, and desire to es-
timate from them the structural parameters of the agent-based model. The correlations reported by
Browning, Feinberg, and Dietz (2004) and utilized in this paper are presented in Table 1. The correlations
highlighted in orange are the exogenous variables. The presence of the four-year lag of the crime rate
gives us a reading on the level of consistency over time possessed by the phenomenon of crime, which is
important with respect to the economic literature, as the level of instability has been the difficult part to
explain. The means of the variables are not given. Many of the means and standard deviations are mea-
ningless, as they are empirical Bayes residuals or attitude measures.

As survey estimates and the outcome of empirical Bayes purification, many of the subject variables
are subject to estimation error themselves. This creates the problem of unmodeled measurement error in
the predictor variables, which causes bias in the regression estimates and lowers the correlation estimates
from their actual population values. Further refinement of the analysis would include adjusting the pub-
lished correlations based on the estimates of the reliability of predictor measures reported by Browning,
Feinberg, and Dietz (2004) and discussed in related papers.

Table 1: Data correlations presented by Browning et al (2004), from which they calculate their multiple
regression results. These are the targets for simulation calibration using an agent-based model. The corre-
lations highlighted in orange are exogenous to the model, while the others are created from batches of
model runs that have the same parameter values.
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Crime_Rate (Homicide) 1.00
Disadvantage 0.76| 1.00
Residential stability 0.04| 0.05] 1.00
Density -0.03| 0.08| -0.54| 1.00
Previous Crime Rate (Homicide) 0.81] 0.77| -0.06] 0.09] 1.00
Collective Efficacy -0.54| -0.56 0.38| -0.44{ -0.60| 1.00
Network _Interaction -0.14| -0.13| 0.05| -0.18| -0.13| 0.47| 1.00
High interaction -0.07| -0.02( 0.08] -0.17| -0.07| 0.36| 0.75| 1.00
High interaction*Collective Efficacy| -0.30| -0.33| 0.27| -0.26| -0.37| 0.68 0.38| 0.39| 1.00

5 DATA COLLECTION AND INITIAL ANALYSIS

Ecological data is collected from all 2500 persons in the simulated neighborhood. After initialization, the
model is executed for 20 iterations prior to the collection of the lagged log odds of the crime rate, given
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by the formula, log(CrimeRate / (1 — CrimeRate)), and then executed for 4 more iterations prior to the
collection of the rest of the data. Residential stability is collected as the mean of tenure (in simulation ite-
rations). Network interaction is the mean of the friendship status indicator variable. Efficacy is also the
mean of this variable before its adjustment for criminal status. The log odds of the crime rate is estimated
using a numeric accommodation for the possibility of zero crime rates. The agent-based model in Wilcox
(2005) was re-implemented in Java for speed.

Correlations of interest were calculated from batches of 30 independent model runs and used as data
for the later method of simulated moments analysis. To achieve this, variables were calculated to support
the interaction effects in the regression analysis reported by Browning, Feinberg, and Dietz. From the
network interaction variable, the 70" percentile was calculated in order to create the indicator for high
network interaction and thus its product with collective efficacy.

The initial experimental design was to uniformly generate the simulation parameters within broad
limits, respecting the theoretical boundaries at zero. From the batches of runs, correlations to match those
in Browning, Feinberg, and Dietz were computed and displayed pair-wise in scatter plots along with the
original data. As this highlighted ways in which the model did not fit the data, tweaking was performed
to see if the lack of fit could be remedied using adjustments such as adding parameters or making minor
and not-so-minor changes to the modeling of social influence.

Figure 6 shows four scatter plots in which the published correlations are particularly far from the si-
mulated correlations over a broad range of parameters. Notice that some output correlation measures are
associated with others in unusual-looking ways, while other pairs look to the eye like a correlated biva-
riate normal random variables. In the lower left-hand side of the figure, the baseline model’s correlation
between the network interaction dummy variable (XX33) and residential stability is fairly high, while the
data reported by Browning, Feinberg, and Dietz has a very low correlation. Also, the correlation between
collective efficacy and neighborhood disadvantage is in the neighborhood of zero in the simulation re-
sults, but negative in Browning, Feinberg, and Dietz. Looking at the upper right, Browning, Feinberg,
and Dietz report values for the correlations of XX33 with residential density as well as that between net-
work interaction and density that are far from the range of values coming from the simulation. In the
lower right, we see that the simulated values of two correlations (network interaction with collective effi-
cacy and the interaction variable, XX34, with residential stability) form a wedge shape that excludes the
reported point. Moreover, the points in the scatter plot on the upper left also seem to nestle up against a
wall, on the other side of which is the published correlation.

Figure 7 shows the four scatter plots of Figure 6 in a version of the tweaked model in which progress
may have been made in obtaining output correlations that bracket the data points. The simulated range of
correlations is closer to the published values for XX33 with residential stability seen in the vertical axis of
the plot on the lower left, while the ‘wall’ seen in the plot on the upper left is more pronounced. In both
the upper left and lower right, we see how the two dimensional character of the scatter plots reveal the in-
ability to match correlations that would not be revealed by looking at them in a univariate manner.

6 CONCLUSIONS

Employing an agent-based simulation as a replacement for theory increases the precision of one’s argu-
ments, but at a price. With the simulation, the domain of modeling concern increases as one examines the
arguments and aligns the theory. Because of the increased rigor of this process, the need for elaboration
ensues beyond what was apparent from the prose expression of the theory. While Browning, Feinberg,
and Dietz were able to test their theory by looking at a single interaction effect in a regression model, ca-
librating a simulation model to the correlation matrix employed in the regression model estimation led to
any one of the correlations sufficing to invalidate the simulation. By instantiating social theory as a for-
mal system, any issues with the reasoning linking theory to hypotheses are more easily laid bare than with
a prose description of the same social system.

Some of the difficulty in replicating the published correlations may relate to the performance of sec-
ondary data analysis. The manner in which the measures in Browning, Feinberg, and Dietz were purified
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may be an issue, as may be the fact that they are based on samples, which leads to an errors-in-variables
problem and corresponding deflation of correlation measures. Also, the use of normalized measures,
while not creating a problem for multiple regression models, results in loss of information that can be re-
medied by using the original data.

In line with the tradition of network-based influence models, the current model is based on the as-
sumption that social influence is network-based. Moreover, friendship development is driven by length of
time in the neighborhood, which relates to its instability. However, a less conventional approach to con-
sider in further research would be to take into account the power of weak ties (Granovetter, 1973) and
model neighborhood efficacy as a reputation that is built up as a result of experience with proactive

neighbors, rather than as an outcome of social influence along strong ties.
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Figure 6: Selected scatter plot results with the baseline model using a wide range of parameter settings,
compared to the published correlations (highlighted in red). Looking at these plots, it is clear that the si-
mulation model does not fit the correlations reported by Browning, Feinberg, and Dietz (2004).
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Figure 7: Scatter plot results with the modified model using a wide range of parameter settings, compared
to the published correlations. The simulation model still does not fit the reported correlations.
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