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Abstract of Dissertation

Parent, Peer, and Neighborhood Risk Factors Accounting for Spatial Clustering of
Adolescent Aggressive Behavior

The existing aggression literature highlights the importance of risk factors from
multiple domains, including the parent, peer, and more recently, the neighborhood
domains. However, this literature generally has not extended the study of neighborhood
effects on adolescent aggression to include geographic location. Of the existing research
examining neighborhood effects on youth aggression, neighborhood is typically measured
using aggregate data of bounded areas, although aggressive behavior may vary according to
geographic locations within pre-defined boundaries. Reliance only on aggregate data may
lead to errors such as the ecological fallacy (i.e., the assumption that individuals have the
same average characteristics of the larger group) or the overestimation or underestimation
of model parameters (Diez-Roux, 2007). Thus, using analyses that link geographic
information to individual data, or spatial analyses, may be particularly valuable given these
problems. The present study used both spatial and non-spatial analyses to examine whether
observations of high adolescent aggression and its risk factors geographically cluster, or
occur in geographic proximity to other observations, as well as whether geographic clusters
of adolescent aggression overlap or coincide with clusters of risk factors. Nearest Neighbor
Analyses and multi-level analyses were conducted with a community, epidemiologically-
defined sample of adolescents in 8" grade residing in Baltimore City. Results of spatial
analyses revealed that aggression and its risk factors of low parental monitoring, high
deviant peer affiliation, high community violence exposure, and high perceived
neighborhood violence geographically clustered, and that these clusters overlapped to some

extent. However, results of non-spatial analyses did not indicate clustering at the census
\



tract level. Clinical implications of study results and future directions for using both types

of analyses are discussed.
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Chapter 1: Introduction

The serious physical and mental health consequences of youth aggressive behavior
have led researchers to examine risk factors for aggression in order to inform the
development of interventions to prevent and reduce aggressive behavior (e.g., Burke,
Loeber, & Birmaher, 2004; Deater-Deckard, Dodge, Bates, & Pettit, 1998; Farrington &
Loeber, 2000; Patterson, DeBaryshe, & Ramsey, 1989; Tremblay, Nagin, Séguin,
Zoccolillo, Zelazo, Boivin, et al., 2004). While considerable research has focused on risk
factors in the parent and peer contexts (e.g., Dishion & McMahon, 1998; Espalage, Holt, &
Henkel, 2003), the neighborhood has received comparatively less attention, particularly in
intervention research (Leventhal & Brooks-Gunn, 2000; Mason, Cauce, Gonzales, Hiraga,
& Grove, 1994). Moreover, the existing neighborhood research primarily has examined
aggregate information about administratively-defined areas, such as census tracts (Diez-
Roux, 2004). This type of analysis provides only limited information about how location
may affect aggressive behavior (Chaix, Merlo, Subramanian, Lynch & Chauvin, 2005)
because each area is assigned a value that represents the average level of a particular
construct (e.g., crime) without attention to potentially varying levels of the construct within
the area. In addition, these administratively-defined units may not represent residents’ own
perception of their neighborhoods (Coulton, Korbin, Chan, & Su, 2001). Another limitation
of the existing research on risk for aggression is that the majority of research has examined
domains of risk independently (Evans, 2006), rather than in combination as suggested by
transactional ecological models of the development of aggressive behavior. To address

these limitations in the existing literature, the present study will examine whether



aggression and parent, peer, and neighborhood risk factors cluster in geographical space,
and, if so, which risk factor clusters contribute to the clustering of aggressive behavior.
Significance of Aggression

Adolescent aggression, which can range from minor defiance with authority figures
to violent criminal behavior, is recognized as a significant public health concern because of
its strong associations with concurrent and later problems in the interpersonal, academic,
and physical and mental health domains. Adolescent aggression and youth violence have
been linked with conduct disorder (Miller-Johnson, Coie, Maumary-Gremaud, Bierman, &
Bierman 2002; Vitaro, Gendreau, Tremblay, & Oligny, 1998), witnessing and victimization
by violence (Diehl, 2004; Fitzpatrick, 1997; Salzinger, Feldman, Stockhammer, & Hood,
2002), and the onset and maintenance of substance abuse (O'Donnell, Hawkins, & Abbott,
1995; Weinberg, Rahdert, Colliver, Glantz, 1998). These problems often lead to increases
in aggressive behavior (e.g., Salzinger et al., 2002). Youth violence also has been
associated with depression (Knox, King, Hanna, Logan, & Ghaziuddin, 2000; Mason,
Kosterman, Hawkins, Herrenkohl, Lengua, & Mccauley, 2004), academic problems (for a
review, see Hinshaw, 1992; Loveland, Lounsbury, Welsh, & Buboltz, 2007), school
dropout (Farmer, Estell, Leung, Trott, Bishop, & Cairns, 2003; French & Conrad, 2003),
and difficulties in relationships (Chang, 2003; Loeber & Hay, 1997; Patterson et al., 1989;
Woodward & Fergusson, 1999). Co-occurrence of these aforementioned problems with
aggression not only affects adolescents’ own mental and physical health, but also can have
serious implications for society.

Adolescent aggression can extend to adulthood, and adults’ aggressive behavior has

been linked with negative outcomes including perpetration of child maltreatment (Rogosch,



Cicchetti, & Aber, 1995; Tremblay et al., 2004), occupational difficulties (Bloomquist &
Schnell, 2002; Virtanen, Kivimékia, Elovainiob, Vahterac, Kokko, & Pulkkinen, 2005),
long-term unemployment (Kokko & Pulkkinen, 2000; Kokko, Pulkkinen, & Puustinen,
2000), and criminal activity (Nagin & Tremblay, 1999; Stattin & Magnusson, 1989; U.S.
Public Health Service, 2001). These outcomes impact not only the individual, but also their
families, children, and community. For example, families may suffer economically and
emotionally, and communities may become more dangerous as a consequence of
adolescents’ and adults’ aggressive behaviors (e.g., Tremblay et al., 2004). Adolescent
aggression also may be a catalyst for financial and public health costs to society given the
associations between aggressive behavior and delinquency (e.g., costs of vandalism) and
criminal behaviors (Stattin & Magnusson, 1989; Tremblay et al., 2004).

The prevalence of youth aggression and violence is high and appears to be
increasing (Center for Disease Control [CDC], 2008; Ellickson, Saner, & McGuigan, 1997;
U.S. Public Health Services, 2001; Youth Risk Behavior Survey [YRBS], 2007). For
example, the number of violent acts committed by high school seniors increased by almost
50 percent over the past two decades (U.S. Public Health Services, 2001). A 2006 CDC
report found that over one-third of high school students reported engaging in physical
fights over the past 12 months, and 4 percent reported needing medical treatment by a
doctor or a nurse following these physical fights. In the same year, emergency units treated
over 720,000 young people aged 10 to 24 for violence-induced injuries (CDC, 2008). Data
from the YRBS also revealed that 18% of high school students had carried a weapon such
as a gun or a knife to school within the past 30 days (YRBS, 2007). The U.S. Surgeon

General called for intervention efforts against youth violence in 2001, promoting the need



for research examining the etiology of aggression to inform strategies and programs for
preventing youth aggression (U.S. Public Health Service, 2001). To inform these
preventive interventions, it is important to understand the development of aggression in
adolescents and to examine risk factors that may account for the development of
aggression.

Models of Aggression

Ecological models examine the individual’s environmental context when studying
development, and stress the importance of interactions between the individual and his/her
environment, which may change over time and according to place (Bronfenbrenner, 1979;
Caspi & Roberts, 2001; Jessor & Jessor, 1977). These models can be used to describe how
factors external to youth may impact their behaviors, including aggression. Several models
incorporating different environmental influences on child development exist (e.g.,
Bronfenbrenner, 1979; Crick & Dodge, 1994; Fontaine, 2006; Mason et al., 1994; van
Bertalanffy, 1968). Many are consistent with Bronfenbrenner’s ecological theory, an
extension of systems theory (van Bertalanffy, 1968), which incorporates factors from
various environments to understand the child’s developmental outcomes such as
aggression.

Bronfenbrenner’s ecological theory is best illustrated by a number of overlapping
concentric circles, with the child at the center and different environmental systems, or
domains, in which the child participates represented by circles surrounding the child or
individual. According to Bronfenbrenner’s model, domains closest to the individual have
the most direct impact on his/her development. Each domain is composed of structures,

organizations, or people with which the individual has a relationship and which impact the



individual’s development. The domain closest to the individual is the microsystem, the
immediate environment in which the individual participates, and includes relationships
with parents and peers. The mesosystem, exosystem, and macrosystem are the systems
surrounding the microsystem. The mesosystem is comprised of connections between
microsystems, such as interactions between the individual’s family and school, while the
exosystem includes external environments, such as the neighborhood. The macrosystem is
the broader cultural context. Risk factors in the microsystem and the exosystem, and
specifically risks in the family, peer, and neighborhood contexts, have received the most
attention in aggression research (e.g., Crick & Dodge, 1994; Mason et al., 2004; Patterson
et al., 1989; Sampson, Morenoff, & Gannon-Rowley, 2002).

Several ecological models specific to the development of aggression have been
developed. According to social information processing theory (SIP) theory, youth who are
repeatedly exposed to threatening environments may encode neutral or ambiguous cues
from the environment as threatening, become hypervigilant, and attribute hostile intent to
others’ behavior. Consequently, youth may react aggressively because they perceive others
as dangerous, even in ambiguous situations. According to Fontaine (2006), who applied
principles from systems theory to SIP theory in order to understand youth aggression, five
hierarchical social-cognitive processes (long-term memory, working memory, on-line
schematic processing, on-line conceptual processing, and perception) act independently and
interdependently to affect youths’ social cognition and aggression. Put simply, an
individual’s memory and perception affect his/her response to the environment, including
aggressive responses. This social cognition system provides a theoretical framework with

which to understand how environments such as the neighborhood context may lead to



cognitions that increase youth aggression (Fontaine, 2006). Consistent with
Bronfenbrenner’s model, Fontaine (2006) suggests that microsystem and exosystem
influences affect youth’s cognitions and thereby aggressive behavior.

Mason and colleagues (1994) proposed an ecological model specific to African
American adolescents’ externalizing behaviors, including aggression, using concepts
from Bronfenbrenner’s (1980) ecological model. They suggested that because
adolescents are influenced both by factors in the microsystem and the exosystem, both
types of environments should be included when examining the development of
adolescent externalizing behavior. Therefore, their proposed model includes factors
related to family relationships (microsystem), as well as parents’ social connections and
community factors (exosystem). Empirical tests of Mason et al.’s model revealed that the
exosystem variables of parental work environment and parental social support had an
indirect effect on adolescent externalizing behavior via the microsystem factors of
parental warmth, parental use of restrictive control, and family conflict (Mason et al.,
1994). In addition, Mason et al. (1994) found a direct effect of perceptions of the
neighborhood context (exosystem) on aggressive behavior. Their model highlights the
importance of including factors with direct (parental warmth, parental control, and family
conflict) and indirect (parental work environment, parental social support, and the
neighborhood) contact with adolescents to understand the development of externalizing
behaviors. Similarly, Salzinger and colleagues (2002) integrated the literatures in child
maltreatment, domestic violence, and exposure to community violence to create a
developmental-ecological model specific to youth exposure to violence, which has

consistently been linked with adolescent aggression. They proposed that five domains of



risk, community, family, relationships with parents and caregivers, peers, and individual
characteristics, affect adolescent exposure to violence (Salzinger et al., 2002).

The aforementioned models each emphasize the impact of multiple domains on
adolescent involvement in violence, including aggression. Each model includes an
emphasis on peer and parent environments as well as the neighborhood environment as
important influences on adolescent aggression. Given these models’ emphases on the
importance of the peer, parent, and neighborhood domains for studying adolescent
aggression, the current study also will include risk factors from each of these domains in
examining adolescent aggression.

Existing Research on Risk Factors for Adolescent Aggression

Consistent with ecological models, a number of risk factors from the parent, peer,
and neighborhood domains have been identified as influential in the development of
aggression in adolescence. Only the factors most consistently associated with aggression
will be discussed in detail here and will be included in the present study. For the parenting
domain, parental monitoring has been linked with adolescent aggression (e.g., Ary,
Duncan, Duncan & Hops, 1999; Chang, Dodge, Schwartz, & McBridge-Chang, 2003;
Dishion & McMahon, 1998; Gorman-Smith & Loeber, 2005; Patterson et al., 1989);
parental involvement has been less consistently and weakly if at all associated with
aggression but more strongly with academic outcomes (Colder, Mott, Levy & Flay, 2000;
Ibanez, Kuperminc, Jurkovic, & Perilla, 2004; Moore, Guzman, Hair, Lippman, & Garrett,
2004; Patrikakou, 2004; Patterson, Reid, & Dishion, 1992; Shelton, Frick, & Wooton,
1996). In the peer domain, deviant peer affiliation has been repeatedly associated with

youth aggression (Brendgan, Vitaro, & Bukowski, 2000; Dishion et al., 1991; Espelage et



al., 2003; Patterson et al., 1989). In the neighborhood domain, perceived neighborhood
safety and community violence exposure have been identified as predictors of youth
aggressive behavior (Aneshensel & Sucoff, 1996; Diehl, 2004; Griffin, Scheier, Botvin,
Diaz, & Miller, 1999; Hadley-Ives, Stiffman, Elze, Johnson, & Dore, 2000; Hill &
Madhere, 1996; Luthar & Goldstein, 2004; Overstreet, 2000; Purugganan, Stein, Silver, &
Benenson, 2003; Salzinger et al., 2002).

Parenting. The current literature highlights parental monitoring as critical in the
development of adolescent aggression (e.g., Ary et al., 1999; Chang et al., 2003; Dishion
& McMahon, 1998; Gorman-Smith & Loeber, 2005; Patterson et al., 1989). In fact,
Patterson et al.’s (1989) developmental model on antisocial behavior highlights parental
monitoring, a parent’s knowledge of his/her child’s location (DiClemente, Wingood,
Crosby, Sionean, Cobb, Harrington et al., 2001; Dishion & McMahon, 1998), as an
important predictor of youth aggressive behavior. In fact, parental monitoring has been
identified as one of the most important parenting behaviors influencing aggression
(Barnes & Farrell, 1992; Capaldi & Patterson, 1996; Carlo, Raffaelli, Laible, Meyer,
1999; Dishion & McMahon, 1998; Jessor 1987, Patterson et al., 1989; Richards, Miller,
O'Donnell, Wasserman, & Colder, 2004; Wall & Barth, 2005), and it has been suggested
that parental monitoring may be more predictive of delinquency and health risk behaviors
than other parenting behaviors (Dishion & McMahon, 1998; Patterson & Stouthamer-
Leober, 1984; Steinberg, Fletcher, & Darling, 1994). For example, one study found
approximately 2.5 times as much variance in delinquency scores accounted for by
parental monitoring as compared with parental discipline, problem-solving, or

reinforcement patterns within the family (Patterson & Stouthamer-Loeber, 1984). Youth



who are monitored less display higher rates of delinquent aggressive behavior compared
with youth who are more highly monitored (Dishion & McMahon, 1998; Pettit, Bates,
Dodge, & Meece, 1999). Low parental monitoring often contributes to deviant peer
affiliation, which provides another setting in which aggressive behavior may be
reinforced (Bandura & Walter, 1963; Jacobson & Crockett, 2000); however, it should be
noted that some research also has identified the reverse association between deviant peer
affiliation and parental monitoring (i.e., deviant peers may less likely be willing to
disclose their whereabouts to parents; Keijsers, Branie, VanderValk, & Meeus, 2010;
Kerr & Stattin, 2000).

Peers. Both social learning theory (Bandura & Walter, 1963) and Patterson et
al.’s (1989) model of antisocial behavior highlight deviant peer affiliation as a significant
risk factor for adolescent aggressive behavior. According to social learning theory,
adolescents’ observations of deviant peers’ behavior and the reinforcement that these
peers receive for aggressive behavior can lead to the initiation and maintenance of their
own aggressive behavior (Bandura & Walters, 1963). Similarly, according to Patterson
and colleagues’ (1989) model, youth who are rejected by mainstream peers may drift into
a deviant peer group in which aggressive behavior is modeled and reinforced. Consistent
with these theories, several studies have demonstrated a significant positive association
between deviant peer affiliation and aggression (e.g., Brendgan et al., 2000; Burke et al.,
2004; Dishion et al., 1991; Espelage et al., 2003). Deviant peers can influence youth by
encouraging them to engage in delinquent behaviors or by changing their positive or
neutral attitude to one that is negative (e.g., Laird, Jordan, Dodge, Pettit, & Bates, 2001).

For example, deviant peer groups often promote the expectation of engaging in deviant



behavior such as aggression (Dishion, Andrews, & Crosby, 1995; Dishion, Capaldi,
Spracklen, & Li, 1995; Dishion & Owen, 2002). Research also suggests that deviant
peers can encourage youth to have aggressive or violent beliefs and as a result,
adolescents who affiliate with deviant peers may be more likely to engage in delinquent
or aggressive activities than adolescents without these beliefs and peer influences
(Gerrard, Gibbons, Benthin, & Hessling, 1996; Nash & Bowen, 1999).

Neighborhood. Consistent with ecological theories (e.g., Bronfenbrenner, 1979,
Mason et al., 1994), the neighborhood context can influence adolescent aggression through
its structural characteristics, such as the number of physical structures (e.g., municipal
services and retail stores [bars, liquor stores, grocery stores, etc.]), as well as the
availability, accessibility, and quality of its resources, such as housing and community
centers (for a review, see Evans, 2006; Shaw & McKay, 1969). These characteristics have
been found to affect adolescent mental health independent of neighborhood socio-
economic status (SES; Evans, 2006). A neighborhood’s social characteristics, such as
community social organization (e.g., presence of adult role models or the relationship
between residents and policemen), also are important in the development of aggression
(Jencks & Mayer, 1990; Leventhal & Brooks-Gunn, 2000; Sampson et al., 2002). The
presence or absence of neighborhood resources and social structures indicate its level of
organization, which may facilitate or deter youth aggression (Evans, 2006; Jencks &
Mayer, 1990; Sampson et al., 2002; Shaw & McKay, 1969). Neighborhood disorganization
may include limited or poor quality resources or services such as lack of community
centers or inefficient police patrol, or the disintegration of these types of organizations

(Shaw & McKay, 1969). Characteristics of disorganized neighborhoods, such as low
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income, high unemployment, and drug activity, can contribute to increased exposure to
community violence and perception of neighborhood violence, two aspects of the
neighborhood context which have been identified as important predictors of adolescent
aggressive behavior (Leventhal & Brooks-Gunn, 2000; Sampson et al., 2002).

Exposure to community violence may affect youth aggression through contagion or
social learning processes (Bandura, 1977; Jencks & Mayer, 1990). Contagion models
emphasize deviant peer and negative adult role models in the neighborhood as influences in
the development of aggression (Jencks & Mayer, 1990). These models propose that the
absence of positive adult role models and the presence of negative adults and peers
contribute to adolescents’ observation and imitation of negative behaviors, including
aggression. Consistent with social learning theory, these behaviors may be reinforced, such
as in neighborhoods where aggressive behaviors are associated with status, respect, and/or
money (Anderson, 1999; Bandura, Ross, & Ross, 1961), which encourages the
continuation of these behaviors. In addition, community violence may affect adolescents’
cognitions; specifically, adolescents may perceive aggression more positively following
exposure to community violence and thereby exhibit more aggression, particularly if the
exposure leads youth to believe that aggression is an effective way to handle conflicts
(Brookmeyer, Henrich, & Schwab-Stone, 2005; Guerra, Huesmann, & Spindler, 2003).

Youth’s exposure to community violence either as a victim or as a witness has
important implications for adolescent aggression. Youth who are exposed to violence are at
increased risk for aggression, delinquency, and difficulty with relationships (e.g., Diehl,
2004; Luthar & Goldstein, 2004; Overstreet, 2000; Purugganan et al., 2003; Salzinger et

al., 2002). Exposure to community violence also predicts risk-taking behaviors and deviant
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peer affiliation (Fitzpatrick, Piko, Wright, & LaGory, 2005; Foney & Cunnigham, 2002;
Gorman-Smith & Tolan, 1998; Rankin & Quane, 2002). The strong positive association
between community violence exposure and aggressive behaviors suggests that adolescents
consistently exposed to violence may continue the cycle of neighborhood violence by
behaving aggressively themselves (Spano, Rivera, & Bolland, 2006).

Similar to community violence exposure, perception of neighborhood violence has been
linked with youth aggression (Aneshensel & Sucoff, 1996; Griffin et al., 1999; Hadley-Ives
et al.,, 2000; Hill & Madhere, 1996). Associations between perceived neighborhood
violence and aggression are consistent with Problem Behavior Theory (PBT; Jessor &
Jessor, 1977) which highlights the importance of the perceived environment in the
development of adolescent problem behaviors, including aggression (Griffin et al., 1999).
As described above, the amount of violence in a neighborhood can influence individuals’
perceptions of their environment and their aggressive behaviors. Specifically, youth who
are exposed to violence may believe that their neighborhood is dangerous, that any
ambiguous social cues should be perceived as hostile in order to protect themselves, and
that aggression is an appropriate way to address conflicts or achieve goals (Colder et al.,
2000; Dodge, 1993). Individuals who perceive their environments as hostile may hold
positive beliefs about aggression because aggression is considered a way to keep
themselves safe (Colder et al., 2000). For instance, Colder and colleagues (2000) found that
positive beliefs about aggression mediated the relationship between perceived
neighborhood danger and high levels of aggression.

Perceptions of the neighborhood environment are increasingly recognized as a

reliable and valid measure of the neighborhood (Bass & Lambert, 2004; Colder et al.,
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2000; Hill & Madhere, 1996; Howard, Kaljee, & Jackson, 2002). In fact, research has
suggested that the perceived environment may be just as, if not more, influential than
measures of the actual environment in determining adolescents’ behaviors, likely because
adolescents may experience the same neighborhood differently depending on their own
perceptions of the neighborhood environment (e.g., Elze, Johnson, & Dore, 2000; Griffin
et al., 1999; Hadley-Ives et al., 2000; Kupersmidt, Griesler, DeRosier, Patterson, &
Davis., 1995). Furthermore, police reports or census crime data may describe
neighborhood violence according to arbitrary boundaries that may not reflect residents’
beliefs about the boundaries of their neighborhoods or the amount of violence
experienced in their neighborhoods (Coulton et al., 2001). Perception of neighborhood
risk and violence have been found to predict negative emotional and behavioral
adjustment including aggression, depression, anxiety, inability to form social
relationships, and difficulties with trust, emotion regulation, and moral development (e.g.,
Aneshensel & Sucoff, 1996; Covington & Taylor, 1991; Kuther, 1999; LaGrange &
Ferraro, 1989; Ortega & Myles, 1987; Overstreet, 2000).
Summary of risk factor research

The available literature on adolescent aggression highlights parental monitoring,
deviant peer affiliation, community violence exposure, and perception of neighborhood
violence as important predictors of adolescent aggression. However, this literature is
limited because of the few empirical studies integrating information from the parent, peer,
and neighborhood contexts to understand adolescent aggression. In addition, the existing

literature examining neighborhood effects on aggression is limited due to the lack of
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attention to how geographic location may influence adolescent aggression. This study will
address each of these limitations.
Integration of Neighborhood Context with Peer and Parent Domains

Ecological theories suggest that the neighborhood context should be incorporated
with the peer and parent domains for a comprehensive understanding of the development of
aggression (Jencks & Mayer, 1990; Leventhal & Brooks-Gunn, 2000; Sampson et al.,
2002; Shinn & Toohey, 2003). In terms of interactions between neighborhood and parent
influence that may have implications for aggression, parents in middle income
communities may be more likely to allow their children to play at the homes of peers and to
allow other children into their homes; consequently, these youth are likely supervised and
monitored more by parents, resulting in lower levels of aggression (Kupersmidt et al.,
1995). Parents also may be more willing to share responsibility for supervision and
monitoring of adolescents in middle- or high-SES communities than in low-SES
communities, and adolescents may receive more monitoring as a result (Chilcoat, Breslau,
& Anthony, 1996; Kupersmidt et al., 1995). In contrast, other studies suggest that parental
monitoring is higher in low-SES communities where parents may be concerned about their
youths’ exposure to community violence, limit their child’s outside social activities, and
increase the amount of monitoring (Baldwin, Baldwin, & Cole, 1990; Spencer et al., 1996).
This increased monitoring suggests decreased exposure to the neighborhood (Baldwin et
al., 1990) and therefore less opportunity for exposure to community violence. Although the
evidence is mixed, these studies highlight some ways that the interaction of family and

neighborhood factors can influence parenting behavior and thus adolescent aggression.

14



Neighborhood characteristics also may have implications for adolescents’ peer
relationships, and the combination of neighborhood and peer risks may be important for
understanding aggressive behavior. For example, Haynie and colleagues (2006) found that
the opportunity for deviant peer affiliation was greater when neighborhoods lacked the
resources and organization to increase social control, which protects against deviant peer
groups (Haynie, Silver, & Teasdale, 2006). Studies indicate that because disorganized
neighborhoods allow for more deviant peer activity, risk for exposure to community
violence and opportunity for adolescents to become involved with deviant peers may
increase, and therefore, adolescent aggression may be higher (Sampson et al., 2002).
Additionally, Jencks and Mayer (1990) assert that reinforcement from deviant peers
moderates the association between violence in the neighborhood and youth violence
involvement, suggesting that higher deviant peer affiliation exacerbates the association
between neighborhood violence and youth aggression. In neighborhoods with low social
cohesion, often a characteristic of low SES neighborhoods (Sampson et al., 2002), the
presence of deviant peers and their acceptance of and respect for problem behaviors such as
getting in trouble with the police, joining gangs, and using substances may contribute to
adolescents believing these behaviors as acceptable and acting aggressively (Menard &
Elliott, 1994).

Because the interaction of neighborhood risks with peer and parent risk factors has
important implications for adolescent aggressive behavior, future research should endeavor
to integrate information from these domains for a comprehensive understanding of risk for
aggression. Of particular interest for this research is the degree to which parent and peer

risk factors may account for the geographic concentrations of aggressive behavior, as
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suggested by literature documenting higher aggressive behavior in some types of
neighborhoods, which in turn suggests geographic concentrations of aggressive behavior.
These geographic concentrations of aggression may be best examined by studying location,
an extension of the neighborhood effects literature.

Location

Existing literature regarding neighborhood effects on youth aggression measures
neighborhood using aggregate data, and therefore provides limited information about
location. Specifically, this research provides information about average levels of a risk
factor or outcome in particular pre-defined areas (e.g., census tracts). However, aggressive
behavior may vary according to geographic locations within an administratively defined
unit such as a census tract, or across pre-determined boundaries. Currently, there appear to
be no studies in the extant psychology literature that consider the geographic location of
problem behaviors such as aggression. However, the criminology and public health
literatures have incorporated the geographic location of aggression, violence, crime, and
disease to understand the development of these problems and risk factors for these
problems (Britt, Carlin, Toomey, & Wagenaar, 2005; Chaix et al., 2005; Van Patten &
Delhauer, 2007).

Aggression may cluster in geographic space (i.e., occur in close proximity) just as
criminal acts often cluster in certain locations due to shared risk characteristics (e.g.,
Bowers, Johnson & Pease, 2004; Grubesic & Murray, 2001; Ratcliffe & McCullagh, 1999;
Speer, Semenza, Kurosaki, & Anton-Culver, 2002). Criminologists have identified crime
“hot spots”, or areas of high crime, using geographically-based analytic techniques

(Bowers et al., 2004; Grubesic & Murray, 2001; Ratcliffe & McCullagh, 1999; Sherman &
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Weisburd, 1995). They have analyzed the geographic location of crimes to better
understand patterns of crime, including how location shapes the types and levels of
criminal behavior in an area (Anselin, Cohen, Cook, Gorr, & Tita, 2000). Existing
criminology research suggests that targeting these crime “hot spots” in interventions can
decrease risk for crime by up to 13 percent (Sherman & Weisburd, 1995). By using similar
methods, psychologists could locate areas of high adolescent aggression. The present study
will identify areas with a high incidence or clustering of aggression and examine what risk
factors account for clusters of aggressive behavior.

As noted above, research on neighborhood risk factors for aggression often uses
data that has been collected from individuals and then grouped together. Specifically, this
data is often collected from participants in different geographic areas within a
neighborhood and aggregated to yield a neighborhood-level measure; the neighborhood-
level data typically is analyzed without consideration of where aggressive behavior
occurs (Diez-Roux, 2007). This is important to consider because such aggregate data
suggests that all individuals within a neighborhood have the same level of the variable of
interest (e.g., aggressive behavior, SES). This error is known as the ecological fallacy, the
assumption that individuals have the same characteristics of the larger group or unit
(Robinson, 1950). In order to avoid problems associated an ecological fallacy,
researchers can use point data, geographic points representing individual-level data or
specific incidences of an event (e.g., crime, disease outbreak; Connell, Diehr, & Hart,
1987).

There are a number of advantages of using point data instead of grouped data from

an area. First, data analyzed using aggregate data yields different results depending on the
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unit of analysis (e.g., census tract versus block group; Krieger, 1992). Second, census
tracts, which are commonly used to represent a neighborhood, are government-defined
boundaries and may not reflect residents’ definitions of their neighborhood (Coulton et al.,
2001; Tatalovich, Wilson, Milam, Jerrett, & McConnell, 2006). Thus, results from analyses
of census data for a particular neighborhood may not be reflective of the neighborhood it
intends to describe. Third, although assessments of a variable that occur close together are
not independent and may share characteristics that account for their proximity, many
analyses of grouped data assume independence of observations (Diez-Roux, 2000; Klein,
Dansereau, & Hall, 1994). A model that incorrectly assumes independence runs the risk of
overestimating or underestimating model parameters (Diez-Roux, 2007). Using spatial
analyses to analyze point data is particularly valuable in addressing these problems.
The Present Study

Using an ecological framework, this study integrates information from the parent, peer,
and neighborhood contexts with geographic location to better understand the associations
between adolescent aggression and its risk factors. The present study has three aims. The
first aim is to examine the degree to which aggressive behaviors cluster geographically in a
sample of predominantly low-income, African-American adolescents. The second aim is
to determine whether low parental monitoring, high deviant peer affiliation, high
community violence exposure, and high perceived neighborhood violence spatially cluster.
The third aim is to examine the coincidence of these risk factors and aggression by
determining whether or not these geographic clusters overlap. Based on previous literature
that suggests spatial clustering due to parent, peer, and neighborhood characteristics (e.g.,

Sampson, Morenoff, & Earls, 1999), it is hypothesized that aggressive behaviors will
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cluster in geographic space, as will low parental monitoring, high deviant peer affiliation,
high community violence exposure, and high perceived neighborhood violence. Moreover,
because of the strong associations with these risk factors and aggression (e.g., Aneshensel
& Sucoff, 1996; Brendgan et al. 2000; Chang et al., 2003; Dishion & McMahon, 1998;
Espelage et al., 2003; Gorman-Smith & Loeber, 2005; Patterson et al., 1989, Hadley-Ives et
al., 2000; Leventhal & Brooks-Gunn, 2000; Sampson et al., 2002), it is expected that each
of these risk factors will contribute to the clustering of aggression, specifically that
geographic clusters of risk factors will coincide with clusters of aggression (i.e., overlap).
The proposed research adds to the existing literature in several ways. Prior
research has relied on aggregate data by using administrative reports of risk factors (e.g.,
census measures of SES or police reports of crime in an area) in areas with boundaries
that may not be meaningful to residents and obscuring information about specific
locations. Instead, this research does not rely on predetermined boundaries to understand
the effects of location on adolescent behavior. By using point data instead of aggregated
data to study aggression, this research will be less subject to the ecological fallacy and
possible under- or overestimation of model coefficients that may occur when using
aggregated data. The proposed study will use data from a community epidemiologically-
defined sample of adolescents in contrast to much of the aggression literature, which has
used high-risk samples (e.g., Dishion et al., 1995; Gorman-Smith & Loeber, 2005). Using
a community sample rather than a high-risk sample will provide information applicable to
populations that might otherwise be overlooked in prevention efforts. Finally, because the
results of this study can be disseminated through maps and thereby easily understood, this

study will increase the accessibility of information regarding aggression and its risk
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factors. Thus, this research will provide information relevant to researchers, residents,
and policy makers, all of whom will benefit from a better understanding of the etiology of
adolescent aggression.
Spatial Analysis

Spatial analysis is the analysis of geographically-referenced data. This analytic
technique involves the linking of geographic information to individual-level data. Spatial
analyses can be used to determine whether data clusters by geographic location, such as
when observations geographically proximal to one another are more similar than
observations that are farther apart, and to create visual representations (e.g., maps) of the
geographic relationship between variables. Similar to longitudinal data analysis in which
observations that occur close in time are assumed to be more similar than observations
assessed at wider time intervals, an underlying assumption of spatial analysis is that
observations closer together in geographic space are more similar than those further apart
(Schabenberger & Gotway, 2005). Such spatial dependency often suggests that two
observations close in geographic space share characteristics which account for their
dependency on each other. Thus, spatial dependency violates an assumption that
individual observations are independent. Failure to account for non-independence of
observations may result in overestimating or underestimating model parameters (Klein et
al., 1994). Although multilevel and spatial analyses both can account for spatial
dependence (non-independence) between variables, spatial analyses yield more
information about the effect of location than multilevel analyses which only describe the
average level of a variable within a particular area or unit (Klein et al., 1994).

Specifically, multilevel analyses assume that all individuals within a predetermined area

20



share some characteristic (Klein et al., 1994) without the actual knowledge of where
within those areas the individuals live (Chaix et al., 2005). Thus, multilevel analyses
assume that observations are similar within areas and different across areas without
knowing exactly how individuals within these areas might differ or whether individuals’
locations within these arecas matter (Chaix et al., 2005; Klein et al., 1994). This
distinction in type of information gathered from these two analyses is particularly
relevant for this study, which emphasizes the need to account for spatial patterns in
understanding the associations between aggression and its risk factors.

Few studies have used spatial analytic methods in psychological research (Chaix
et al., 2005; Diez-Roux, 2000). However, spatial analytic techniques are applicable to
psychology in several ways, including documenting the spatial distribution of problem
behaviors or risk factors (e.g., Chen, Harris, Folkoff, Drudge, & Jackson, 1999; Mason et
al., 2004). For example, Chaix and colleagues (2005) examined the spatial distribution of
substance-related disorders and the degree to which these were dependent on
neighborhood deprivation. They found that areas with even single residences of severe
deprivation within the neighborhood were more likely to have substance-related disorders
than areas that were not deprived (Chaix et al., 2005). Similarly, Mason and colleagues
(2004) examined the geographic distribution of risk factors in adolescents’ social
environments by creating profiles of personal risk (e.g., location of individuals who use
substances and are depressed), social risk (e.g., distance to social network members who
use drugs), and environmental risk (e.g., neighborhood poverty and the number of crimes
within a 1 km radius) to understand adolescents’ mental health (Mason et al., 2004).

Spatial analytic methods also can be used to present information relevant to policy
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makers and residents such as mapping areas in which many individuals are affected by
the same risk factor and creating maps that indicate “hot spots” with high prevalences of
problem behavior. These techniques yield information that is useful to neighborhood
residents and to policymakers.

Spatial analyses require statistical technology systems that allow users to link
geographic location information to other data (e.g., individual-level data such as level of
aggression), and to integrate information about spatial location (e.g., geographic
coordinates) into traditional statistical methods. One such system is ArcGIS, which
integrates computer hardware, software, and data to capture, display, and analyze
geographically-based information (ArcGIS, 2009). In this study, ArcGIS will be used to
examine the amount of spatial variation in aggression and to determine whether spatial
patterns exist in the data (i.e., clustering). ArcGIS is a spatial tool that can be used in
conjunction with mapping programs such as ArcView to visually display data (e.g., with
maps). ArcGIS also can be used for determining spatial autocorrelation or spatial
clustering, creating maps to demonstrate the presence or absence of clustering, and
conducting spatial regression.

Power. Power analysis involves estimating the sample size necessary to find
statistically significant effects using a particular statistical test (Cohen, 1992). Estimating
power requires determining the sample size to obtain a small, medium, or large effect
(Cohen, 1992; Cohen, Cohen, West, & Aiken, 2003). While there are well-established
methods for determining sample size for non-spatial data (e.g., Cohen et al., 2003),
methods for estimating power for spatial analyses are less available. There are similarities

between the underlying hypotheses guiding multilevel and spatial analyses (e.g., both
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multilevel and spatial analyses assume that observations within a cluster or unit are similar,
and that observations across clusters or further apart are dissimilar). However, it is not
possible to use multilevel methods of estimating power for spatial data because the
grouping unit and the number of individuals per group must be specified in a power
analysis for multilevel data; in spatial analyses, the grouping unit is not specified a priori.
Therefore, the total number of individuals per unit is not known. Estimating adequate
power in spatial data is further complicated by the fact that for non-spatial analyses, power
is calculated for null and alternative hypotheses; with spatial data, the alternative
hypothesis is less clear. For example, with spatial data, because the exact geographic areas,
or units of analysis, are not defined a priori, there are an infinite number of alternative
hypotheses. Research that has estimated power for spatial analyses has used simulated data
rather than real data (e.g., Kuldorff, Tango, & Park, 2003; Ozonoff, Webster, Vieira,
Weinberg, Ozonoff & Aschengrau, 2005). However, these methods are so complicated that

they often are not used (Kuldorff et al., 2003; Waller & Gotway, 2004).
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Chapter 2: Methods

Participants

The data for the current study are drawn from a community, epidemiologically-
defined sample of urban and predominantly African-American youth (N = 678) who were
part of a longitudinal study evaluating two preventive interventions focusing on early
learning and behavior. A randomized block design was used; teachers and children from
three 1* grade classrooms in each of nine elementary schools (27 classrooms total) were
randomly assigned to one of two intervention conditions or to a control condition. The
interventions were provided in the 1% grade only. The initial sample was approximately
53% male and 86.8% African-American. Approximately two-thirds (63.4%) of participants
were eligible for free or reduced lunch, a proxy for low socioeconomic status. Additional
information regarding the measures and methods used to collect first grade data can be
found in Ialongo, Werthamer, et al. (1999).

This study used data from the Grade 8 follow-up assessment. In 8" grade, study
variables were collected for 91.4% of the original 678 participants (N = 638). Chi-square
tests revealed no significant differences in race (y*= 2.94, p > .05) or gender (* = .01, p >
.05) between individuals who did and did not participate in 8" grade (N = 638 and N = 40,
respectively). Location information such as addresses is necessary to conduct spatial
analysis. Address information was obtained for 97.6% (N = 623) of the 638 Grade 8
participants. At the 8" grade follow-up, participants were located primarily in Baltimore
City and its nearby counties (see Table 1). Given the large number of participants in
Baltimore City as compared to areas outside of the city where there were few participants,

only participants with addresses in Baltimore City were used in analyses. Participants in
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Baltimore City comprised 64.5% of the 623 participants, resulting in a final N of 402 for
this study.

All addresses for the 402 participants in the study sample were successfully
geocoded, and the x, y coordinates were linked to a geographic map. T-tests revealed no
significant differences between those who lived in Baltimore City in gt grade (N = 402)
and those who did not live in Baltimore City in 8" grade (N = approximately 221; exact N
differs depending on the variable due to some missing variable data) in regards to gt grade
aggression (¢ = -0.39, p > .05), parental monitoring (¢ = -0.22, p < .05), deviant peer
affiliation (¢ = 0.80, p > .05), or number of times an individual was exposed to community
violence (¢ = -0.60, p > .05). There was a significant difference in perceived neighborhood
violence between those who did and did not reside in Baltimore City (z = -6.56, p < .01),
with those who lived in Baltimore City reporting higher perceptions of neighborhood
violence than those living outside of Baltimore City. Chi-square tests revealed significant
differences in race (y* = 40.08, p < .01) between the participants in Baltimore City and
those not in Baltimore City, with a larger percentage of Caucasians residing outside of
Baltimore City. No significant differences in gender (y*= 0.00, p > .05) or lunch status (;*
=4.80, p > .05) were found between participants who did and did not reside in Baltimore
City in Grade 8. Participants lived in 98 census tracts in Baltimore City. Approximately
27% of the sample resided in six census tracts (Table 2). The final study sample was 53.5%
male and 93.0% African-American, and 71.4% qualified for free or reduced lunch.
Participants ranged in age from 13-15 years of age with a mean of 13.77 years (standard
deviation = .40).

Procedure
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Parental written informed consent and youth verbal assent were collected each year. In
Grade 8, data were obtained from teachers and adolescents during face-to-face
interviews. Interviews with teachers and youth were conducted in a private location at
the youth’s school. Youth provided self-reports of their parental monitoring, deviant peer
affiliation, community violence exposure, and perceived neighborhood violence.
Teachers reported on youths’ aggressive behavior.

Measures

Deviant Peer Affiliation: Adolescents’ involvement with delinquent peers was
measured with the Exposure to Deviant Peers (Capaldi & Patterson, 1989) scale. This
scale, composed of 6 items, assesses the number of friends who have engaged in delinquent
activities. Questions such as “During the last year, how many of your friends have hit or
threatened someone without any real reason?” are rated on a 5-point Likert scale (1=
None, 5= All of them). Higher scores indicate more exposure to deviant peers. Cronbach’s
alpha for this subscale was .84 in grade 8.

Parental Monitoring: The Structured Interview of Parent Management Skills and
Practices-Youth Version (SIPMSP, Capaldi & Patterson, 1982) was used to measure
parental monitoring. Created by Patterson and colleagues (1982) to examine the caregiver
disciplinary practices targeted in their family-oriented intervention program, the SIPMSP
assesses parental monitoring, discipline, reinforcement, rejection, and problem solving. The
youth version of the SIPMSP includes items rated on a 6-point Likert scale (1= All of the
time, 6= Never). In this study, the 6-item parental monitoring subscale was used, with

higher scores indicating lower levels of parental monitoring. This subscale includes items
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such as “How often would your parents or a sitter know if you came home an hour late on
weekends?” Cronbach’s alpha for this subscale was .69 for grade 8.

Perceived Neighborhood Violence: Six items from the Neighborhood Environment
Scale (NES, Elliott, Huizinga, & Ageton, 1985) were used to measure perceived
neighborhood violence. The NES assesses neighborhood disorganization by measuring
participants’ perception of racism, violent crime, and drug use and availability within the
neighborhood. Respondents rate items on a 4-point Likert scale (1=Not at all, 4=Very true).
Of the 7 items focusing on neighborhood safety and violence, one item, “Most adults in my
neighborhood respect the law,” was conceptually ambiguous and could refer to laws
ranging from disobeying traffic signals to committing violent crime. Therefore, this item
was not included in the analyses. A confirmatory factor analysis was conducted to examine
whether the remaining 6 neighborhood safety and violence items loaded on a single
neighborhood violence factor. Results demonstrated adequate loadings (>.42) of these
items onto the neighborhood violence factor. These questions included items such as “/ fee/
safe when I walk around my neighborhood by myself during the day”. Cronbach’s alpha for
these 6 items was .74 in 8" grade.

Community Violence Exposure: The Children’s Report of Violence Exposure
(CREV; Cooley, Turner, & Beidel, 1995) was used to measure exposure to community
violence. The CREV, developed for children and adolescents 9 to 15 years old, is a self-
report assessment that measures the frequency of four types of violence exposure (Cooley
et al., 1995). In the present research, only reports of violence directly witnessed and
violence experienced through victimization were used. For these items, participants were

asked to recall whether or not they had been beaten up, robbed or mugged, shot or stabbed,
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witnessed someone experiencing one or more of those events, or witnessed someone
getting killed during the past year. These 7 items were summed to create a total score of
how often in the past year an individual witnessed or was victimized by community
violence, with higher scores indicating more frequent exposure to community violence.

Aggressive Behavior: Aggression was measured using the Authority Acceptance
subscale of the Teacher Report of Classroom Behavior Checklist (TRCBC; Werthamer-
Larsson et al., 1991), an adaptation of the Teacher Observation of Classroom Adaptation-
Revised (TOCA-R; Werthamer-Larsson et al., 1991). Due to the economic constraints of
interviewing hundreds of teachers in more than 130 schools since the majority of middle
school students have different teachers for every subject, the checklist format of the
TRCBC was used. Only the English or Mathematics teacher completed the checklist. The
7-item Authority Acceptance subscale of the TRCBC assesses overt maladaptive child and
adolescent aggressive behaviors. Teachers rated children on items such as “coerced
classmates with physical violence” on a scale ranging from 1 (Almost Never) to 6 (Almost
Always). The coefficient alpha for Grade 8 for this subscale was .86.

Analytic Plan. Spatial analyses were used to examine the study aims. Spatial
autocorrelation statistics describe the degree to which observations that are geographically
proximal are similar (i.e., spatially dependent). Several spatial analytic techniques and
methods are available to examine spatial autocorrelation. These are summarized in Table 3.
The statistics reviewed in Table 3 are measures of global (i.e., larger area) clustering (i.e.,
Ripley’s K, Average Nearest Neighbor Analysis, Getis-Ord General G, and Moran’s 1), as
well as measures of local (i.e., smaller area) clustering (i.e., the Getis-Ord Gi* and Local

Moran’s I). Multilevel analysis is also included in Table 3. Although not truly spatial
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analysis because there is no spatial component (i.e., spatial data such as x, y coordinates),
multilevel analyses can provide information about the clustering of aggression and its risk
factors, specifically whether there is an effect of tract (or other bounded unit) on aggressive
behavior; the results of multilevel analyses can supplement the results of spatial analyses.

Ripley’s K. Ripley’s K, a point pattern statistic often used to generate information
about global clustering, compares the actual distribution of points to a normal Poisson
distribution (Bailey & Gattrell, 1995). This statistic requires a participant sample of greater
than 30 cases (Bailey & Gattrell, 1995) and a data sample that includes all possible
observations in the area (in the present study, “area” refers to Baltimore City). Although the
current data set meets the sample size requirement, the sample does not include complete
data on the underlying population, i.e., all possible events (observations) in Baltimore City
(Bailey & Gattrell, 1995). Ripley’s K measures the actual proximity of similar attributes,
data describing a specific aspect of an observation (e.g., aggression), and compares the
observed distribution of similar attributes to an estimated distribution of points with similar
attributes. In this data set, the estimated distribution of points cannot be generated because
not all possible events are available.

Nearest Neighbor Analysis (NNA). Average Nearest Neighbor Analysis (NNA) is
used to determine global point patterns (ESRI, 2010a). It differs from Ripley’s K because it
compares the actual distance between points (e.g., X, y coordinates) to an estimated
distance between points (the average distance between points in a hypothetical random
distribution of points), as opposed to comparing the actual proximity of similar attributes to

an estimated random distribution of similar attributes (e.g., aggression; Dixon, 2002)". In

" The Nearest Neighbor ratio is given as:
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the present study, participants’ location data (i.e., geographic residence) are linked with
attribute data (e.g., aggression, parental monitoring); thus, examining the distance between
X, y coordinates could indicate the degree of spatial clustering for a particular attribute.

Getis-Ord General G. The Getis-Ord General G is a measure of global clustering
that describes the type of cluster (i.e., a cluster of high values versus a cluster of low
values) in an area (ESRI, 2010b). The General G is frequently used to assess spatial
clustering in a locale where clustering is known to exist (ESRI, 2008). However, like the
Ripley’s K, the General G requires complete data for the underlying population, and
General G analyses require using all observations in a particular area (i.e., Baltimore City;
Bailey & Gattrell, 1995). Thus, this spatial analytic method is not appropriate to use with
the current data set.

Moran’s I. Similar to the Getis-Ord General G, the Moran’s I is a global clustering
statistic. It provides evidence of clustering, but does not indicate the type of clustering (i.e.,
cannot specify whether clusters are of high or low values; ESRI, 2008). The Moran’s I
involves determining whether attributes with similar values are closer together than might
be expected in a random distribution (ESRI, 2010d). In addition, this spatial analytic

technique requires information about the variables for the underlying population (i.e.,
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aggression and its risk factors; Bailey & Gattrell, 1995). In this dataset, the estimated
distribution of points cannot be generated, however, because the current data does not
contain all possible observations in Baltimore City.

Getis-Ord Gi*. The Getis-Ord Gi* spatial statistic indicates local clustering and is
the local counterpart to the Getis-Ord General G, a global statistic. Similar to its global
counterpart, the Gi* statistic requires data on all possible observations within a designated
area (Bailey & Gattrell, 1995). Without data on all possible observations, the Gi* yields
biased estimates. Because the current dataset does not contain all possible observations on
aggression and its risk factors in Baltimore City, the Gi* statistic cannot be used for this
study.

Local Moran’s 1. The Local Moran’s I is a measure of local clustering and is the
local counterpart to the Moran’s I. As with the Moran’s 1, the Local Moran’s I statistic
requires an estimate of attributes of the underlying population; all possible events in an area
are necessary for such an estimate (Bailey & Gattrell, 1995). Because not all possible
events in the area are available for this study’s dataset, it is not possible to compare the
actual point data pattern present and an estimated point pattern distribution.

Other Methods. As summarized in Table 3 and described above, many of the spatial
analytic techniques for examining clustering are not ideal for this study due to
characteristics of this study’s data set; specifically, the data do not conform to some of the
underlying assumptions of the available statistical techniques for assessing spatial
clustering. However, if the aforementioned data limitation was addressed (i.e., not all data
are available), some of the spatial analytic methods described above might be appropriate

for the current dataset. One method to address the unavailability of all possible data in all
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locations (a sampling bias) would be to only analyze data from the census tracts with
participant data (i.e., remove tracts without participant data) in global spatial clustering
analyses. While this strategy addresses the problems with sampling bias, information about
all of the underlying population (i.e., aggression and risk factor data on all possible
participants) is still necessary to compare the current data with a random distribution of
observations; therefore, this method is not appropriate.

A second method to address the problem of unavailability of all possible events
(observations) in Baltimore City would be to use the dataset in its present form. If the
sample is representative of the underlying population, the data can be used as is (D. Wong,
personal communication, September 16, 2010). For example, if demographics such as race,
gender, and socio-economic status are similar for this data set as they are for all of
Baltimore City, the data may be appropriate. However, this sample is more representative
of African-American communities than a general sample of all of Baltimore City, which is
more ethnically diverse, has a higher juvenile arrest rate, and a higher birth to teens rate
(see Table 6); therefore, the data cannot be used in its present form.

Methods Used in the Current Study. While no spatial statistical method was ideal
for these data, NNA was the most appropriate because this statistic does not depend
entirely on the availability of data on all events in an area (D. Wong, personal
communication, September 16, 2010). Specifically, data in this project are linked with
individuals’ spatial information; thus, it is possible to examine the proximity of user-
specified observations. NNA is a widely used, standard tool in fields such as criminology
and public health, and it is considered a reliable global measure of spatial clustering (e.g.,

Canter, 1997; Chainey, Reid, & Stuart, 2004; Craglia, Haining, & Wiles, 2000; Grubesic &

32



Mack, 2008; Moore & Carpenter, 1999). Moreover, NNA is appropriate for this study
because it involves comparing data clusters of different variables associated with the same
individuals’ location data (ESRI, 2009). NNA also is more appropriate for point pattern
analyses (e.g., analyses of X, y coordinates) such as used in this study than for analyses of
line and polygon patterns (e.g., bounded areas such as census tracts). Thus, NNA is a good
fit for these data.

The present study used x, y coordinates and address information to conduct spatial
analyses. In order to obscure the individual address locations and thereby protect the
identities of study participants, study points (x, y coordinates) were adjusted. Specifically,
points were offset by a random short distance from the exact location. The objective of this
spatial adjustment was to preserve the confidentiality of locations while still capturing the
characteristics of the spatial point pattern. Spatial adjustment, and specifically randomly
moving data points, is frequently performed on spatial data in order to ensure the privacy of
data collected (e.g., Leitner & Curtis, 2006; Pickle, Szczur, Lewis, & Stinchcomb, 2006).

Multilevel analyses also were conducted and compared to the results of the NNA.
Although multilevel analyses do not specify where clustering occurs within an area as do
spatial analyses, multilevel analyses describe the clustering of data within larger areas and
can account for the hierarchical nature of nested data (e.g., Vanfossen, Brown, Kellam,
Sokoloff, & Doering, 2010). For the present study, the geographic units that encompassed
the individual observations were considered a clustering variable. The census tract was
chosen as the clustering variable because it has clear boundaries and participants are
encompassed in one area (a single census tract) only. To determine how the clustering of

participants within tracts affects the data, the variability between tracts was compared with
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the total variability (between tracts and within tracts). If the variability between census
tracts was close to or equal to the total variability, this suggested an effect of tract on the
data.
Analyses to Address Study Aims

Study Aims 1 and 2: To examine the spatial clustering of aggression and its risk
factors — spatial analyses. The NNA was used to assess the degree to which aggression
(Aim 1) and risk factors for aggression (i.e., parental monitoring, deviant peer affiliation,
community violence exposure, perceived neighborhood violence; Aim 2) cluster in
geographic space. This analysis entails determining whether or not points (observations or
events) are geographically proximal versus randomly dispersed. These analyses only
examine the proximity of points without attention to whether or not the points are similar.
Dichotomizing variables as “high” or “low” would provide information about whether
individuals with particular levels on the variables are in close proximity (e.g., whether
individuals with “high” aggression are in close proximity to each other). Therefore, high
aggression and high risk factors (i.e., low parental monitoring, high deviant peer affiliation,
high community violence exposure, and high perceived neighborhood violence) were
examined, with “high” defined as values of the variable above the mean, and “low” defined
as values of the variable below the mean.”

The NNA statistic provides an overall degree of spatial clustering, or spatial
autocorrelation, of an attribute in a specified area (referred to as the minimum enclosing
rectangle; in the present study, this area is Baltimore City). A significant NNA statistic

indicates that the null hypothesis, that observations are randomly distributed, can be

2 The mean level of aggression was 1.751, whereas the median level of aggression was 1.50. Because the mean was
above the median and the study examines “high” aggression, the sample was dichotomized according to the
higher statistic.
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rejected (ESRI, 2009). If the null hypothesis is rejected, observations are not randomly
distributed, which suggests spatial clustering.

NNA yields a z-score that indicates the degree of spatial autocorrelation in an area
(ESRI, 2010a). The z-score and associated p-value are determined by the nearest
neighbor index, a ratio of the observed distance (actual distance) between two
observations divided by the expected distance (average distance between two neighboring
observations in a hypothesized random distribution; ESRI, 2010a). If this index is smaller
than 1, the spatial pattern suggests clustering. If the index is larger than 1, the spatial
pattern suggests spatial dispersion, or no clustering (ESRI, 2010a). Statistics are
calculated based on either a Euclidean or Manhattan distance. A Euclidean distance refers
to the straight distance between two observations (“as the crow flies”), and a Manhattan
distance indicates distance by street block (ESRI, 2009).

Study Aims 1 and 2: To examine the clustering of aggression and its risk factors -
non-spatial analytic methods. Multilevel analyses were conducted to supplement the
results of the NNA, and results of the two types of analyses were compared. To
determine whether aggression and its risk factors cluster, the intracluster correlation
coefficient (ICC) was calculated. The ICC is the ratio of the variability between clusters
to the total variability (i.e., within and between clusters; Petrie & Sabine, 2005); the ICC
for this study was calculated by taking the ratio of between census tract variability in a
particular variable to the total variability (between and within census tracts) of that
variable. The ICC is 1 when there is no variation within census tracts and all variation is
captured by the variance between census tracts (i.e., the between cluster variance is the

same as the total variance). Thus, clustering exists if the variability in aggression or a
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risk factor between census tracts is a significant portion of the variability between and
within census tracts. The closer the ICC is to 1, the more variance in aggression (or in a
risk factor) occurs at the between level (i.e., tract level) than the within levels (i.e., within
tracts). In contrast, the ICC is 0 or close to 0 when there is no variability between
clusters, suggesting spatial dispersion (i.e., no spatial clustering).

In addition to the ICC, the design effect was calculated. The design effect, which
reflects how much the standard error would need to be adjusted due to the impact of
clustering on individuals in the data, is influenced by the size of the ICC as well as the
average sample cluster size (MPlus, 1999). A design effect greater than or equal to 2
suggests that clustering exists, whereas a design effect less than 2 indicates a lack of
clustering and that the shared environment (e.g., census tract) does not impact the
individuals within that environment (Muthén & Satorra, 1995).

Study Aim 3: To examine the overlap of clusters of aggression and clusters of risk
factor(s) - spatial analytic methods. To address the third aim, regression analyses and
visual density maps were used to examine the coincidence of spatially dependent
aggression and its risk factor(s). It should be noted that regression analyses are not a
direct test of whether the clusters of risk factors overlap with aggression clusters.
However, if a risk factor that clusters accounts for some of the variance in aggression,
and aggression clusters geographically, that risk factor cluster might overlap with
aggression.

A necessary condition for testing Aim 3 (the overlap of aggression and risk factor
clusters) is that aggression and at least one risk factor cluster in geographic space. As

noted above, a significant z-score for the NNA indicates that high levels of aggression
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(and/or risk factors) cluster in geographic space (i.e., there is spatial autocorrelation).
Significant spatial autocorrelation (e.g., spatial clustering) violates the OLS regression
assumption of independence in the data, and results from non-spatial regression analyses
would be biased. Thus, if aggression and at least one risk factor clustered in Aims 1 and
2, geographically weighted (i.e., spatial) regression (GWR) would be used to test Aim 3.
This method adjusts for such dependence in order to avoid under- or overestimation of
model parameters (Diez-Roux, 2007). GWR is a relatively recent approach to modeling
spatial processes (Charlton & Fotheringham, 2009). GWR involves permitting the
coefficient f to vary across the study area. Specifically, this spatial regression model is an
OLS model that assigns greater weight to observations depending on their proximity to a
designated location u. Thus, generally, a multiple linear regression is written as:
yi=Pot Pixit foxoit .. PuXmi T &

where i = 1...n. In GWR, however, the equation includes location u such that:

yi(w) = o) + S + Bo(u)xai + .. fu(WXimi
(Charlton & Fotheringham, 2009). Given that the sample points are not regularly spaced
throughout this study’s area, an adaptive bandwidth will be specified to allow the same
number of sample points for each estimation. The adaptive bandwidth is calculated by
sorting the distances of observations from the specified location « and including only the
closest values that would results in an optimal p-value. In ArcGIS, once the kernel, or
weighting scheme, is set to an adaptive setting, the program is able to implement this
process (Charlton & Fotheringham, 2009). The kernel used in ArcGIS is defined as:

wiw)=(1-diu)/h)*)*
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where w;(u) is the geographical weight for observation i, d is distance, and 4 is the
bandwidth (Charlton & Fotheringham, 2009). ArcGIS defaults were employed given the
lack of consensus regarding standardization when using spatial analytic techniques (R.
Engstrom, personal communication, March 30, 2011). Bivariate and multivariate
regression analyses would be conducted. First, only one risk factor would be used in each
regression equation. After conducting these bivariate spatial regressions, a multivariate
regression with all significant risk factors would be performed to determine if each risk
factor still contributes to aggression after adjusting for the other risk factors in the
regression model. Only risk factors that were spatially dependent (per results of NNA)
would be used in the spatial regression analyses.

A visual density map was used to supplement the spatial regression analyses.
Density maps frequently are used to show the range of a particular observation in a pre-
defined unit. In the present study, density maps displayed the frequency of particular risk
factors within areas of high aggression. These areas of high aggression were indicated by
circles with arbitrary radii of 500 meters and centers determined by the location of
concentrated high aggression observations. It should be noted that increasing the size of
the radii does not typically change the density value; although more points are
encompassed in the area, the area is also greater (ESRI, 2010c). If aggression did not
cluster and none of the risk factors clustered, it would not be possible to test Aim 3 using
spatial analytic techniques. Likewise, if aggression clustered but none of the risk factors
clustered, or if risk factors clustered, but not aggression, it would not be possible to test
Aim 3 using spatial analytic techniques. In either of these instances, logistic and OLS

regression analyses would be conducted (as described below) to provide related
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information, specifically the nature of the associations between risk factors and
adolescent aggression. Results from these analyses would indicate what proportion of
variance in aggression is accounted for by the risk factors, which would suggest overlap
in the variables, although not overlap according to location.

Study Aim 3: To examine the overlap of clusters of aggression and risk factor(s) -
non-spatial analytic methods. 1If the non-spatial analyses (the ICC and design effect) for
Aims 1 and 2 indicate that multilevel analyses are appropriate for the study (i.e., clustering
of aggression and/or risk factor(s) in tracts), multilevel regression analyses would be used
to address the third aim. Aggression would be regressed on each risk factor with a
significant ICC first in separate bivariate models; next, aggression would be regressed on
all risk factors with a significant ICC in a multivariate model. In addition, models that do
not adjust for census tract will be compared to models that do adjust for census tract.
Significant differences in models that do and do not account for census tract suggest
clustering by census tract. Small or lack of differences in models that do and do not account
for clustering may indicate that clustering does not need to be accounted for in analyses
(Kreft & de Leeuw, 1998). Alternatively, small differences may suggest that clustering
does not occur at the tract level, but rather at a different areal unit. As mentioned above, if

clustering did not exist, non-spatial regression analyses would be most appropriate.
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Chapter 3: Results

Sample Characteristics

Participants were located in 98 different census tracts in Baltimore City. The
average number of individuals per census tract was 2.22, with 27% of the sample residing
in six tracts. Table 6 provides 2000 Census (the year corresponding to the 8" grade data
collection used in this study) information about the census tracts in which the participants
reside. The total population per census tract was 1341-7747 (M = 3772.93, SD = 1343.81),
with the total population of 10-17 year olds per tract ranging from 181-1943 (M = 1031.49,
SD = 377.36). In terms of data regarding teens, births to teens ranged from 0 to 18 (M =
5.42, 8D =3.95), drug-related juvenile arrests ranged from 0 to 62 (M = 16.31, SD =15.24),
juvenile arrests for violent crimes (ages 10-17) ranged from 0 to 24 (M = 4.58, SD =4.21),
and juvenile arrests for serious non-violent crimes (ages 10-17) ranged from 0 to 41 (M =
9.42, SD =7.32. In terms of adult crime, murder and non-negligent homicide ranged from
0-6 (M = 1.33, SD =1.48), adult violent offenses ranged from 7-199 (M = 83.04, SD
=46.91), and adult serious non-violent offenses ranged from 79-476 (M = 217.35, SD
=88.55) in the tracts in which participants resided. Table 6 also illustrates information on
these variables for all of Baltimore City (Baltimore Neighborhood Indicators Alliance,
2008; Federal Bureau of Investigation to the National Archive of Criminal Justice Data,
2000; U.S. Census Bureau, 2000).
Descriptive Statistics

Means and standard deviations for study variables are presented in Table 4, with
bivariate associations between study variables shown in Table 5. Males reported more

deviant peer affiliation and community violence exposure than females (¢ = 3.86, p < .01; ¢
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= 3.33, p < .01, respectively). Of the 402 participants in 8" grade, 34.6% reported
experiencing community violence exposure at least once, either as a witness or as a victim.
Males were more likely than females to experience any exposure to community violence
(*=3.95, p < .05).
Study Aim 1: To examine the spatial clustering of aggression

NNA were conducted to examine the geographic clustering of high aggression. As
described above, nearest neighbor ratios that are smaller than 1 suggest clustering of the
attribute, whereas ratios larger than 1 indicate spatial dispersion (no clustering) in the
attribute examined. To test this aim using non-spatial analyses, the ICC and design effect
were computed for the dichotomous aggression variable. An ICC closer to one and a design
effect greater than or equal to two suggests clustering of the attribute by census tract,
whereas an ICC closer to zero and a design effect less than two suggests spatial dispersion.
The ICC and design effect results for the dichotomous aggression variable are compared
with the NNA results.

The NNA was significant for aggression (see Table 7), with an expected mean
distance of 668.47 meters between points (i.e., X, y coordinates) of high aggression and an
actual mean distance of 479.89 meters between points of high aggression, resulting in a
nearest neighbor ratio of .72 (z = -6.13, p <.01). The significant z-score suggests a rejection
of the null hypothesis that observations are randomly distributed (ESRI, 2010f).
Specifically, the nearest neighbor ratio indicates that the attribute of high aggression
geographically clusters more than would be expected in a random distribution of
observations. Figure 1 illustrates the spatial clustering of high aggression. In contrast, in the

non-spatial analysis, the between-census tract variance accounted for only a small
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proportion of the total variance in aggression, suggesting little variability between clusters.
The ICC for high aggression was .02, with a design effect of 1.02. These values suggest
that aggression does not cluster according to census tract.

Study Aim 2: To examine the spatial clustering of risk factors for aggression

NNA were conducted to examine whether low parental monitoring, high deviant
peer affiliation, high community violence exposure, and high perceived neighborhood
violence were clustered in geographic space (see Table 7). For each risk factor, a map
was created to illustrate possible spatial clustering (Figures 2-5). The ICC and design
effect also were calculated to determine whether these variables clustered according to
census tract. The ICC and design effect results for the dichotomous risk factors were
compared with the NNA results.

For low parental monitoring, the expected mean distance was 597.39 meters,
while the observed mean distance was 394.97 meters, resulting in a nearest neighbor ratio
of .66 (z = -8.28, p <.01). This ratio suggests that observations of low parental
monitoring occurred more closely in geographic space than would have been expected in
a random distribution of observations. Thus, the null hypothesis that there is a random
distribution of observations of low parental monitoring can be rejected. In contrast, in the
non-spatial analysis, the between-census tract variance did not account for any of the total
variance; the ICC and design effect for parental monitoring were .00 and 1.00,
respectively, suggesting that parental monitoring does not cluster by census tract.
Specifically, 0.00% of the total variance in parental monitoring occurs by census tract,
and 100% of the total variance occurs within tracts; thus, there was no variability

between census tracts.
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The NNA for high deviant peer affiliation indicated geographic clustering. For
high deviant peer affiliation, the expected mean distance was 699.84 meters and the
observed mean distance was 456.43 meters, resulting in a nearest neighbor ratio of .65 (z
=-7.35, p <.01). This ratio suggests that observations of high deviant peer affiliation
occurred more closely in geographic space than would have been expected in a random
distribution of observations. Thus, the null hypothesis that there is a random distribution
of observations of deviant peer affiliation can be rejected. In contrast, the between-census
tract variance was small in the non-spatial analysis; specifically, the ICC for high deviant
peer affiliation was .11 and the design effect was 1.13, suggesting that high deviant peer
affiliation does not significantly cluster by census tract (between tract variance S.E. = .07;
p > .05).

Results of the NNA for high community violence exposure revealed that the
expected mean distance between observations was 588.68 meters, and the observed mean
distance was 375.57 meters. The nearest neighbor ratio was .64 (z =-9.21, p <.01),
indicating that observations of high community violence exposure occurred more closely
in geographic space than would have been expected in a random distribution of
observations. Therefore, the null hypothesis can be rejected, suggesting that high
community violence exposure clusters in geographic space. In contrast, the ICC for high
community violence exposure was .05 and the design effect was 1.05; this suggests that
only approximately 5% of the variance in high community violence exposure occurs at
the census tract level, indicating lack of spatial clustering by tract (between tract variance

S.E. = 26, p>.05).
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NNA was used to examine high perceived neighborhood violence, and results of
this analysis indicated that the expected mean distance (627.10 meters) was significantly
larger than the observed mean distance (397.26 meters), resulting in a nearest neighbor
ratio of .63 (z =-8.73, p <.01). This result indicates that reports of perceived
neighborhood violence occurred more closely in geographic space than expected in a
random distribution of observations. Thus, the null hypothesis, a random distribution of
observations, can be rejected; high perceived neighborhood violence clusters spatially. In
contrast, in the non-spatial analysis, the between-tract variance did not account for any of
the total variance. The ICC for high perceived neighborhood violence was .00, and the
design effect was 1.00, indicating that there was no variability between census tracts.
Specifically, 0.00% of the variance in high perceived neighborhood violence occurs by
census tracts, suggesting that high perceived neighborhood violence does not cluster
according to census tract and that 100% of the variance occurs within tracts or according
to non-census tract boundaries.

Study Aim 3: To examine the overlap of aggression and risk factor clusters

In Aims 1 and 2, NNA revealed that aggression and all of the risk factors (low
parental monitoring, high deviant peer affiliation, high community violence exposure,
and high perceived neighborhood violence) clustered in geographic space. Therefore,
spatial regression analyses were conducted with all risk factors. First, aggression was
regressed on each risk factor in separate models. Next, aggression was regressed on all of
the risk factors in the same model. Density maps were conducted in order to supplement

results of the spatial regression analyses.
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Spatial regression analysis revealed that each risk factor contributed to the overall
clustering in Baltimore City both at a bivariate and multivariate level (Table 9). Overall,
there was significant spatial regression for the entire city, suggesting that each risk factor
accounted for some of the variance in aggression. As shown in Table 9, in bivariate
associations, parental monitoring contributed approximately 25% to the variance in
aggression; deviant peer affiliation contributed approximately 14% to the variance in
aggression; community violence exposure contributed about 25% of the variance in
aggression; and perceived neighborhood violence contributed about 24% of the variance
in aggression. When all risk factors were included in a multivariate model, the risk
factors contributed approximately 32% to the variance in aggression. However, this
significance should be interpreted with caution, because this statistic may include both
areas in which spatial regression was significant and areas in which the association
between risk factor(s) and aggression was not significant. Specifically, this statistic
encompasses the entire area of Baltimore City, and does not specify where within the city
the association between aggression and its risk factors may be significant.

Density maps supplement the information obtained from the spatial regression
analyses and illustrate the overlap between aggression and each risk factor (see Figures 6
- 9). While these maps do not indicate the significance of the overlap between aggression
and each risk factor, the areas colored darkest red demonstrate areas where high rates of
aggression and high (or low) rates of the risk factors (i.e., low parental monitoring, high
deviant peer affiliation, high community violence exposure, high perceived neighborhood
violence) exist. The blue areas suggest locations of either a high prevalence of high

aggression or a risk factor, whereas areas closer to red in color suggest overlap of
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aggression and a risk factor. The darkest red-colored areas in Figure 10 indicate the
overlapping of clusters of aggression and all risk factors together in the same map. It
should be noted however, that this interpretation is speculation based on visual inspection
because statistical significance cannot be determined from these maps.

Results of the ICC and design effect calculations used to examine Aims 1 and 2
revealed that neither aggression nor any of the risk factors had significant between-tract
variance as compared to the total variability (between and within tract variability). These
results suggest that aggression and its risk factors did not significantly cluster according
to census tract. Thus, bivariate and multivariate regression analyses were conducted to
examine the association between the risk factors and aggression. Because the variables
were dichotomized for the spatial analyses, and it was of interest to conduct parallel non-
spatial analyses, the dichotomous variables were used in the regression analyses. Thus,
non-spatial logistic OLS regression analyses were performed to examine the association
between the risk factors and high aggression. For bivariate analyses, aggression was
regressed on each risk factor in separate regression models. In the multivariate analysis,
aggression was regressed on all risk factors together in the same regression model. In the
bivariate analyses, only low parental monitoring and high community violence exposure
were significantly associated with aggression (see Table 10). In addition, results of the
multivariate analyses demonstrated that only low parental monitoring and high
community violence exposure were significantly associated with adolescent aggression

after adjusting for the other risk factors in logistic regression analyses (see Table 10).’

? The bivariate analyses also were conducted with the continuous aggression and risk factor variables, and all risk factors
(i.e., parental monitoring, deviant peer affiliation, community violence exposure, and perceived neighborhood violence)
were significantly positively associated with aggression. Results of the multivariate analyses revealed that only
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Chapter 4: Discussion

Understanding whether individuals with high levels of aggression are located in
close geographic proximity enhances our understanding of the etiology of aggression,
specifically whether the occurrence of aggression is strongly associated with its
environment. Moreover, understanding whether geographic clusters of aggression and its
risk factors coincide provides valuable information for improving prevention and
intervention programs targeting aggressive adolescents. The present study examined these
issues using spatial analytic methods, supplemented by information from non-spatial
analyses. Spatial analyses revealed that aggression and risk factors for aggression (i.e., low
parental monitoring, high deviant peer affiliation, high community violence exposure, and
high perceived neighborhood violence) cluster geographically, and that clusters of
aggression coincide with these risk factors in geographic space. These findings support the
proposition that individuals living in geographical proximity may share common
experiences due to their proximity (e.g., Kreft & de Leeuw, 1998). These results also are
consistent with Sampson and colleagues’ (2002) analysis of neighborhood research from
which they concluded that social problems such as crime and adolescent delinquency
frequently occur together at the neighborhood level. Similarly, as discussed in the
neighborhood effects literature, families may select their neighborhoods according to
shared characteristics, also suggesting similarity amongst individuals living in close
proximity; for example, family socioeconomic status largely influences neighborhood
choice and/or families may choose to live near similar others (Duncan, Connell, &

Klebanov, 1997; Leventhal & Brooks-Gunn, 2000; Tienda, 1991). In contrast to results of

community violence exposure was significantly associated with adolescent aggression after adjusting for the other risk
factors in the OLS regression analyses.

47



the spatial analyses, there was no evidence of significant clustering at the census tract level.
Geographic clustering of aggression and risks for aggression

As hypothesized, results of spatial analyses revealed that adolescent aggression
clustered in geographic space. This finding is consistent with literature documenting that
aggression and violence often occur in the same areas due to a shared environment (i.e.,
Bowers, et al., 2004; Grubesic & Murray, 2001; Ratcliffe & McCullagh, 1999). For
example, criminologists have identified crime “hot spots”, or specific areas with a high
concentration of crime (Bowers et al., 2004; Grubesic & Murray, 2001; Ratcliffe &
McCullagh, 1999; Sherman & Weisburd, 1995). Similarly, individuals residing in
environments with similar characteristics (e.g., neighborhood crime, SES) may share
behaviors that are adaptive for their particular environment. For example, in some contexts,
aggression is an adaptive response to the environment. Relatedly, social information
processing theories suggest that the perception of constant threat in the environment (e.g.,
due to crime and/or neighborhood violence) may lead individuals to interpret ambiguous
stimuli as hostile, and respond aggressively as a result (Colder et al., 2000; Dodge, 1993).
Thus, spatial clustering of adolescent aggression may suggest that these participants reside
in like environments and may be exposed to similar risk factors for aggression.

Consistent with expectations, spatial analyses revealed significant geographic
clustering for low parental monitoring, high deviant peer affiliation, high community
violence exposure, and high perceived neighborhood violence. Geographic clustering of
low parental monitoring suggests that geographically proximal neighbors monitored their
children in similar ways. Similarly, prior research using non-spatial methods suggests that

parental monitoring may vary by neighborhood. For example, Beyer and colleagues’
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(2003) found that parental monitoring was significantly correlated with neighborhood
characteristics such that high neighborhood disadvantage was associated with less parental
monitoring, suggesting that parental monitoring can vary by neighborhood. In addition,
Rankin and Quane (2002) found that in a sample of poor and mixed-income neighborhoods
of African-American youth in Chicago, parental monitoring was higher in neighborhoods
with greater collective efficacy, also suggesting clustering of parental monitoring by
neighborhood type. Similarly, Kupersmidt and colleagues (1995) found a protective effect
of middle- and high-SES communities on aggression. They suggested that in these
neighborhoods, adults might share the responsibility for supervision and monitoring of
adolescents, resulting in lower levels of aggression in the neighborhood. These studies
suggest that parents living in similar neighborhood types might monitor their children in
similar ways, although it should be noted that neighborhood type is not a direct proxy for
location.

Geographic clustering of deviant peer affiliation mirrors research suggesting that
deviant peer affiliation frequently varies by neighborhood due to differences in
neighborhood social organization (e.g., Brody et al., 2001; Haynie et al., 2006; Sampson et
al., 2002). Neighborhood social disorganization is characterized by lack of neighborhood
social controls, such as police and neighborhood adults (often parents), that monitor the
behavior of neighbors’ children and therefore can prevent or decrease delinquent activity as
well as deter violence and crime (Sampson et al., 2003). Menard and Elliott (1994)
suggested that in neighborhoods with high disorganization, the presence of delinquent
youth, along with community residents’ reluctance to intervene and thereby implicit

acceptance of delinquent behaviors (e.g., engaging in gang-related behavior, using illegal
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substances), contributes to adolescents believing these behaviors are acceptable and acting
aggressively. This link between neighborhood disorganization and high deviant peer
affiliation suggests that the prevalence of deviant peer affiliation is highly dependent on the
geographic location or area.

Spatial clustering of exposure to community violence is consistent with
neighborhood research indicating that adolescents living in similar types of neighborhoods,
particularly neighborhoods characterized by high poverty and low neighborhood social
organization, may be exposed to similar levels of community violence (Sheidow, Gorman-
Smith, Tolan, & Henry, 2001). Researchers also have identified specific areas with high
rates of crime, or “hot spots”, suggesting that crime and violence tend to concentrate in
particular areas (Bowers et al., 2004; Grubesic & Murray, 2001; Ratcliffe & McCullagh,
1999; Sherman & Weisburd, 1995). The geographic clustering of perceptions of
neighborhood violence may have occurred for a similar reason. It is possible that
individuals in the same neighborhoods or areas might perceive their environments in a
similar manner due to similar exposures to the environment (Sampson, Raudenbush, &
Earls, 1997). In addition, individuals who have been exposed to violence in their
neighborhoods as a witness, as a victim, or via hearsay may view their environments as
similarly violent (Sampson et al., 1997).

As anticipated, spatial regression analyses and the density maps revealed that
concentrations of aggression were more prominent in areas with higher levels of risk
factors (i.e., low parental monitoring, high deviant peer affiliation, high community
violence exposure, high perceived neighborhood violence). These results supplement the

existing neighborhood literature by suggesting that location, a feature of the neighborhood
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environment, has effects on aggression because of geographic variations in risk factors;
neighborhood research similarly discusses differential distribution of risk factors across
neighborhoods (Sampson et al., 1997). Examination of the density maps (specifically, the
overlap of clusters of aggression and risk factors) suggest that risk factor clusters contribute
to the presence of aggression. However, this conclusion is speculative because the data are
cross-sectional. In addition, without all data on aggression and its risk factors in the
underlying population (i.e., in Baltimore City), it is not feasible to determine whether these
overlaps are statistically significant. Interestingly, clusters of aggression also sometimes
occurred in areas without risk factor clusters (see Figure 10), suggesting that additional risk
factors not examined here (e.g., neighborhood crime, prevalence of drug or alcohol use;
Herrenkohl, McMorris, Catalano, Abbott, Hemphill, & Toumbourou, 2007) may be
important for understanding the geographic clustering of aggression. For example, clusters
(“hot spots™) of neighborhood crime, which can be violent, likely correlate with high rates
of aggression (Bowers et al., 2004; Grubesic & Murray, 2001; Ratcliffe & McCullagh,
1999; Sherman & Weisburd, 1995).

While spatial analyses suggested that aggression and risk factors for aggression
occurred in geographically proximal areas, non-spatial analytic methods indicated that
neither aggression nor the risk factors for aggression clustered. One explanation for this
result is that these study data do not cluster according to the clustering variable used in this
study (i.e., census tract). Individuals’ experiences do not necessary fall within census tract
boundaries (Coulton et al., 2001; Halliday-Boykins & Graham, 2001), and the data may
actually cluster according to another clustering boundary, such as a neighborhood or census

block, or they may cluster across boundaries, as suggested per visual inspection of the
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clusters found in this study (Figures 11-15). For instance, as depicted in Figure 11, there
appear to be 14 full clusters (circles) with 13 clusters that crossed census tract borders.
These findings complement research suggesting that the census tract is an arbitrary
boundary and may not necessarily reflect resident-defined communities or may be too large
or small an area to match individual experiences (Coulton et al., 2001; Halliday-Boykins &
Graham, 2001). In addition, different units of aggregation can yield different results (e.g.,
census tracts versus block group; Krieger, 1992). Government defined aggregate data, such
as obtained through the census or local government, also do not necessarily assess
neighborhood disorganization or collective efficacy, which are associated with higher
violence or aggression (Furstenberg & Hughes, 1997; Sampson et al., 1999; Sampson et al.,
2003). Thus, the information provided by non-spatial analyses is specific to the aggregating
unit.
Implications for Research and Intervention

The present study highlights the importance of examining geographic location to
understand adolescent aggression and risk factors for aggression, and suggests that
applying spatial analytic methods may reveal information not captured by multilevel
analyses of a priori defined spatial units. Specifically, with non-spatial analyses, it might
not be possible to identify geographic clustering of variables of interest using a priori
boundaries. For example, it may be difficult for researcher to know which boundaries
would appropriately capture the spatial clustering of aggression or its risk factors. Thus,
researchers should consider more than one unit of analysis (e.g., census tract and a locally-
defined unit) because the unit appropriate for one variable may not necessarily be

appropriate for another variable. In addition to identifying spatial patterns not captured by
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analyses of aggregate data, spatial analysis can supplement non-spatial methods even when
non-spatial methods reveal area-level effects. Specifically, knowing that there is
significance between-unit variance on a particular variable does not indicate where in the
unit the variable is high (or low); for multilevel analyses that reveal significant area effects,
spatial analyses can add precision by identifying the locations where clusters of behavior
exist within the area.

In addition to research implications, there are also clinical implications for this
study. Given findings from spatial analyses indicating specific areas of high aggression
and/or risk factor(s), it may be useful to implement interventions at targeted locations. For
example, interventions aimed at decreasing adolescent aggression can focus on providing
more anger-management group interventions in schools and clinics located in areas
characterized by high levels of aggression. This study’s findings suggesting a geographic
association between individuals’ aggression and peer, parent, and neighborhood factors
highlights the importance of intervening at different levels in Bronfenbrenner’s (1979)
ecological model. Thus, the study’s results are consistent with a multisystemic approach,
which views the child as enclosed within different systems of influence and focuses on
communities, families, and peer relationships (Henggeler, 1999). Integrating location data
(e.g., gathered from spatial analyses) can enhance MST interventions by providing
information about risks and resources in an area that might affect whether or not an
intervention is successful or intervention effects are maintained. For example, combining
this information with results revealing spatial clustering of low parental monitoring and
deviant peer affiliation might suggest implementing parent interventions (e.g., parenting

skills classes or encouraging group or shared parenting) in specific neighborhoods that can
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increase parental monitoring and establish strong peer and adult role models to decrease
deviant peer affiliation (Anderson, 1999; Holland 1991; Stewart-Brown, Patterson,
Mockford, Barlow, Klimes, & Pyper, 2004; Utting, 2003). More specifically, same-aged or
older peers who have successfully resisted associating with deviant peers and met their
goals, or adults who are invested in influencing adolescents in a positive way (Utting,
2003) can establish a strong network of support in which they can offer alternatives to
turning to deviant peers and teach adolescents skills and strategies for problem-solving.
Targeting such efforts in areas of low parental monitoring and high deviant peer affiliation
can prevent and reduce adolescent aggression.

This study’s findings highlight the importance of neighborhood-level interventions.
Neighborhood-level interventions might include increasing formal and informal social
controls such as neighborhood watch and/or police patrols that can monitor adolescent (and
other individuals’) activities to increase neighborhood organization and thereby decrease
neighborhood violence (perceived and experienced) and adolescent aggression. Such
interventions also can include school-sponsored, supervised functions at various
neighborhood locations such as community centers, restaurants, and parks, or
neighborhood resident meetings. These types of interventions increase neighborhood
cohesion, which affects adolescents on a neighborhood-wide level due to the increased
involvement of adults in the neighborhood (Henggeler, Cunningham, Pickrel, Schoenwald,
& Brondino, 1996). Increasing the involvement and willingness of adults in the
neighborhood to intervene can increase collective efficacy, which has been shown to
reduce aggression (Sampson et al., 1997).

Strengths and Limitations
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The present study extends prior research in several ways. Whereas much of the
neighborhood literature has used aggregate data to examine effects of neighborhood
poverty or other structural characteristics on child and adolescent maladjustment, (Diez-
Roux, 2004), this study includes specific locations of individuals rather than average
effects in a bounded area to understand adolescent aggression. The benefit of such an
approach is that specific clusters of aggression can be identified; without specific
information about location, it is not clear where within a bounded area cluster(s) might
occur. Relatedly, because spatial analytic methods may be employed without defining
boundaries a priori, one can identify clusters of a particular behavior or phenomenon that
may not cluster at a pre-defined aggregate level. The use of a community sample is
another strength because these results are more readily generalizable to urban adolescents
living in cities or major metropolitan areas than a study using only a high-risk sample. As
such, results can reveal areas of high aggression that might otherwise not be identified if
the focus were on only high-risk individuals.

From a layperson’s perspective, research on adolescent maladjustment may be
perceived as inaccessible by neighborhood residents and/or policy makers (e.g., Zigler,
1998), whether due to the use of field-specific or intricate statistical language, or because
of the availability of the literature to only those in the psychology field. Maps may
facilitate discussions between researchers and laypeople as maps do not require field-
specific jargon and can be distributed with information that is concise and easy to grasp.
Once researchers and laypeople have engaged in these discussions, specific interventions
may be developed to address particular problems. For example, in the criminology field,

interventions such as increased police patrols in areas high crime based on maps detailing
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“hot spots” (identified through spatial analytic methods) have led to decreased crime in
those areas (Braga, 2001; Sherman & Weisburd, 1995).

The aforementioned study strengths should be evaluated in the context of the
following limitations. Of particular concern for the spatial analyses was that the dataset did
not include all possible observations of each variable in Baltimore City (e.g., level of
aggression for every adolescent residing in the city). Thus, the NNA was employed based
on the assumption that other analyses were inappropriate, and spatial analyses that would
have been appropriate to conduct had data on all such observations been available could
not be used. Furthermore, results of the current study must be interpreted with caution due
to these data limitations. Although NNA and spatial regression still provided information
useful to this study, the results did not reveal where clustering occurred in the study area.
Relatedly, the NNA is a global statistic and therefore comprised of smaller areas, some of
which may have spatial clustering and some of which may not. Had this study’s focus been
examination of spatial clustering in smaller areas such as census blocks or neighborhoods,
additional spatial analyses could have been conducted in order to determine more specific
areas of clustering, providing even more detailed information about where clustering
occurred. Additionally, because the number of participants in each census tract differed
(and in the present study, some tracts did not have participants), it was not possible to use
spatial analytic methods that required comparing the observed data with the expected data,
because data on all possible observations were not available. Some tracts did not have
participants because only information from those participants who consented to the study in
1% grade and the 8" grade follow up could be used. The sampling strategy in 1% grade did

not yield a sample randomly selected from all Baltimore tracts, but instead a sampling of
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youth enrolled in the nine schools participating in the parent study. While this sample was
representative of 1% grade students in Baltimore, the sample was not evenly dispersed over
Baltimore city, resulting in a sampling bias (in terms of geographic analyses). Lastly,
ArcGIS program defaults were used, and if other restrictions were set during analyses,
results may have differed.

In terms of measurement, adolescent self-reports were used to assess deviant peer
affiliation, community violence exposure, and perception of neighborhood violence.
Ideally, multiple informants would have been used to assess these constructs. However,
regarding adolescent self-reports, it should be noted that because youths’ freedoms
increase during the adolescent years, parents and teachers may not know the amount of
deviant peer affiliation or community violence exposure adolescents experience (e.g.,
Ceballo, Dahl, Aretakis, & Ramirez, 2001; Pettit, Bates, Dodge & Meece, 1999). Thus,
adolescents’ self reports about their deviant peer affiliation, exposure to community
violence, and perception of neighborhood violence may be more valid assessments of these
constructs than reports from other sources. While teacher-rated aggression is commonly
used in studies of aggression given the frequency with which teachers are able to observe
children and adolescents in a variety of settings and interactions (e.g., Connors, 1969;
Greca, 1981; Uren & Stagnitti, 2009), some research indicates that teacher ratings may be
biased across ethnicities, gender, and urbanization (e.g., Hughes & Cavell, 1999;
Weissberg, Cowen, Lotyczewski, Boike, Orara, Stalonas, et al, 1987; Zwirs, Burger,
Schulpen, Vermulst, HiraSing, & Buitelaar, 2010). Moreover, the aggression measure
focused on overt (physical) aggression only; examination of other types of aggression such

as covert (e.g., teasing) aggression might yield different results. For example, cyber-
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bullying and other telecommunications also may not cluster geographically because a
definitive location cannot be specified for some of the actions that occur via media.

Dichotomizing the continuous aggression and risk factor variables is an additional
measurement issue. While dichotomizing was deemed necessary in order to use the nearest
neighbor analyses, it should be noted that when continuous data are dichotomized,
information may be lost (e.g., Streiner, 2004). Another measurement concern is that only
one aspect of parenting, parental monitoring, was assessed; however, parental monitoring
has been suggested to be the parental behavior most predictive of aggression (Dishion &
McMahon, 1998; Patterson & Stouthamer-Leober, 1984; Steinberg et al., 1994). The
parental monitoring scale also may have been interpreted differently based on the
adolescent; the questions employed the term “parent” and some adolescents may have
construed this to include other caregivers such as grandparents, whereas others may have
only thought of a parent when answering these items.

Because cross-sectional data were used, causality could not be examined in this
study. Longitudinal data would have allowed inferences about causality in the relationship
between risk factors and adolescent aggression. However, the feasibility of obtaining the
necessary data for this type of analysis is significantly more difficult for psychology
researchers than for researchers in the criminology and public health fields. For example,
crime data over a particular time span is often available from police reports and recorded
911 calls; similarly, public health data such as the prevalence of cancer over several years
is available through hospital or clinic records. These data can be readily obtained because
they are more likely publicly reported each time they occur. For psychological research, it

is necessary to identify individuals who not only have a particular set of characteristics at
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different points in time, but also are willing to share that information. Furthermore, in order
to obtain an unbiased sample of a study area, specific location information is needed for all
study participants. However, such data are sensitive and create concerns about
confidentiality. Thus, the feasibility of collecting longitudinal from all individuals in a
particular region is far more difficult (and sometimes impossible) in psychological
research.
Future Research

This study suggests several directions for future ecological research focusing on
location and adolescent aggression, including measurement issues, using longitudinal data,
and examining gender differences. To further examine the prevalence and location of
aggression and other risks and problem behaviors, future research should attempt to obtain
samples that are definitively representative of the underlying population of study in order to
employ spatial analytic techniques aside from NNA. Other spatial analytic methods can
illustrate even more specific information about the geographic area by: providing statistics
similar to the NNA but for each individual area defined by the researcher (e.g., census tract
or block, community area); detecting outliers; and exploring the existence of “cold spots”,
areas in which low values of a particular variable might geographically cluster. Results
from such analyses can be used to inform interventions and prevention programs for
particular areas as described above. For example, examining “cold spots” might inform
researchers about area-specific protective factors (e.g., low crime, prosocial peer affiliation
and behaviors; Jessor, Van den Bos, Vanderryn, Costa, & Turbin, 1995; Sampson et al.,
2002) or suggest areas where there are lower levels of risk factors for aggression.

Furthermore, the differences between spatial and non-spatial analyses in this study revealed
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that the census tract boundary did not adequately capture this study data’s spatial
clustering. These differences suggest that the utility of census tracts (or other administrative
data) for understanding whether variables of interest cluster may vary depending on the
variable of interest or characteristics of the study data. Thus, future research should use
multiple units of analyses and/or supplement non-spatial analyses with spatial analytic
techniques in order to adequately assess clustering in an area.

In terms of measurement, rather than a mean split to examine problematic levels of
aggression and risk factors for aggression, it may be informative to use more extreme
thresholds in spatial analyses examining clustering. Specifically, aggression and/or its risk
factors might have different spatial patterns at more extreme levels; similarly, more
extreme thresholds on these variables might reveal clustering at different spatial units (e.g.,
the census tract). Relatedly, considering other risk variables may be beneficial in
understanding the etiology of aggression. For instance, neighborhood crime can strongly
impact neighborhood social cohesion or fear of violence and therefore also aggression (e.g.,
Markowitz, 2003; Sampson et al., 2002).

Longitudinal data on aggression and its risk factors will be important to examine
which risk factors predict the presence of aggression in particular areas. Because
aggression and the risk factors examined in this study are dynamic, identifying whether the
spatial dependence of aggression changes over time or with development (e.g., adolescents
spend more time outside of the home and thus have a higher potential for exposure to
community violence and subsequent aggression compared with children) will be important
for the design of interventions and for a better understanding of how aggression develops.

For example, longitudinal analyses can provide information regarding how geographic
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clusters of aggression might change concurrent with changes in age and environment (e.g.,
due to changes in the presence or concentration of risk factors).

Future research should examine whether spatial patterns of aggression, or the
coincidence of aggression and its risk factors according to location, vary by individual-
level characteristics and/or gender. In particular, individual-level variables such as
impulsivity, hyperactivity, and emotion regulation could affect clustering of adolescent
aggression. For instance, because aggression has been linked to hyperactive and impulsive
behaviors (e.g., Burke et al., 2004; Hinshaw, Lahey, & Hart, 1993; Kerr, Tremblay, Pagani-
Kurtz, & Vitaro, 1997), individuals displaying such characteristics might also
geographically cluster in the same areas. Spatial patterns might also be similar for
individuals who lack effective coping strategies and thus ineffectively regulate emotions as
evidenced by maladaptive behaviors (e.g., internalizing symptoms).

Finally, prior research highlights gender differences in rates of aggression as well as
which risk factors contribute to males’ and females’ aggression (Gorman-Smith & Loeber,
2005; Gorman-Smith & Tolan, 1998; Newman & Newman, 2001), suggesting that spatial
patterns might vary. For instance, the association between parental monitoring and
aggression may be significantly stronger for females than for males (Gorman-Smith &
Loeber, 2005); therefore, the clusters of low parental monitoring might coincide with the
clustering of aggression for females but not for males. Moreover, some studies have found
that the association between deviant peer affiliation and aggression is stronger for males
than for females (Gorman-Smith & Loeber, 2005), suggesting that spatial clusters for these
variables might more frequently coincide for males than for females. Distinguishing these

types of differences may be helpful for tailoring preventive interventions specific to gender,
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such as offering parenting skills classes for parents of adolescent girls or encouraging an
increased presence of adult role models in the neighborhood to decrease male deviant peer

affiliation.
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Table 1

Locations of Study Participants with Address Information

County
Anne . Baltimore
State Arundel Baltimore City Other Total N
Maryland 28 149 402 15 594
Other States 0 0 0 29 29
Total N 28 149 402 44 623

"Other states include: Delaware (1), Florida (2), Georgia (4), Michigan (1), New Jersey (1),

New York (2), North Carolina (3), Ohio (2), Pennsylvania (1), South Carolina (2), Virginia

(8), and West Virginia (2).
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Table 2

Number of Participants per Census Tract (N=402)

Number of Participants (N) in Number of Tracts with N Total N
Tract Participants (Cumulative)

21 1 21
20 1 41

19 1 60

18 1 78

16 1 94

15 1 109
13 1 122
12 2 146
10 2 166
9 1 175
8 1 183
7 6 225
6 3 243
5 5 268
4 9 304
3 9 331
2 18 367
1 35 402
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Table 3

Statistics and Methods for Assessing Clustering

Statistic/Method Typical Application Assumptions Limitations
Events or observations « Not all of underlying population is included in
are interdependent (i.e., analyses, but all of the underlying population is
Determine overall geographically proximal necessary since the attributes (data describing a
o . events/observations are specific aspect of a point) of a particular area as a
Ripley's K clustering in a pre-defined ~. ~.." !
area similar); sample must whole are examined.
have more than 30 « Cannot assume that points are different from a
observations per random pattern that might be generated from the
area/unit underlying population.
Determine whether .
similar points are Events or observations
. . int t;
proximal (per Euclidean are I erdependent; . . .
Nearest- . attributes (data « Cannot claim that these analyses are an infallible
s or Manhattan distance o . L
neighbor measurements) in an area describing a specific way to test for clustering in this sample due to the
methods . . aspect of a point) are non-random geographic sampling in this data.
that includes all points . o
- . linked to individual
(the minimum enclosing .
rectangle) location data
. Determine overall Events or observations . . )
Multilevel L : . t tify wh lust .
U Heve clustering in a pre-defined are interdependent; areas Cannot identify where clustering occurs
analyses « Data must be aggregated to pre-defined levels.

arca

are to be defined a priori

Getis-Ord Gi*

Determine where
clustering of specified
observations occur

Events or observations
are interdependent

« Not all of underlying population is included in
analyses, but all of the underlying population is
necessary since the attributes (data describing a
specific aspect of a point) of a particular area as a
whole are examined.

« Cannot assume that points are different from a
random pattern that might be generated from the
underlying population.
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Table 3 (Continued)

Statistic/Method Typical Application

Assumptions

Limitations

Determine where
Local Moran's I  clustering of specified
observations occur

Events or observations
are interdependent

« Not all of underlying population is included in
analyses, but all of the underlying population is
necessary since the attributes (data describing a
specific aspect of a point) of a particular area as a
whole are examined.

« Cannot assume that points are different from a
random pattern that might be generated from the
underlying population.

« Not all of underlying population is included in
analyses, but all of the underlying population is

(Method) . . necessary since the attributes (data that describes a
Remove areas Data is available for all . . . .
. Events or observations specific aspect of a point) of a particular area as a
(e.g., census events in some areas but . :
. are interdependent whole are examined.
tracts without not others . .
articipants) « Cannot assume that points are different from a
p random pattern that might be generated from the
underlying population.
(Method) Use
sample data as is Sampled data is fully .
. . Events or observations . . .
(i.e., include representative of . « Sample not representative of underlying population
. . are interdependent
areas without underlying sample
participants)

Note. As cited in: Bailey & Gattrell (1995), Longley, Goodchild, Maguire, & Rhind (2005), Mitchell, (2005), and Wong

(personal communication, September 16, 2010).
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Table 4

Means and Standard Deviations of Study Variables for Total Sample and by Gender

Variable M SD Range
Aggression 1.77 0.74 1-4.20
Parental Monitoring® 2.07 0.68 1-4.43
Deviant Peer Affiliation 1.55 0.64 1-4.67
Community Violence Exposure 1.31 1.62 0-11

Perceived Neighborhood Violence 1.84 0.66 1-3.80

Note. All variables were assessed in the spring of gt grade (during the latter half of the
academic year). Parental monitoring was assessed using the The Structured Interview of
Parent Management Skills and Practices-Youth Version (SIPMSP, Capaldi & Patterson,
1989). Perceived neighborhood violence was assessed with items from the Neighborhood
Environment Scale (NES, Elliott, Huizinga, & Ageton, 1985). Deviant peer affiliation
was measured using the Exposure to Deviant Peers (Capaldi & Patterson, 1989).
Community violence exposure was determined using the Children’s Report of Violence
Exposure (CREV; Cooley, Turner, & Beidel, 1995). Aggression was assessed using the
Teacher Report of Classroom Behavior Checklist (TRCBC; Werthamer-Larsson et al.,
1991).

*Higher scores suggest lower parenting monitoring.
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Table 5

Correlations among Study Variables

Variable 1 2 3 4 5

1. Aggression - -16° 447 .02 157
2. Parental Monitoring’ -- 40" 25" 28"
3. Deviant Peer Affiliation - 327 137
4. Community Violence Exposure - 317

5. Perceived Neighborhood Violence --

Note. All variables were assessed in the spring of gt grade (during the latter half of the
academic year). Parental monitoring was assessed using the The Structured Interview of
Parent Management Skills and Practices-Youth Version (SIPMSP; Capaldi & Patterson,
1989). Perceived neighborhood violence was assessed with items from the Neighborhood
Environment Scale (NES; Elliott, Huizinga, & Ageton, 1985). Deviant peer affiliation
was measured using the Exposure to Deviant Peers (Capaldi & Patterson, 1989).
Community violence exposure was assessed using the Children’s Report of Violence
Exposure (CREV; Cooley, Turner, & Beidel, 1995). Aggression was assessed using the
Teacher Report of Classroom Behavior Checklist (TRCBC; Werthamer-Larsson et al.,
1991).

" Higher numbers on the parental monitoring scale indicate lower levels of parental
monitoring.

p<.05.

“p<.0l.
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Table 6

Means and Standard Deviations for 2000 Census Tract Variables for Study Participants

Variable Sample Baltimore City “
Total Population 358,428 651,154
Total Population ages 10-17 44,107 72,691
Birth to teens 11.68° 83.3°
Drug-related juvenile arrests 35.12° 39.26°
{gveniles arrests violent crimes, ages 10- 9.36° 10.66"
Murder & non-negligent homicides 2.86° 0.40°
Adult violent offenses 178.86" 26.19°

*Baltimore City data was obtained from the Baltimore Neighborhood Indicators Alliance

(2008), the U.S. Census (2000), and the Federal Bureau of Investigation to the National

Archive of Criminal Justice Data, University of Michigan (2000).

®Mean rate per 1,000.
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Table 7

Results of the Nearest Neighbor Analysis (NNA)

. Observed Mean Expected Mean Nearest Neighbor
Variable . . ) z-score
Distance Distance Ratio
Aggression 479.89 668.47 72 -6.13"
Parental Monitoring 394.97 597.39 .66 -8.28"
Deviant Peer Affiliation 456.43 699.84 65 735"
Community Violence Exposure 375.57 588.68 64 921"
Perceived Neighborhood Violence 397.26 627.10 63 -8.73"

Note. Nearest Neighbor Ratios less than 1 denote clustering; ratios more than 1 suggest dispersion. All distances are displayed
in meters.

“p<.01.

100



Table 8

ICC and Design Effect for Aggression and Risk Factor Variables

Dichotomous Variables

Continuous Variables

Average Average
Variable Cluster ICC  Design Effect Cluster ICC  Design Effect
Size Size
High Aggression 2.06 .02 1.02 3.42 .01 1.02
Low Parental Monitoring 243 .00 1.00 3.49 .00 1.00
High Deviant Peer Affiliation 2.21 A1 1.13 3.49 .00 1.00
High Community Violence Exposure 1.93 .05 1.05 3.49 .01 1.02
High Perceived Neighborhood Violence 2.07 .00 1.00 3.49 17 1.42
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Table 9

Results of Spatial Regression on Adolescent Aggression, Bivariate and Multivariate

Independent Variable R Adjusted R
Bivariate
Parental Monitoring 26 25
Deviant Peer Affiliation A5 14
Community Violence Exposure .26 25
Perceived Neighborhood Violence 25 24
Multivariate 35 32

"The statistical significance for these values is not presented because p-values are not

calculated when using GWR. The p-values would be heavily biased because they do not

account for the weighting scheme (values closer to the specified location u are given more

weight than values farther to the specified location; ESRI, 2010e). However, it can be

assumed that some contribution exists because these R” values are greater than 0.
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Table 10

Results of Logistic Regression on Adolescent Aggression, Bivariate and Multivariate
(Dichotomous Variables)

Bivariate Multivariate

Independent Variable Estimate S.E. p-value Estimate S.E. p-value
Low Parental Monitoring -.74 23 .00 -.61 25 01
High Deviant Peer Affiliation 43 23 .07 .03 26 .92
High Community Violence .80 24 .00 .66 27 01
Exposure

High Perceived Neighborhood 36 23 A2 .07 25 79
Violence
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Figure Captions
Figure 1. Map of geographic clusters of high adolescent aggression.
Figure 2: Map of geographic clusters of low parental monitoring.
Figure 3. Map of geographic clusters of high deviant peer affiliation.
Figure 4. Map of geographic clusters of high community violence exposure.
Figure 5. Map of geographic clusters of high perceived neighborhood.
Figure 6. Overlapping spatial clusters of high aggression and low parental monitoring.
Figure 7. Overlapping spatial clusters of high aggression and high deviant peer affiliation.
Figure 8. Overlapping spatial clusters of high aggression and high community violence
exposure.
Figure 9. Overlapping spatial clusters of high aggression and high perceived neighborhood.
Figure 10. Overlapping spatial clusters of high aggression and all risk factors.
Figure 11. High aggression clusters (9x magnification).
Figure 12. Low parental monitoring clusters (9x magnification).
Figure 13. High deviant peer affiliation clusters (9x magnification).
Figure 11. High community violence exposure clusters (9x magnification).

Figure 11. High perceived neighborhood violence clusters (9x magnification).

104



Figure 1. Map of geographic clusters of high adolescent aggression.
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Figure 2: Map of geographic clusters of low parental monitoring.
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Figure 3. Map of geographic clusters of high deviant peer affiliation.
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Figure 4. Map of geographic clusters of high community violence exposure
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Figure 5. Map of geographic clusters of high perceived neighborhood violence.
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Figure 6. Overlapping spatial clusters of high aggression and low parental monitoring.
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Figure 8. Overlapping spatial clusters of high aggression and high community violence exposure
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Figure 10. Overlapping spatial clusters of high aggress
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Figure 11. High aggression clusters (9x magnification).
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Figure 12. Low parental monitoring clusters (9x magnification).
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Figure 13. High deviant peer affiliation clusters (9x magnification).
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Figure 14. High community violence exposure clusters (9x magnification).
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