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The systemic model posits that informal social control directly reduces crime 

victimization and social networks indirectly reduce crime victimization through informal social 

control. While empirical testing of the systemic model advanced the theory, important 

analytical issues remain. First, social networks are inconsistently conceptualized and measured. 

Second, the conceptual relationship between social networks and informal social control 

remains unclear. This study addresses these issues by testing an alternative to the systemic 

model, including new constructs and hypotheses. The goal is to develop better indicators for 

the model and refine the theory, rethinking and deepening the existing theory about 

neighborhood effects on crime victimization. The data come from the 2002-2003 Seattle 

Neighborhoods and Crime Survey (N = 2,200). Structural equation modeling (SEM), a 

multivariate statistical technique, was used to analyze these data.  

The SEM included five latent constructs (neighboring, neighborhood and non-

neighborhood social networks, collective efficacy, and crime victimization) and six social 

structural variables (racially homogeneous neighborhood, resident tenure, household income, 

family disruption, male, and non-white ethnicity). One of my 9 hypotheses was supported; the 

remaining hypotheses were partly supported. The results support my argument that the 

systemic model is too simplistic, but the relationships among the variables are not exactly as I 

hypothesized. The results provide insight into the complexities of the systemic model and areas 

for future research.  
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CHAPTER 1 
 

INTRODUCTION 
 

Introduction 
 

Social disorganization theory (Shaw and McKay, 1942) is one of the oldest and most 

prominent theories in the ecological explanation of neighborhood crime and delinquency.1 

Contemporary development of the theory is most influenced by the systemic model of 

neighborhood crime (Bellair and Browning, 2010; Kubrin, Stucky, and Krohn, 2009), with its 

emphasis on social networks, family, and friendship and their capacity for generating informal 

social control through socialization. The systemic model posits that informal social control 

directly reduces crime and social networks indirectly reduce crime through informal social 

control (see Figure 1).  

 
Figure 1 The Systemic Model of Neighborhood Crime 

 

 
 

 
 

                                                           
1 The creation and maintenance of social order is a long-standing area of inquiry for sociologists. Studies have 
generally developed an interest in integrating macro-level processes with more micro-level dynamics (see 
Durkheim, 1883; Tonnies, 1887). In addition, studies on social order share a systemic focus on the concept of 
control as a mechanism to create and preserve social groups and organize their patterns of interactions (see 
Durkheim, 1893; Coleman, 1990). These two avenues of inquiry on social order have influenced studies on the 
social organization of urban settings. The ecological framework provided the foundation for studies seeking to 
explain the conditions by which neighborhoods develop organizing principles and maintain their collective 
dimensions. Neighborhoods are connected to a broader social structure, which influences patterns of residence 
and the integration of these spaces into normative systems.  
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Research Problem 

 While empirical testing of the systemic model has increased our understanding of the 

theory, important analytical issues remain unaddressed. First, social networks are inconsistently 

conceptualized and measured. The variation in conceptualization and measurement for social 

networks may account for inconsistent findings in the literature. For example, studies may be 

measuring the same concept, different dimensions of the same concept, or entirely different 

concepts. Second, the conceptual relationship between social networks and informal social 

control remains unclear (e.g., how social networks differ from and represent an improvement 

over informal social control is still not completely understood). Hence, many studies still 

conduct partial tests of the systemic model without testing the relationship between social 

networks and informal social control. Resolution of these issues is important for the theoretical 

development of the systemic model, because some scholars have questioned the role of social 

networks and the significance of the association between social networks and informal social 

control (Sampson, 2002; Morenoff et al., 2001). Before developing new theories, we need to 

clarify conceptual ambiguity and improve measurement in order to properly test the existing 

theory. 

 

Purpose of the Study 

The purpose of the study is to test an alternative to the systemic model. My alternative 

model addresses the important analytical issues within the systemic model. To address 

conceptual confusion, I make distinctions between concepts and clarify their relationships. The 

concepts in my model include neighboring, social networks, collective efficacy, and crime 
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victimization. Neighboring refers to supportive social acts and neighborhood attachment, and is 

a new addition to the model. Social networks are conceptualized as resident participation in 

neighborhood organizations. Collective efficacy refers to social cohesion among neighbors 

combined with their willingness to intervene. While collective efficacy is the action component 

in my model, neighboring and social networks are the resource and social capital generating 

components. By distinguishing between neighboring and social networks my model, I address 

the inconsistencies with measurement. For each concept in my model, I develop indicators that 

are clearly distinguishable from each other. I am translating my concepts into measures that 

directly tap the hypothesized constructs.  

Additionally, my alternative model examines the relationship between all the concepts, 

testing the theory to see if empirical distinctions exist, based on the data. I hope to provide 

clarity to the inconsistent frameworks and measurement approaches in the literature.  

To address incomplete testing of the systemic model, my alternative model is a 

complete test of the theory, but also I offer a new construct to the model. I will examine the 

relationships between all the constructs and test the hypothesized relationships. Therefore, my 

goal is not only to develop better indicators for concepts in an alternative model, but also to 

test and refine the theory.  

This study tests an alternative to the systemic model in a sample of Seattle, Washington 

residents. Many studies are based in Chicago, Illinois, which is characterized, at least 

historically, by high rates of segregation, disadvantage, and crime. Seattle has not experienced 

the extreme levels of poverty or racial segregation as Chicago. Therefore, the study allows me 

to test the theory (of the systemic model) with new and different data. By testing the theory in 
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a new context, we can improve our understanding of the theory and its relevance in the 21st 

century. The implications of this study are important for improving neighborhood relations and 

crime prevention strategies.  

 

Significance of This Study 

The concept of social networks has long been used to study correlates of social order 

and crime in neighborhoods. Its longevity represents the important theoretical association 

between patterns of affiliation and the development of individual and social self-regulatory 

abilities. Moreover, patterns of exchange are consistently used as a mechanism to bridge the 

macro-level factors of the social structure and micro-level dynamics of social control. Coleman 

argued that sociology should “take into account not only system behavior, but also individual 

actions as proper phenomena for study and see them as closely intertwined (…) individual 

actions generate system behavior as well as system properties that, in turn, affect individual 

actions” (1994, p. 34).  

There is debate about the relationship between social networks and neighborhood 

crime victimization. Some scholars, such as Bursik and Venkatesh, continue to emphasize, in 

different ways, the significance of social networks in the organization of certain neighborhoods. 

Other scholars, such as Sampson (2012), say that social networks and social exchanges are not 

required to explain patterns of crime victimization. These scholars argue that research should 

focus on share expectations and informal social control.  

Quantitative researchers operationalize informal social control as an individual-level 

covariate measuring the residents’ willingness to intervene - or the expectation that neighbors 
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would intervene (referred to as collective efficacy) - in a given set of minor disruptions of public 

order. While this formulation is criticized on several theoretical and methodological grounds 

(Taylor, 2002), it has become the standard in many empirical studies (Sampson, Morenoff, and 

Gannon-Rowley, 2002; Warner, Leukefeld, and Kraman, 2003; Reisig and Cancino, 2004). 

Overall, quantitative and qualitative studies have produced mixed results about the relationship 

between social networks and informal social control, and their relationship to crime 

victimization.  

The mixed results are, in large part, due to the lack of more robust measures of both 

social networks and informal social control, and confusion over these mechanisms (Carr, 2003). 

Thus, one objective of this study is to test and develop theoretically driven measures for social 

networks and test collective efficacy measures. My approach refines existing methods for social 

network measurement; it moves one step further by integrating the useful elements of existing 

theories in the literature. Further, this study clarifies the confusion about the relationship 

between social networks and collective efficacy. By refining and testing the systemic model, this 

study rethinks and deepens existing theories about neighborhood effects on crime 

victimization. 

 

Dissertation Overview 

 The dissertation is divided into six chapters. Chapter 1 provides an introduction of the 

systemic model of neighborhood crime, the purpose of the study, and the significance of the 

study. Chapter 2 provides a literature review, providing a conceptual and empirical overview of 

topics that are central to the analysis, including social disorganization theory and the systemic 
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model. The focus of the literature review is to identify gaps and situates my study within the 

context of the existing literature. Chapter 3 provides a conceptual framework for the study, 

including my research questions and hypotheses. Chapter 4 describes the methodology and 

data analysis used for this project. Chapter 5 includes the results of my analysis, including 

results from my confirmatory factor analysis and structural equation modeling. Chapter 6 

provides a discussion and conclusion, addresses the implications of this research, limitations to 

the study, and possibilities for future research.  
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CHAPTER 2 

REVIEW OF THE LITERATURE 
 

Social Disorganization Theory 

Shaw and McKay formulated (1942) the original social disorganization theory of 

neighborhood crime.2, 3 They systemically applied the zonal model by Park and Burgess (1925) 

to the study of deviant behavior and demonstrated that crime rates can be mapped on top of 

the urban concentric circles.4 They found that three neighborhood level factors - low 

socioeconomic status, ethnic heterogeneity, and resident mobility - led to the disruption of 

community social organization, which in turn, accounted for variations in delinquency and 

crime rates. They concluded that neighborhoods characterized by these three factors were also 

plagued by a host of other social problems, including tuberculosis and low birth weights. Thus, 

neighborhood characteristics and deviance appeared together and were seemingly related. 

They also found that delinquency rates were not evenly distributed across the city. Delinquency 

rates remained fairly stable among Chicago’s neighborhoods despite dramatic changes in the 

ethnic and racial composition within these neighborhoods. This implied that, crime and 
                                                           
2 It is generally understood that W. I. Thomas originated the concept of social disorganization. Thomas and 
Znaniecki (1927: 1128) explained that social disorganization was a “decrease of the influence of existing social rules 
of behavior upon individual members of the group.”  
3 Park and Burgess (1925) developed a model that illustrated the relationship between ecology and social 
disorganization. With backgrounds in human ecology, they viewed cities as analogous to the natural ecological 
communities of plants and animals. Using the imagery from ecological studies of plants, the growth of a city was 
like ecological competition (just as plants and animals compete for space and existence, there is social ecology 
where humans compete for desirable space – referred to as ‘biotic order’). This orientation is best reflected in 
Burgess (1925) concentric zone theory of urban structure. Cities expand in zones from their core and each zone, as 
it expands, is associated with different environmental characteristics. A second set of social dynamics existed, 
referred to as ‘moral order,’ and was interdependent with the ‘biotic order.’ Within the moral order, residential life 
is shaped by cultural and symbolic factors that affect the neighborhoods in which humans are a part of.  
4 Shaw and McKay (1969) created a dataset containing the home addresses, ages, gender, and the offenses of 
adolescents referred the Cook County Juvenile Courts, the Cook County Boys’ Court, and the Cook County Jail from 
1900 through 1965. They plotted nearly 90,000 court referrals by hand on maps of the city. The rates of 
delinquency were computed on the basis of census tracts. Their conclusions were based on visual inspections of 
these maps and rudimentary statistics.  
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delinquency are linked to social conditions, not solely linked to the ethnic composition of the 

residents. 

Their approach examined how macro-level structural processes detrimentally impact 

neighborhood dynamics and the ability of a neighborhood to regulate itself through the use of 

informal social controls.5 Poverty, heterogeneity, and rapid population turnover were thought 

to reflect, at the neighborhood-level, the larger processes of urbanization, industrialization, and 

social change. Delinquency and crime rates were related to the same ecological processes that 

produced socioeconomic structures in urban areas (see Bursik, 1986). Specifically, these three 

neighborhood factors were thought to undermine personal ties, voluntary associations, and 

local institutions, which in turn were hypothesized to weaken the infrastructure necessary for 

socialization and social control. Social control was an instinctive property that grew out of 

strong ties between community members, representing the ability of a community to compel 

members to conform to social norms and prioritized communal interests. Neighborhoods that 

were less prone to develop patterns of self-regulation were labeled as socially disorganized. 

However, limitations existed with Shaw and McKay’s (1942) model. Some of the 

deficiencies related to theory. For example, Shaw and McKay did not clearly differentiate 

among social disorganization, its causes, and its consequences. Other deficiencies related to 

measurement. Researchers struggled with how to best define and capture neighborhood and 

social disorganization. For some neighborhoods, what looked like disorganization may just have 

been social organization of a different kind or type (see Suttles, 1968). For example, Whyte 

(1943) discovered, through extensive fieldwork, an intricate pattern of social ties embedded 

                                                           
5 Thomas and Znaniecki (1927) and Wirth (1938) were also equally important influences, who argued that ethnic 
heterogeneity, along with size and density, weakened social integration within communities.  
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within the social structure of a low-income urban neighborhood. There were organized gangs 

and integration of illegal markets within the routines of everyday life. Furthermore, Shaw and 

McKay did not develop the notion of social relations or paid little attention to patterns of inter-

personal or institutional affiliations. Many of the neighborhoods studied by Shaw and McKay 

were undergoing historic social change that ultimately ended by the 1950s (Bursik and Webb, 

1982). Although initially embraced, this theory created substantial confusion and was ultimately 

rejected. By the end of the 1970s, social disorganization underwent theoretical and empirical 

development.6 For example, theorists defined social disorganization as “the inability of a 

neighborhood to achieve the common goals of its residents and maintain effective social 

controls” (Kornhauser, 1978, p. 63). Research also began to uncover the factors that mediate 

the relationship between neighborhood structural characteristics and crime.  

 

The Systemic Model of Neighborhood Crime 

Recent theory has coalesced around the systemic model with its emphasis on family, 

friendship, and neighbor networks of affiliation and their capacity for generating (prosocial) 

informal [social] control through the process of primary and secondary socialization (see 

Kasarda and Janowitz, 1974; Bursik and Grasmick, 1993).7 The thesis is that large and 

interconnected networks (familial and associational networks) increase the likelihood that 

residents take action for the mutual benefit of the neighborhood. Social networks are the 

                                                           
6 There were at least five efforts to clarify the assumptions of the Shaw and McKay approach (Finestone, 1976; 
Gold, 1987; Kobrin, 1971; Kornhauser, 1978; Short, 1969). 
7 Theorists pay particular attention to how neighbors interact and get along with one another because this, in large 
part, determines the ability of neighbors to patrol their neighborhood. According to the systemic model, 
neighborhoods can be classified along a continuum: organized with high levels of informal control, and therefore 
little crime; disorganized with low levels of informal control, and therefore more crime; and still other 
neighborhoods are somewhere in the middle. 
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mechanism through which residents get to know each other, establish common values, and 

carry out informal social control. Bellair (2000, p. 39) said, “from this [systemic model] 

perspective, neighborhood composition stimulates or hinders the development of social 

networks.” 

The systemic model better specified the macro-micro mechanisms associated with 

enforcement of informal social control. Bursik and Grasmick (1993) integrated concepts of 

social order (Hunter, 1985),8 social control (Kornahuser, 1978),9 and self-regulation (Janowitz, 

1951)10 into the systematic model. For example, the systemic model included the dynamics of 

control advanced by more general social exchange theories, such as Coleman’s (1988, 1990) 

network closure and its multi-level mechanics (Bursik, 1999).11  

Borrowing from Hunter (1985), Bursik and Grasmick (1993) associated different types of 

networks to levels of control: the private level was composed of family members and close 

friends; the parochial level was composed of acquaintances within the neighborhood; and the 

public level linked neighborhoods to outside actors. The control processes at each level were 

qualitatively different. For example, the primary level of control, “is grounded in the intimate 

informal primary groups…social control is usually achieved through the allocation or threatened 

                                                           
8 Hunter discussed three levels of social control: private, parochial, and public. The parochial level of social control 
allows scholars to bridge properties of local exchanges with neighborhood-level dynamics. These exchanges 
included personal networks and institutional affiliations. 
9 Social control was based in norms, exchanges, or coercion. These controls could be internal or external. Her 
perspective emphasized the role of external controls over subcultural explanations of the early social 
disorganization theory. External controls were schemes offering sanctions and rewards for proscribed deviations 
from the normative behaviors. Delinquency was viewed as the product of weak patterns of regulations. 
10 Janowitz (1951) emphasizes the role of friendship and kinship ties in the creation of an infrastructure through 
which regulation could be achieved. Social control was a mechanism of self-regulation related to a specific type of 
social order-based on the notion of social interaction and participation in voluntary associations (Kasarda and 
Janowitz, 1974).  
11 Dense and connected systems of social exchange are more likely to generate closure given their structural ability 
to transform information and mobilize sanctions.  
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withdrawal of sentiment, social support, and mutual esteem” (Bursik and Grasmick, 1993, p. 

16). 

Conceptually, informal social control has three dimensions: informal surveillance, 

movement governing rules, and direct intervention (Bursik and Grasmick, 1993; Greenberg et 

al., 1982; Jacobs, 1961).12 Informal surveillance refers to casual but vigilant observation of 

activity occurring on the street and active safeguarding of property. Movement governing rules 

refer to avoiding areas within a neighborhood that are particularly unsafe. Direct intervention 

includes questioning residents and strangers about unusual activity, admonishing children for 

unacceptable behavior, and informing parents about their children’s misbehavior.  

According to the systemic model, street crime and delinquency should be relatively low 

in well-monitored neighborhoods.13 Previous research has confirmed the systemic model 

provides a viable explanation for both criminal offending and crime victimization (Kurbin, 

Stucky, and Krohn, 2009; Sampson, Raudenbush, and Earls, 1997; Velez, 2001).14 However, the 

systemic model as an explanation should vary depending on how crime is conceptualized and 

operationalized. In other words, context matters. For example, it is logical that a particular type 

of crime victimization may be affected by informal social control, while social networks may 

impact another type of crime victimization. Rhineberger-Dunn and Carlson (2011) found that 

the patterns of intervening effects related to personal crime victimization (mugging, fighting or 

                                                           
12 This is in contrast to formal social control that refers to government and police intervention in neighborhoods. 
13 Bursik and Grasmick (1993) said that the systemic model might not provide a very useful approach for certain 
serious crimes, especially white collar and organizational crime. White-collar crime committed by residents that 
does not have a widespread impact on that neighborhood or community might not be subject to the same 
regulatory process as depicted by the systemic model. 
14 Bursik and Grasmick (1993) argued that the systemic model should be applicable to a wide range of 
criminological outcomes—including juvenile and adult offending and responses to disorder such as fear of crime 
(see Taylor, 1997). 
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sexual assault) differ substantially from three types of property crime victimization (burglary, 

larceny, and vandalism). Therefore, examining the separate effects of these variables on 

different types of crime victimization might develop better, more effective policies and 

strategies for reducing and preventing crime victimization in neighborhoods. 

 

Social Structural Characteristics 

Although contemporary research includes the three structural characteristics studied by 

Shaw and McKay,15 research in the last several decades identified other important 

characteristics that influence social networks and informal social control, including family 

disruption (reflected in the divorce rate or the number of one-parent households with 

children), unemployment, and urbanization. In the contemporary literature, scholars explain 

why these structural characteristics remain important variables (Sampson and Groves, 1989; 

see Burisk, 1988 and Kubrin and Weitzer, 2003 for detailed reviews). For example, Bursik and 

Grasmick (1993) said that structural characteristics determine particular patterns of 

associations, which in turn, translate into different types of social order. Bursik (1984, p. 31) 

noted, “the correspondence of the systemic model with Shaw and McKay’s social 

disorganization model lies in their shared assumption that structural barriers impede 

development of the (…) ties that promote the ability to solve common problems.” To 

summarize, I discuss four social structural characteristics. 

 

                                                           
15 Socioeconomic level, mobility, and racial/ethnic heterogeneity were the variables that account for variations in 
the capacity for neighborhoods to generate effective systems of control, according to Shaw and McKay (also see 
Burisk, 1988; Sampson and Lauritsen, 1994). 
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Socioeconomic Status  

First, socioeconomic status is an ecological correlate of crime and delinquency 

(Kornhauser, 1978; Bursik, 1984; Byrne and Sampson, 1986). Shaw and McKay (1942) 

emphasized that community social organization mediated the effects of socioeconomic status 

on delinquency. By definition, they argued that neighborhoods with low economic status lack 

adequate money and resources. Socioeconomic status is related to the resources a 

neighborhood has in terms of the number of organizations in the neighborhood and the 

number of supervised activities children are able to attend. Therefore, low socioeconomic 

status is hypothesized to be associated with low organizational participation and weaker 

relational ties within the neighborhood; and therefore, less willingness to intervene.  

 

Race/Ethnic Heterogeneity  

Second, Shaw and McKay (1942) argued that racial and ethnic heterogeneity thwarted 

the ability of residents to achieve consensus among slum residents. Ethnic heterogeneity is 

hypothesized to weaken the mediating effects of social organization on crime rates by reducing 

residents’ ability to supervise and control youth peer groups due to cultural differences about 

the quantity and quality of this supervision. Ethnic heterogeneity may impede communication 

and interaction among residents because of cultural differences, language incompatibility, and 

the fact that individuals often prefer members of their own race/ethnicity to members of 

different races/ethnicities (Blau and Schwartz, 1984). 
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Resident Mobility/Tenure 

Third, in Shaw and McKay’s (1942) original model, resident mobility was hypothesized to 

disrupt a neighborhood’s network of social relations (Kornhauser, 1978). Kasarda and Janowitz 

(1974) argued that since assimilation of new residents into the social fabric of neighborhoods is 

a temporal process, resident mobility operates as a barrier to the development of social 

networks (e.g., friendship networks, kinship bonds, and local associational ties). Therefore, 

denser social networks form with resident stability; resident stability is associated with lower 

crime and crime victimization. 

 

Family Disruption  

Fourth, Sampson (1987) argued that marital and family disruption may decrease 

informal social controls at the neighborhood level. The thesis was that family disruption directly 

affects the amount of supervision parents can offer their own and others’ teenage children 

(Cohen and Felson, 1979).  

Overall, there is general support for the association between social networks and the 

structural characteristics of neighborhoods, as postulated by the systemic model. However, as 

described in the next section, these relationships are more complex than described by the 

theory. For example, ethnographic studies show the complex nature of macro-micro linkages 

involving inquires on social networks (see South and Hayne, 2004; Young, 1999). Furthermore, 

empirical tests are limited by the analytical strategies and social network measures employed 

by researchers. 
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Problems with Empirical Testing of the Systemic Model 

Although theoretical insights have increased our understanding of the mechanisms from 

which neighborhoods maintain stability and control, one of the most basic analytical issues that 

challenge researchers is the empirical testing of the systemic theory. Specifically, two issues 

remain: inconsistent social network measurement and incomplete testing of the systemic 

model. 

 

Inconsistent Social Networks Measurement 

Social networks have been poorly and inconsistently measured in the literature. A 

common limitation with early studies was the indirect measure of social networks. These 

studies measured the social ties from which social networks could emerge, such as friendship. 

However, it was unclear why measures of friendship were used for social networks. What kinds 

of social networks emerge from friendship? Do social networks need to be friendship ties in 

order to effect informal social control? 

Current studies use direct measures; however, there are a variety of different measures 

used across studies. Furthermore, researchers typically do not provide theoretical justification 

for their choices in measurement. Examples of measures include social interaction, social ties, 

family and/or friendship, and participation in crime fighting neighborhood associations. Table 1 

summarizes a selection of previous studies, illustrating inconsistent measures of social 

networks. For example, Bellair (1997) measured the frequency by which neighbors get together 

with one another in each other’s homes. Warner and Rountree (1997) measured the 

prevalence of helping and sharing behaviors among neighbors, which is different from the 
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frequency of interaction. Morenoff et al. (2001) measured neighbor ties as the number of 

friends and relatives living in the neighborhood. In Browning, Feinberg, and Dietz’ (2004) 

analyses, neighboring was used and measured as a four-item scale reflecting the frequency that 

neighbors get together with each other and/or do favors and give advice. Finally, Bellair and 

Browning (2010) found that social networks are composed of several distinct dimensions 

including familiarity (e.g., knowing people on the same block by their first name), neighboring 

(e.g., having dinner with a neighbor), and participation (e.g., participating in a block activity).  

 
Table 1 
Social Networks and Informal Social Control Measures Used in Selected Prior Research 
Study (in 
chronological 
order) 

Social Network Measures Informal Social Control Measures 

Maccoby et al., 
1958 

Know neighbors by name, like the 
neighborhood, share similar interests  

Willingness to intervene in 
hypothetical and actual 
disturbances 

Warren, 1969 
 
Interaction on a weekly basis 
 

 
Perceived consensus 

Greenberg et al., 
1982 Informal surveillance 

Movement governing rules and 
willingness to intervene in 
hypothetical and actual 
disturbances 
 

Sampson and 
Groves, 1989 

Organizational participation, friends in 
neighborhood 

Unsupervised peer groups  
 

Bellair, 1997 
 
Frequency of interaction with 
neighbors  

 
None 

 
Warner and 
Rountree, 1997; 
1999 

 
Sharing tools, having dinner, and 
solving problems with neighbors  

 
 
None 

(table continues) 
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Table 1 
Social Networks and Informal Social Control Measures Used in Selected Prior Research (continued) 
Study (in 
chronological 
order) 

Social Network Measures Informal Social Control Measures 

Bellair, 2000 

 
Sharing tools, having dinner, and solving 
problems with neighbors, watching 
neighbors’ property, and neighbors’ 
watching house.  

 
 
 
None 

Morenoff et al., 
2001 

Voluntary associations, organizations, 
kin/friendship ties 

 
Perceived cohesion and trust and 
likelihood to intervene in 
hypothetical 
situations/disturbances (collective 
efficacy) 

Browning et al., 
2004 

 
Advice-giving/favor 
exchange/interaction among neighbors 
 

 
Collective efficacy 

Bellair and 
Browning, 2010 

Familiarity, neighboring (interactions 
only), organizational participation (such 
as police sponsored block activity or 
association), informal surveillance 
(watch neighbor’s property) 

 
 
 
None  

Kaylen and 
Pridemore, 2013 

Local friendship network (mean of the 
number of friends or acquaintances 
within a 10-15 minute walk from home) 
and organizational participation 
(percentage of respondents that 
reported ‘participating in meetings of 
clubs or committees the last time they 
went out in the evening’) 
 

Unsupervised teenage groups 
(measured as the percentage of 
respondents agreeing with the 
statement that ‘teenage groups 
hanging around on the streets in 
your neighborhood is a very big 
problem’) 

 
Although these differences may seem trivial, measurement variations may account for 

the disparate research findings. Variations in questionnaire wording may measure different 
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dimensions of the same concept (e.g., social networks) or even measure different concepts 

(e.g., informal social control or neighboring).  

One reason for the differences in measurement is due to reliance on existing survey 

data. A survey that properly measures all concepts in the systemic model would require 

extensive and expensive data collection efforts. Unfortunately, most surveys, such as 

victimization surveys or general social surveys are not necessarily well suited to measure social 

networks (and/or all of the concepts within the systemic model). These surveys often use 

different wording on their questionnaires, measure social networks using a single item or 

question, and structure the data differently. As a result, empirical tests examining the proper 

indicator for social networks are rare. Research largely fails to pay attention to developing 

indicators of concepts that are clearly distinguishable from each other. Raudenbush and 

Sampson (1999, p. 2) noted, “collective processes such as informal social control have rarely 

been translated into measures that directly tap hypothesized constructs.” Today’s 

measurement problems include social networks. 

 There is also an overreliance on behavioral indicators to measure social networks (see 

Cantillon, Davidson, and Schweitzer, 2003). Many social network measures are one-dimensional 

and only focus on behavior. Although important, these measures do not capture the trust or 

reciprocity, which is part of the social network process. The social process that precedes 

behavioral intervention should include more subtle social interactions among neighbors such as 

support, attachment, and sentiments (see Greenberg and Rohe, 1986; Hunter, 1985) (to be 

discussed in detail infra).  
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Incomplete or Partial Testing of the Systemic Model 

There is a lack of studies that test the full systemic model. Early research left out one or 

more of the theoretical intervening constructs. These early studies relied primarily on census or 

crime data, which did not contain indicators for all of these concepts, if any at all. More recent 

studies include all the intervening constructs, but fail to examine interaction effects as 

predicted by the systemic model (Kubrin and Weitzer, 2003). Social network and informal social 

control are usually tested as separate mediating variables. For example, many studies try to 

replicate a famous social disorganization study by Sampson and Groves (1989) instead of 

testing the full systemic model. Using a sample from Great Britain, they tested the relationship 

between community social organization and crime victimization. They measured three 

constructs as intervening dimensions of social organization: (1) collective supervision - ability of 

a community to supervise and control teenage peer groups, such as gangs (a four point scale 

measure of how common it was for groups of teenagers to hang out in the neighborhood and 

make nuisances of themselves), (2) informal social networks - local friendship networks 

(measured as the number of friends within a 15-minute walk from home), and (3) formal social 

networks - local organizational participation in formal and voluntary groups (measured as the 

number of respondents that attended neighborhood committees and clubs within the previous 

week). They measured three types of crime victimization: personal, property, and total 

victimization. They included five neighborhood social characteristics as exogenous sources of 

social disorganization. In addition to socioeconomic status, ethnic heterogeneity, and resident 

stability, they also added urbanization and family disruption. Their analytical strategy tested 

each of the intervening dimensions of social disorganization on crime victimization separately, 
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ignoring possible interactions. They regressed each of the three intervening variables on five 

neighborhood social characteristics and then regressed each crime victimization measure on all 

eight variables. Among other findings, they stated that all the intervening variables exhibited 

theoretically expected effects on crime; however, two neighborhood social characteristics 

(family disruption and urbanization) had direct effects on crime victimization. See Figure 2 for 

Sampson and Groves’ (1989) path model. 

 
Figure 2 Sampson and Groves’ (1989) Casual Model 

 
 

Empirical results from the incomplete testing of the systemic model are discussed as the 

follows: 

Social Networks and Crime Victimization 

Incomplete or partial testing of the systemic model provides inconsistent support for 

the relationship between social networks and crime victimization. Some studies find a direct 

relationship between social network indicators and lower crime victimization (see Bellair, 1997; 

Sampson and Groves, 1989; Kaylen and Pridemore, 2013; Simcha-Fagan and Schwartz, 1986; 

Velez, 2001; Veysey and Messner, 1999). The social network indicators associated with lower 
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crime victimization include size of local family and friendship networks (Kaylen and Pridemore, 

2013; Simcha-Fagan and Schwartz, 1986; Sampson and Groves, 1989) organizational 

participation (Simcha-Fagan and Schwartz, 1986; Sampson and Groves, 1989), and frequency of 

interactions among neighbors (Bellair, 1997). For example, Sampson and Groves (1989), using 

the 1982 British Crime Survey, found that local friendship networks directly reduced 

mugging/street crime victimization, total personal victimization, and burglary victimization.16 In 

addition, social networks mediated the relationship between resident stability and 

mugging/street crime victimization and total victimization (39% and 38%respectively). Social 

networks also mediated the relationship between resident stability and burglary victimization 

(50%). They also found that organizational participation reduced stranger violence 

victimization, total victimization, burglary victimization, and motor-vehicle theft victimization.17 

Organizational participation also mediated about 12%of the total effect of socioeconomic 

status on stranger violence victimization, total victimization, burglary victimization, and motor-

vehicle theft victimization. 

Bellair (1997) used 1977 victimization survey data from cities in New York (Rochester), 

Florida (St. Petersburg/Tampa), and Missouri (St. Louis) to explore the role of social networks. 

He took a different approach to determine whether social networks matter;18 he constructed 

10 alternative measures of social interaction (ranging from simple and cumulative percentage 

                                                           
16 Local friendship networks were measured as the number of friends within a 15-minute walk from home. 
17 Organizational participation was measured as the number of respondents that attended neighborhood 
committees and clubs within the previous week. This measure does not indicate which organizations respondents 
were involved with and does not indicate whether the organizations were located inside or outside the 
respondents’ neighborhood.  
18 The social network measures were constructed from a survey question that asked how often respondents or 
members of their household got together with neighbors; response options were daily, several times a week, 
several times a month, once a month, once a year, and very infrequently. 
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measures to the mean level of social interaction within a neighborhood) and separately 

examined their direct and indirect effects on burglary victimization, vehicle theft victimization, 

and robbery victimization. He found that a cumulative percentage measure (combining 

frequent and infrequent interaction) had the most consistent and strongest effect on burglary 

victimization, vehicle theft victimization, and robbery victimization. Both frequent and 

infrequent social interactions were important (hence, not the size of the neighbor network). 

Social interaction mediated a portion of the effects of socioeconomic status, heterogeneity, and 

resident stability on at least one of three types of crimes. Bellair (1997, p. 697) stated 

“neighbors may be willing to engage in supervision and guardianship regardless of whether 

they consider themselves to be close friends.” 

However, other studies found that some neighborhoods with dense social networks and 

relatively strong attachments increase crime and victimization (Burisk and Grasmick, 1993; 

Patillo, 1998; Horowitz, 1983; Browning, Feinberg, and Dietz, 2004). For example, a reanalysis 

of the data used by Sampson, Raudenbush, and Earls (1997) by Browning, Feinberg, and Dietz 

(2004) found that neighboring is positively associated with violent victimization and reduces the 

regulatory impact of collective efficacy (which is a measure of informal social control). The 

social network measures that tend to be positively associated with crime victimization include 

items reflecting the prevalence of helping and sharing, whereas the frequency of interaction 

with neighbors yields a negative association (Bellair, 1997; Warren, 1969). The relationship 

between social networks and informal social control may be dependent on the type of crime 

victimization too.  
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Interestingly, a few studies found that social network items measuring friendship or 

kinship are unrelated to crime victimization (Morenoff et al., 2001; Elliott et al., 1996). For 

example, Elliott et al. (1996) studied neighborhood disadvantage (such as poverty, resident 

mobility, unemployment, and single-parent households) and adolescent problem behavior (a 

15-item scale with measures of delinquency, drug use, and number of arrests) in Chicago and 

Denver. They found that informal networks (measured as the number of family members in the 

neighborhood and proportion of friends in the neighborhood) did not mediate the relationship 

between neighborhood disadvantage and problem behavior in either city. Informal networks 

were not a direct predictor of problem behavior in Chicago, but was a negative predictor in 

Denver. Age and gender were significant covariates of problem behavior at both sites, where 

family structure (measured as the proportion of single-parent families) status was significant in 

Denver only. 

Depending on the context, some social networks may undermine the neighborhoods 

efforts to fight crime victimization, especially if the data does not distinguish between law-

abiding residents and gang members or drug dealers (Pattillo, 1998). Browning, Feinberg, and 

Dietz (2004) proposed a coexistence model that says the density of ties and frequency of 

exchange characterizing neighborhoods can results in more extensive integration of residents 

who participate in crime into the existing community-based social networks (also see Portes, 

1998; Pattillo-McCoy, 1999). The resulting accumulation of social capital for offenders may limit 

the effectiveness of social control efforts directed toward them.  

Hence, social networks can help or hinder informal social control, depending on the 

actors and their interests. Some studies show that social networks do not consistently mediate 
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a substantial portion of the impact on structural characteristics like poverty on crime 

victimization (Warner and Rountree, 1997). Warner and Rountree (1997), using census data 

and Seattle police reports, found that social ties had a modest direct negative effect on assault 

victimization (as social ties increase, assaults decrease). Interestingly, social ties impact on 

assault rates were in predominately white neighborhoods only, while they had no effect in 

minority or racially mixed neighborhoods. Contrary to the assault model, social ties had a direct 

positive effect on burglary victimization, albeit modest (as social ties increase, burglary also 

increases). Warner and Rountree believe that this positive effect was due to casual ordering. 

Neighborhoods with high crime rates are often subject to increased community intervention, 

which also increases rates of victimization, such as burglary. Social ties only mediated the 

relationship between resident stability and assault, but only in neighborhoods with average 

poverty levels. Socioeconomic status (poverty) and ethnic heterogeneity were not mediated by 

social networks (consistent with Sampson and Groves, 1989). Social ties were measured using 

three dichotomous questions: had respondent borrowed tools or food from neighbors, had 

respondent lunch or dinner with neighbors, and had respondent helped neighbors with 

problems. 

 

Informal Social Control and Crime Victimization 

Compared with social networks, there is more consistent support for the relationship 

between informal social control and crime victimization. Sampson and Groves (1989) found 

that that informal social control (unsupervised teenage groups) had direct independent effects 

on mugging/street crime victimization, stranger violence victimization, and total victimization. 
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Informal social control (unsupervised teenage groups) also mediated the effects of 

socioeconomic status on all three types of victimization. Elliott et al. (1996) also found that 

informal social control had a direct negative effect on adolescent problem behavior and 

mediated the effects of neighborhood disadvantage on adolescent problem behavior. Informal 

control was composed of four subscales-mutual respect, institutional controls, social control, 

and neighborhood bonding. It represented a combination of general concepts for authority, 

whether police care about the neighborhood, whether residents would respond if they 

neighbors in trouble, and residents’ satisfaction with the neighborhood. Informal social control 

was the common mediating variable among these three concepts (social integration, informal 

networks, and informal social control). Bellair (2000) also found that informal social control 

(conceptualized as informal surveillance) significantly reduced robbery/stranger assault 

victimization. However, these studies do not examine whether informal social control mediates 

the relationship between social networks and crime victimization, as predicted by the systemic 

model. 

However, some findings contradict the hypothesized relationship between informal 

social control and crime. For example, Greenberg et al. (1982) found few significant differences 

between low-and high-crime neighborhoods with respect to all three dimensions of informal 

social control (i.e., informal surveillance, movement governing rules, and direct intervention). 

Wells, Schafer, Varano, and Bynum (2006) found that residents of neighborhoods characterized 

by lower levels of informal social control (conceptualized as collective efficacy) are no more 

likely to intervene in the face of problems than residents in other neighborhoods. Their 

measurement items reflected two related dimensions, social cohesion/trust and shared 
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expectations for social control (some of these items also measure informal surveillance). They 

suggested that informal and subtle behaviors might be more effective to communicate 

neighborhood norms and the disapproval of violating these norms.  

Sampson Raudenbush, and Earls (1997) reconceptualized the intervention dimension of 

informal social control (referred to as collective efficacy). In this process, they removed social 

networks from the analysis. Their central premise was that social ties/networks are not needed 

for informal social control. They argued that a purposive of action was missing from previous 

theories (i.e., how are social ties activated and resources mobilized to enhance social control?). 

For purposive action to occur, residents must be willing to take action, which depends in large 

part on conditions of mutual trust and solidarity among residents. Therefore, they measured 

defined collective efficacy as neighborhood cohesiveness and the capacity for informal social 

control. Social cohesion includes trust and the extent to which a neighborhood is “close-knit.” 

Examples include whether residents in the neighborhood can be trusted, whether residents are 

willing to help their neighbors, and whether residents generally get along. The capacity for 

informal social control focuses on everyday strategies. Examples include monitoring 

spontaneous playgroups among children, sharing information with neighbors about each other 

children’s behaviors, and willingness to intervene in preventing acts such as truancy.  

Using data from the community survey of the Project on Human Development in 

Chicago Neighborhoods collected in 1994-1995 and the 1990 Census, Sampson Raudenbush, 

and Earls (1997) found that collective efficacy mediated the impact of negative structural 

conditions on violence, such that the greater the degree of collective efficacy, the lower the 
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rates of violence in the neighborhood.19  They also found that collective efficacy was lower in 

neighborhoods with high crime victimization and higher in those with lower crime victimization. 

They concluded collective efficacy mediates the impact of structural conditions on 

neighborhood crime victimization. Other studies support the relationship between collective 

efficacy and crime (e.g., Morenoff, Sampson, and Raudenbush, 2001).  

 While some scholars are rethinking the role of social ties (e.g., potentially removing 

social networks), there is reason for caution. First, although collective efficacy includes a 

measure for residents’ feelings, it excludes a measure of behaviors or actions that contribute to 

neighborhood safety, such as past intervention, the frequency of interventions, or types of 

interventions (Perkins and Long, 2002; Browning et al., 2004). Triplett, Sun, and Gainey (2005) 

suggested that one’s ability to enact social control is different from one’s willingness to enact 

social control. Social networks represent the ability to enact informal social control. In addition, 

the theory of collective efficacy is similar to Coleman’s (1988) theory of social capital except 

that it omits information networks, which could play a major role in the control of crime (and 

other problem behaviors) in the diffusion of relevant information to important actors.20 Lastly, 

                                                           
19 The researchers measured violence in three ways: perceived neighborhood violence within the preceding six 
months, personal victimization, and use both aforementioned measures against independently recorded incidents 
of homicide aggregated to the neighborhood cluster level (using the census).  
20 Coleman (1988) merged economic rationale choice theory with a sociological normative theory to develop a 
theory of social capital. Although there are many definitions of the term, social capital is typically conceptualized 
as resources embodied in the social ties among persons-networks, norms, and trust (Putman, 2000; Coleman, 
1988). Social capital emphasizes local civic engagement and interpersonal trust; it includes the transmission of 
information and resources through local interactions, such as those among neighborhood residents, through 
socializing with neighbors and supervising local children, participating in local voluntary organizations, and 
possessing feelings of attachment to and pride in one’s local area (Putnam, 2000). Bursik (1999) postulated that 
the connection of social disorganization theory to social capital theory is that neighborhoods lacking social capital 
are less able to realize common values and maintain the social controls that foster safety and efforts to promote 
social goods. Dense social ties may play a key role in both social capital and disorganization theory. Social capital 
provided a new explanation for why the relationships between neighbors matter: local social structural conditions 
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very few published studies include both social networks and collective efficacy (see Browning, 

Feinberg, and Dietz, 2004). Kurbin, Stucky, and Krohn (2009, p. 99) stated “it is not always clear 

how social networks differ from informal social control or how collective efficacy is distinct 

from, and truly represents an improvement over, social networks and informal social control.” 

 

Complete Testing of the Systemic Model  

Although relatively few studies test the full systemic model, these findings suggest that 

the relationships among the concepts in the systemic model are more complex than originally 

theorized. Consistent with the systemic model, research supports the hypothesis that informal 

social control directly reduces crime victimization, even though different measures are used 

across studies. For example, Bellair and Browning (2010) found that informal surveillance 

exerted an inverse effect on both property and violent victimization. As informal surveillance 

increases, crime victimization decreases. Informal surveillance was measured using the two 

following questions: have you watched your neighbors’ property when they are out of town 

and do you currently have neighbors watch your home when you are out of town. Collective 

efficacy also directly decreases homicide rates (Morenoff, Sampson, and Raudenbush, 2001; 

Browning, Feinberg, and Dietz, 2004) and crime victimization (Browning, Feinberg, and Dietz, 

2004). Problematic teen groups were directly associated with reduced property victimization 

and total victimization (property and violent victimization) in rural Britain (Kaylen and 

Pridemore, 2013). Problematic teen groups were measured as the percentage of respondents 

agreeing with the statement that ‘teenage groups hanging around on the streets in your 

                                                                                                                                                                                           
facilitate certain kinds of relationships among peers, and the very nature of these relations has the potential to 
provide the local community with resources to deter crime. 



29 
 

neighborhood is a very big problem.’ Finally, Vessey and Messner (1999) found that 

unsupervised peer groups were a predictor of total victimization. Unsupervised peer groups 

were the average response, on a four-point scale, to the question of how common it is for 

teenage groups to be ‘hanging out on the corner and making a nuisance of themselves’ (same 

measure used by Sampson and Groves, 1989). 

The relationship between informal social control and social networks is more 

complicated and inconsistent. Some studies show that social network measures have an 

indirect effect on crime victimization through informal social control and/or facilitate informal 

social control, as predicted by theory. For example, Morenoff, Sampson, and Raudenbush 

(2001) found that social networks promoted the capacity for residents to achieve collective 

efficacy. Veysey and Messner (1999) found that organizational participation had an indirect 

relationship with total crime victimization through peer groups. 21  

However, in addition to indirect effects on crime victimization, studies show that social 

network measures are also direct predictors of crime victimization. Veysey and Messner (1999) 

found that local friendship networks and organizational participation had direct effects on total 

victimization, albeit modest effects (as friendship networks and organizational participation 

increase, total crime victimization decreases). The path from local friendship networks to peer 

groups was not significant.  

Some studies show that these direct effects positively predict crime victimization. Bellair 

and Browning (2010) found that social networks exhibited an indirect, negative effect through 

                                                           
21 Veysey and Messner (1999) used the same 1982 British dataset as Sampson and Groves (1989). However, they 
analyzed the data using covariance structure modeling instead of weighted least square regression. Although not 
testing the systemic model specifically, they, among other analyses, tested the relationship between the 
intervening variables (local friendship networks, organizational participation, and unsupervised peer groups).  
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informal social control. Social networks were measured using three dimensions: familiarity,22 

neighboring,23 and organizational participation.24 However, two social network dimensions also 

had positive direct effects on crime victimization. Organizational participation exerted a 

positive effect on property victimization and, consistent with some prior research, neighboring 

was associated with violent victimization.  

Inconsistent with the systemic model, empirical tests show a direct relationship 

between structural characteristics and crime victimization. For example, Veysey and Messner 

(1999) found that two structural characteristics, urbanization and family disruption, had direct 

effects of total crime victimization. A study by Morenoff, Sampson, and Raudenbush (2001) 

found that concentrated disadvantage influenced homicides in Chicago. 

 

Outstanding Issues with the Systemic Model 

Empirical tests of the systemic model have uncovered important analytical issues. We 

need more precise definitions, clearer distinctions, and better operationalizations of concepts. 

First, research often uses poor indicators. Single indicators are often used to measure social 

networks and, to a lesser extent, informal social control (Sampson and Groves, 1989; Veysey 

and Messner, 1999). Indirect measures for local friendship networks are sometimes used, 

                                                           
22 Familiarity was measured using three items: (1) Can you easily tell if a person is a stranger or resident in your city 
block? (2) Do you have any good friends or relatives who are neighbors on your block? (3) Would you say that you 
know none, some, most, or all the people on your block on a first name basis? 
23 Neighboring was measured using three items: (1) Have you borrowed tools or small food items (e.g., milk, sugar) 
from your neighbors (2) have you had dinner or lunch with a neighbor (3) Have you helped a neighbor with a 
problem? 
24 Organizational participation was measured using three items: (1) Have you participated in an organized block 
activity or neighborhood association? (2) Have you participated in a block activity sponsored by the Seattle police 
Department (3) Do you currently belong to a community crime prevention program? 
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measuring the ties from which organization could emerge without addressing why organization 

would emerge from these specific ties (Sampson and Groves, 1989).  

Second, research sometimes uses imprecise measures. If organizational participation is 

a dimension of social networks, indicators for the organizational participation should focus less 

on participation in community crime-control groups and more on items reflecting attendance at 

local meeting and clubs that are independent of crime-control groups; those items show a 

negative effect in prior research (Bellair and Browning, 2010; Sampson and Groves, 1989). 

Some organizational participation indicators do not measure the number or type of 

organizations in which the respondents were involved, the time spent involved in these 

organizations, or even whether the organization was a part of the local community (Sampson 

and Groves, 1989; Kaylen and Pridemore, 2013; Veysey and Messner, 1999). Similar to 

organizational participation, some measures for crime victimization did not indicate whether 

crime actually occurred in the respondents’ neighborhood or elsewhere (Sampson and Groves, 

1989; Veysey and Messner, 1999).  

Third, inconsistent measures are often used across studies and it is unclear whether the 

different measures represent empirically distinct concepts. From the standpoint of developing 

scientific knowledge, the relationship between social networks and crime victimization is the 

most significant and least understood. 

Fourth, it is unclear which dimensions and measures for informal social control are most 

important. For example, how is collective efficacy distinct from the traditional dimensions of 

informal social control (e.g., informal surveillance or direct intervention)? Does collective 

efficacy effect crime victimization differently than informal surveillance? In some studies, 
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unsupervised or problematic teen group was used as a proxy for informal social control. Vesey 

and Messner (1999) stated that this proxy does not provide full support for social 

disorganization theory or the systemic model, as unsupervised or problematic teen group 

affiliations has been a cornerstone for social-learning theory (Akers et al., 1979) and the 

relationship between deviant peers and deviance is well established in the literature (Gibbons 

and Krohn, 1991, p.147).  

In addition, there is a lack of studies that test the relationship between social networks 

and informal social control on crime victimization. Theoretically, social networks have different 

dimensions and can vary in their capacity for informal social control. Previous studies indicate a 

need to further investigate how the forms or dimensions of social networks differently affect 

neighborhood crime neighborhood crime victimization.  
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CHAPTER 3 
 

CONCEPTUAL MODEL 
 

Introduction 

The re-emergence of social disorganization theory and its reformulated systemic model 

remains in an embryonic state. While conceptual and methodological improvements advanced 

theory and empirical support, the field is still struggling for a complete and adequate measure 

of social networks. I argue that neighboring improves the current measures of social 

organization, although it has not been empirically evaluated within the systemic (or social 

disorganization) framework. Thus, the main research goal is not only to develop better 

indicators for social networks, but also to test an alternative systemic model that includes 

neighboring, social networks, and informal social control (i.e., collective efficacy).  

 

Defining Neighboring 

Although some scholars narrowly define neighboring as social interaction between 

neighbors (e.g., borrowing tools), neighboring is a complex construct for which behavior 

represents only one of the indicators (Skjaeveland, Gaerling, and Maeland, 1996; Unger and 

Wandersman, 1985). Unger and Wandersman (1985, p. 141) broadly defined neighboring as 

“social interaction (supportive social acts), symbolic interaction, and the attachment of 

individuals with people living around them and the place in which they live.” As the definition 

indicates, neighboring is an emotion-laden construct that includes emotional support, feelings 

of being counted on, feelings of membership and belongingness, shared ties, and bonds with 

the environment. The emotional and behavioral quality of this concept captures complex and 
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subtle social processes, which lead to social cohesion and supportive neighborhoods (i.e., the 

processes that precede intervention). 

Unger and Wandersman (1985) conceptualized three distinct aspects of neighboring: 

social, cognitive, and affective. The social interaction component is not solely a behavior 

indicator, but reflects various types of social support, such as emotional and/or instrumental 

support. Cognition refers to environmental symbolism (non-verbal interaction). Affective bonds 

refer to the feelings connected to a sense of mutual aid, a sense of community, and an 

attachment to place. Thus, neighboring plays an important role in people’s lives and shapes 

residents’ perceptions, influence social interaction or social isolation, and affects problem 

solving and neighborhood viability, regardless of the frequency or intensity of interaction. 

Unger and Wandersman (1985, p. 162) stated, “neighboring is the human glue that binds the 

macro physical and social aspects (…) with neighborhood organization and development.”  

 

Measuring Neighboring 

There have been various indicators for measuring neighboring (and related concepts 

such as sense of community) along a continuum from one dimensional to multidimensional 

frameworks (Smith, 1975; Unger and Wandersman, 1982, 1985; Skjaeveland, Gaerling, and 

Maeland, 1996; Buckner, 1988). Smith (1975) argued that multidimensional approaches are 

more likely to discern the distinctiveness of neighborhoods, to treat the neighboring concepts 

in a theoretically satisfying way, and improve assessment of potential interrelationships 

between processes of neighboring. Skjaeveland, Gaerling, and Maeland (1996) stated that 
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multidimensional measures allow researchers to examine potential interrelationships between 

processes, thereby increasing our knowledge about the dynamics of neighborhood social life. 

While evidence seems to favor a multidimensional construct, the exact factor structure of 

neighboring has not been confirmed. For example, Unger and Wandersman’s (1982, 1985) 

proposed three theoretical dimensions for neighboring have not been directly tested. 

Skjaeveland and Garling (1997) argued that although Unger and Wandersman’s cognitive 

dimension is an extensively researched topic (see Garling and Evans, 1991), its relevance to 

neighboring is not developed.  

Other empirical tests have not fully supported the theoretical model as postulated by 

Unger and Wandersman. Alternative empirical models exist. Buckner (1988) created a 

neighborhood cohesion instrument, which originally was thought to include three separate 

dimensions (attraction to neighborhood, neighboring, and psychological sense of community); 

however analysis indicated that these three dimensions were really a one-dimensional 

construct. His amalgamated concepts mean that researchers “using different indicants have 

probably been measuring close to the same construct” (p. 786). Skjaeveland, Garling and 

Maeland (1996) created the Multidimensional Measure of Neighboring scale (it was created in 

Norway and has not been validated in the United States). This scale contained four dimensions:  

First, supportive acts refer to a combination of manifest social acts and latent aspects, 

specifically a sense of mutual aid and a sense of community. Overt acts that are regularly 

performed, such as number of neighbors visited, or performed under certain conditions, such 

as neighbor is someone to talk with during personal crisis, make up this dimension. These 

measures were indistinguishable from a sense of mutual aid and a sense of community. The 
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authors hypothesized that manifest acts of neighboring were embedded with a sense of 

community, mutual aid, and support, which is why they amalgamated into a single dimension. 

As previously discussed, Buckner (1988) faced a similar problem with his hypothesized 

autonomous dimensions (attraction to neighborhood, neighboring, and psychological sense of 

community): these autonomous dimensions were empirically indistinguishable.  

Second, Skjaeveland, Garling and Maeland argue that annoyance is important because it 

includes because conflict, which may be critical in determining neighboring relations. One 

example of annoyance is the ‘environment spoiling’ hypothesis as described by Ebbesen et al. 

(1976). This suggests that neighbors whom dislike each other can spoil the overall environment. 

Ebbessen explained that the most likely reasons for liking someone was their personal 

characteristics, whereas disliking someone could simply take the form of actions directed 

toward the environment, such as loud music or unkept property. That is, disliked people simply 

have to spoil the living environment and do not necessarily need to have face-to-face contact to 

achieve this status/outcome. 

Third, neighborhood attachment or rootedness refers to positive bonds that neighbors 

develop with the socio-physical environment. Affective bonds with the physical environment 

are interrelated with the social interaction and cognition aspects of neighboring (Altman and 

Low, 1992). When people feel attached to their neighborhood, they are more apt to interact 

with neighbors. At the same time, positive interactions foster emotional connections among 

neighbors.  

Fourth, weak social ties may also be labeled as bridging ties, referring to the strength of 

weak ties theory (Granovetter, 1973; Greenbaum, 1982). Granovetter’s theory informs us that 
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weak social ties tend to promote social integration because they often occur between people 

with different interests, serving the function of bridging the diverse groups comprising a 

neighborhood. Hening and Lieberg (1996) were interested in the role of weak ties between 

neighbors and found that the number of weak ties were three times greater than strong ties if 

compared to the mean value for the total number of contacts. The significance of weak ties 

were important to inhabitants who stated those contacts meant a ‘feeling of home,’ ‘practical 

as well as social support,’ and ‘security.’ Thus, neighboring can provide people with the means 

for bridging weak network ties that have potential for social capital (Carpiano, 2005; 

Granovetter, 1983). 

 Overall, the dimensions of this important construct remain elusive. Rather than 

deterring research, previous research illustrates the need for more testing of the theory and 

also indicates the diversity of community experience. Neighborhoods are indeed distinctive and 

one measure may not capture all the dynamics across various neighborhoods. Given the elusive 

state over the exact elements of neighboring, the conceptualization used for this study 

attempts to assess its most basic and vital components: supportive social acts and attachment.  

 

My Conceptual Framework 

I present an alternative approach that evaluates the neighboring concept within the 

systemic model. My approach replaces the notion that residents need friends or relatives to 

establish supportive ties. The systematic model is grounded in the idea that friendship and 

kinship networks, along with formal and informal associational ties, are critical mechanisms for 

generating informal social control. The measures used in research often assume friendship. For 
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example, Kasarda and Janowitz (1974) measure neighboring by the number of friends in the 

neighborhood. Silverman stated (1986, p. 314) that the friendship assumption “grows out of, 

and contributes to, a theoretical tradition that is interested in whether the city severs primary 

bonds.” This tradition is not valuable within the systemic model, because in today’s 

communities, friendship and kinship are not necessary for neighbors to develop social 

resources and trust. Even neighbors that are relatively strangers can still develop 

connectedness and interdependence based on a shared space. When neighbors feel that they 

share something simply because they live near each other, they can extend their sense of home 

into the neighborhood (Cantillon, Davidson, and Schweitzer, 2003). Consequently, they gain the 

benefits of living among those with whom they are communally involved. In addition, they can 

possess the psychological security of thinking people that they can trust surround them and 

receive benefits of being able to draw upon neighbor ties in times of trouble. Further, they are 

able to mobilize when local issues demand group action.  

Theoretically, my approach also replaces the idea that residents need strong social ties 

for information and resources. Instead of focusing on the strength or even frequency of social 

ties among residents, my model focuses on the function of social ties (e.g., supportive social 

ties and emotional attachment). Some empirical support exists. Desmond (2012) studied the 

structure of poor residents’ social networks in Milwaukee and found although residents 

benefited from kin support, they formed disposable ties with strangers that had high levels of 

emotional intensity and reciprocity of goods and services. These disposable ties were 

characterized by accelerated intimacy, reciprocal or semi-reciprocal exchange, and were usually 

short in duration. Desmond (2012) explained that once established, all types of support flowed 
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through these disposable ties. These disposable ties were, in fact, treated like strong social ties. 

Although conventional scholars use a strong (e.g., intimate ties between friends or relatives) 

versus weak (e.g., ties between strangers or distant relatives) continuum, showing that 

reciprocal support is in proportion to the strength of the social tie (Granovetter, 1973), this is 

not appropriate for modern contexts. Within the context studied by Desmond, conventionally 

“strong” social ties were weak and conventionally “weak” social ties were strong. Although 

Desmond studied poor residents, he stated that it would be misguided to only assume poor 

people use disposable ties. Middle- and upper- class people might rely on disposable ties too – 

for social advancement, services, or a number of other things (Desmond, 2012). The difference 

is the degree to which different social classes use disposable ties. I argue that we should think 

about social ties in terms of functionality. To be clear, I am not suggesting we dismiss the 

conventional binary, but the analytical focus should be on the function of social ties.  

 Therefore, the first hypothesized neighboring dimension is called supportive social acts, 

which is an amalgamation of sense of mutual aid, sense of community, and social acts. The 

social support concept is defined as resources provided by individuals to other persons within 

the same neighborhood. For example, sense of mutual aid is a belief that help is available if 

needed and is an essential aspect of feeling part of a community (Mann, 1954; Unger and 

Wandesman, 1985). A sense of community is the feeling of belonging and shared emotional ties 

among neighborhood residents (McMillan and Chavis, 1986).  

The second hypothesized neighboring dimension is neighborhood attachment (Unger 

and Wandersman, 1985; Skjaeveland, Gaerling, and Maeland, 1996; Brown and Werner, 1985). 

Attachment may be defined as positive bonds or affection between individuals and the 
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neighborhood (Brown and Perkins, 1992). When residents feel attached to their neighborhood, 

they are more likely to interact and support each other. And at the same time, these contacts 

enhance the shared emotional connection and sense of attachment.  

Social networks are conceptualized as resident participation in formal and voluntary 

organizations such as attendance at local meetings and clubs (independent of crime control 

groups/organizations). These organizations serve as linkages between individuals and the large 

institutions of society and the neighborhood (Unger and Wandersman, 1985), where neighbors 

gain information and help. The difference between supportive acts and social networks are the 

“content of social interaction as well as the types of pathways or linkages which neighbors 

develop,” according to Unger and Wandersman (1985, p. 149). Neighborhood organizations 

allow neighbors to solve problems that would be very difficult to do alone. Although social 

networks connections may be supportive, they are situational. For example, a neighborhood 

organization might gather and interpret information about a hazardous waste problem, which 

is not easily or readily understood. Therefore, these organizations provide a variety of sources 

of information and aid. 

According to social disorganization theory, neighborhood organizations “reflect the 

structural embodiment of local community solidarity (Hunter, 1974, p. 191). Kornhauser (1978, 

p. 79) argued that when links between community institutions are weak, the capacity to defend 

its local interests is weakened and its capacity for informal social control is attenuated (Simcha-

Fagan and Schwartz, 1986; Shaw and McKay, 1969). 

Informal social control is the action component in my model, whereas neighboring and 

social networks are the resource and social capital generating components. Although we do not 
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know whether collective efficacy or the traditional informal social control measures best 

represent the theory, my study includes collective efficacy. Collective efficacy is a more robust 

measure because it’s multidimensional, whereas the informal social control construct is often 

measured only using one dimension (i.e., informal surveillance). 

 My interest is in the relationship between social networks, neighboring, and collective 

efficacy. In the collective efficacy model, social networks are not important; however, social 

networks were conceptualized as social ties based on friendship. Without neighboring and 

social networks, as described in my approach, it is unclear how neighbors develop trust and 

cohesion to intervene. What are the social processes to get to collective efficacy? Within the 

collective efficacy model, the social processes before intervention are missing or are not 

addressed (and unimportant too). My expectation is that neighboring and social networks 

foster the conditions under which collective efficacy flourishes. Distinguishing between the 

resource generating capital of neighboring and social networks from the action component (i.e., 

expectations for engagement in social control) helps clarify the conceptual relationships in my 

model.  

Improved measures for social networks and neighboring, such as those presented in my 

refined model, might show change with collective efficacy and even suggest specific areas that 

need to be targeted to ultimately increase collective efficacy within neighborhoods. In other 

words, if collective efficacy has no effect on crime victimization, we could look at social 

networks and neighboring to see why (e.g., what is missing or lacking in order to foster 

collective efficacy). Neighborhoods could be assessed on their dimensions with neighboring and 

social networks and specific dimensions could be targeted and then measured with collective 
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efficacy to see if it then effects crime victimization. Without social networks or neighboring 

measures, this is not possible (and we would not know where individual social change was 

needed in a neighborhood).  

However, it is important to note that neighboring and social networks should also 

directly impact crime victimization. These constructs not only are necessary for the 

development of cohesion and trust, but they themselves contain behavioral and emotional 

measures. These two concepts measure the more subtle interactions among residents, which 

can reduce crime victimization. It is in such communities where neighboring and social network 

behaviors may represent neighborhood empowerment and can also directly reduce crime 

victimization (in addition through collective efficacy). My model pays particular attention to 

developing indicators for each concept that are clearly distinguishable from each other.  

 
The Current Study 

The hypothesized relationships within the systemic model are more complex than what 

was originally theorized. Conceptual ambiguity still remains for the mediating concepts (Kubrin 

and Weitzer, 2003) and researchers have yet to develop indicators of concepts that are clearly 

distinguishable from each other. Conceptual ambiguity means some studies use survey 

questions, which may reflect any or all of these concepts. For example, Raudenbush and 

Sampson (1999) noted that, “collective processes such as neighborhood social control and 

cohesion have rarely been translated into measures that directly tap hypothesized constructs” 

(p. 2). 

This study formally addresses these concerns in a comprehensive manner. I propose a 

model that clarifies existing frameworks and approaches and seeks to bring the past work 



43 
 

together in a cohesive manner rather than simply adding dimensions or measures. In this 

model, I include social networks and neighboring, but also collective efficacy and crime 

victimization. My model is better than previous models because I will pay particular attention 

to developing indicators of concepts that are clearly distinguishable from each other. The main 

argument of my current study is that neighboring is a more valid, comprehensive, and 

applicable construct than the social networks measures used in prior systemic studies. While I 

argue that neighboring improves the current measures of social organization, it has not been 

empirically evaluated within the framework. 

The main research goal of this study is to test an alternative systemic model. 

Specifically, I will test whether social networks and neighboring are empirically distinct, and test 

which measures reflect each concept. Unlike other models, which usually test social networks 

and informal social control separately, my model will assess the relationships among all the 

concepts. Figure 3 is my hypothetical model and includes key social structural characteristics 

from social disorganization theory. 
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Figure 3 Hypothetical Model 
 

 
 

Research Questions 

My specific research questions are as follows:  

1. Are neighboring and social networks distinct empirical phenomena, and if so, does 

neighboring contain sub-dimensions?  

2. How do neighboring and social networks affect neighborhood crime victimization? 

3. How does collective efficacy influence crime victimization and mediate the relationship 

between social networks, neighboring, and neighborhood crime victimization? 

Hypotheses 

In the contemporary literature, many scholars have explained why social structural variables 

are theoretically related to neighborhood social disorganization and crime (see Bursik, 1988; 
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Kubrin, Stucky, and Krohn, 2009; Kubrin and Weitzer, 2003; and Sampson and Groves, 1989). 

These explanations are included in each hypothesis.  

1. Consistent with the literature (Sampson, 2012; Morenoff, Sampson, and Raudenbush, 

2001), I hypothesize that collective efficacy has a direct negative effect on crime 

victimization.  

2. I hypothesize that social networks have a direct negative effect on crime victimization, 

consistent with some studies (Veysey and Messner, 1999).  Consistent with the systemic 

model, I also hypothesize that social networks have an indirect negative effect on crime 

victimization through increasing collective efficacy.  

3. Because some neighboring measures have been found to reduce crime victimization (for 

example, Bellair, 1997), I hypothesize that neighboring has a direct negative effect on 

crime victimization and an indirect negative effect on crime victimization through 

increasing collective efficacy.   

4. In the literature, ethnic heterogeneity is hypothesized to weaken the mediating effects 

of social disorganization on crime victimization by reducing residents’ ability for informal 

social control due to cultural differences (see Kaylen and Pridemore, 2013; Samspon and 

Groves, 1989; Burisk 1988). Consistent with the literature, I hypothesize that residents 

from homogenous neighborhoods are more likely to neighbor, engage in social 

networks, and have collective efficacy and therefore are less likely to be crime victims 

compared to residents from racial/ethnic heterogeneous neighborhoods. 

5. In the literature, resident stability increases denser friendship networks, which is 

associated with lower crime victimization (see Kaylen and Pridemore, 2013; Samspon 
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and Groves, 1989; Burisk 1988). Furthermore, resident stability is associated with 

greater guardianship, which also leads to lower crime rates. Consistent with the 

literature, I hypothesize that resident tenure has an indirect negative effect on crime 

victimization through increasing social networks and neighboring, and through 

increasing collective efficacy. 

6. Theoretically, low socio-economic status is associated with low organizational 

participation (e.g., social networks and neighboring), which is indicative of weaker 

relational ties and thus less willingness to intervene on behalf of a common good. 

However, some studies find that high socio-economic status is associated with crime 

(Kaylen and Pridemore, 2013; Samspon and Groves, 1989; Burisk 1988). I hypothesize 

that household income has a direct negative effect on crime victimization. I also 

hypothesize that household income has an indirect negative effect on crime 

victimization through increasing social networks and neighboring, and then through 

increasing collective efficacy.  

7. Consistent with the literature, which argues that martial and family disruption weakens 

informal social control, I hypothesize residents from disrupted families are more likely to 

be crime victims compared to intact families, and they are more likely to be crime 

victims because these residents engage in social networks less and have less collective 

efficacy (see Kaylen and Pridemore, 2013; Samspon and Groves, 1989, Burisk 1988; 

Sampson, 1985).  

8. Criminological research that shows victimization is generally higher for males than 

females – the exception is rape (Davies, 2011; Lauritsen and Heimer, 2008). Therefore, I 
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hypothesize that males are more likely to be crime victims compared to women. In the 

neighboring literature, males are consistently found to be less active in terms of 

neighboring than females (Campbell and Lee, 1990; Kusenbach, 2006). Therefore, I 

hypothesize that men are more likely to become crime victims because they neighbor 

less compared to women.  

9. Although the literature indicates inconsistent racial differences in neighboring, some 

studies demonstrate that blacks are less likely to engage in social neighboring compared 

to whites (Nation, Fortney, Wandersman, 2010). If neighborhood based social ties or 

neighboring serve as one of the building blocks for collective efficacy within 

neighborhoods (Barnes, 2003), we need a better understanding of the role of 

race/ethnicity given the persistence of resident segregation (Massey and Denton, 1993). 

I hypothesize that non-whites are more likely to be crime victims compared to whites, 

and they are more likely to be crime victims because they are less likely to neighbor.  
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CHAPTER 4 

DATA AND METHODS 
 

Introduction 

The purpose of this chapter is to present the methods and data used in this study. This 

chapter has four sections. The first section provides information on the data source and 

methods used to obtain my sample. The second section is on measurement and provides 

information on how variables were conceptualized and operationalized. The third section 

shows the data screening performed. The fourth section is my data analysis plan.  

 
Data Source 

The Seattle Neighborhoods and Crime Survey (SNCS) data are used for this study. The 

data for SNCS were collected in 2002-2003 and are available as public use files on the 

Interuniversity Consortium for Political and Social Research (ICPSR) website, study number 

28701. I obtained the data from the ICPSR website at the University of North Texas. The data 

files were downloaded into Statistical Package for the Social Sciences (SPSS). The National 

Science Foundation and the National Consortium on Violence Research funded the study. The 

SNCS data were collected to test multilevel theories of neighborhood social organization and 

criminal violence. 

According to information in the public use files, data were collected using a telephone 

survey of households within all 123-census tracts in Seattle, Washington. The researchers 

randomly selected two block groups from each census tract and then randomly selected 

approximately nine households per block groups. This resulted in a sample of 2,220 households. 

The sampling frame was designed by the principal investigators at the University of Washington 



49 
 

in consultation with sampling experts. Social and Behavioral Research Institute (SBRI) at 

California State University, San Marcos conducted the telephone interviews. SBRI used a 

modified version of the 15-attempt protocol designed by the Centers for Disease Control for 

the Behavioral Risk Factor Surveillance System Survey. For households that could not be 

reached, calls were re-attempted at a variety of different times of the day and during different 

days of the week. The number of attempts did not exceed 15. All interviews were conducted in 

late 2002 and early 2003. The telephone interviews lasted an average of 37 minutes.  

During the interview, respondents were asked about perceptions of their 

neighborhoods and any experiences they may have had as victims of crime. The survey included 

questions about crime victimization, social capital and collective efficacy, fear of crime and 

altruistic fear of crime, attachment to neighborhoods, views of police and violent crimes of the 

street. This study uses the SNCS data for two main reasons. First, this data contains items suited 

to measure the identified theoretical constructs. Second, the data is not from Chicago, IL; 

therefore it allows me to test theory in a new context with different data. Chicago is where 

social disorganization theory originated and many studies use data from Chicago. 

 

Variables and Measures 

The data contain measures for my hypothesized constructs and items that potentially 

reflect social networks, neighboring, collective efficacy, and crime victimization. These 

constructs and measures build on past research and I integrate neighboring as a new construct 

to the model. 

 



50 
 

Endogenous Variable – Crime Victimization 

Crime victimization is the endogenous construct in this study. Crime victimization was 

measured using seven items. These items include: (1) destruction of property or damage to 

home, (2) home or other building on property broken into, (3) something stolen from yard or 

porch, (4) car stolen or broken into, (5) verbal threats, (6) physical attacks, and (7) something 

taken by force (e.g., stick-up or mugging). Respondents reported the number of times each 

incident of crime victimization occurred. These seven measures potentially represent two 

constructs: property crime victimization and personal crime victimization.  

 

Mediating Variables – Social Networks, Neighboring, and Collective Efficacy 

There are several latent constructs that serve as mediating variables. These constructs 

cannot be observed nor directly measured; hence a latent variable was constructed for each 

construct. First are social networks. Social networks were measured using eight items. The 

social network measures reflect what Sampson and Groves (1989) referred to as participation 

in formal and voluntary organizations. According to the [social disorganization] theory, 

community organizations reflect the structural embodiment of solidarity (Hunter, 1974, p. 191). 

Simcha-Fagan and Schwartz (1986) argued that a weakened community organizational base 

serves to attenuate local social control functioning for youth (also see Kornhauser, 1978). To 

measure social networks, respondents were asked how frequently they participate in eight 

organizations: (1) block activity sponsored by the Seattle Police Department; (2) any other 

organized block activity; (3) church, synagogue, temple, or mosque [activity]; (4) recreational 

groups such as sports, book clubs, or card playing; (5) service or charitable organizations such as 
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the Red Cross or Habitat for Humanity; (6) racial/ethnic organizations such as Urban League, 

Organization of Chinese Americans or Sons of Norway; (7) neighborhood associations; and (8) 

any other organization not [previously] mentioned. Response choices included often, 

sometimes, and never. 

The second construct is neighboring. Conceptually, my model abandons the social 

disorganization’s tradition that friendship networks (e.g., strong ties through friends or kinship) 

are necessary for ongoing socialization and reducing crime victimization. My theoretical model 

acknowledges the transformed landscape of American neighborhoods and recognizes that 

neighbors do not need to be friends to develop social control or trust. Therefore, in my model, I 

am rethinking the nature of everyday social relations that serve as the building blocks for social 

integration and cohesion. Theoretically, my neighboring construct consists of supportive acts 

and attachment (as explained in Chapter 3). There were 10 items used to measure neighboring; 

however, response categories varied among these items. Initially, respondents were asked how 

often they: (1) borrowed tools or small food items (e.g. milk, sugar) from neighbors, (2) had 

dinner or lunch with a neighbor, (3) helped a neighbor with a problem, (4) asked neighbors 

about personal things, such as child rearing or job openings, and (5) said hello to a neighbor or 

stopped to chat. Response choices were often, sometimes, and never. Respondents were also 

asked if they have neighbors watch their home when they are away and if they could easily tell 

if a person is a stranger or resident on their block. Response choices for these two items were 

yes or no. In addition, respondents were asked how often they talk informally with people on 

their block about nearby crime problems. Response choices were never, rarely, sometimes, and 

frequently. Lastly, respondents were asked if they ever had to move, how likely would they 
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miss their neighborhood. Response categories were very likely, likely, unlikely, and very 

unlikely.  

The third construct is collective efficacy, a measure for informal social control. Earlier 

studies measured informal social control using constructs, such as the ability of a community to 

supervise and control teenage peer groups - these represent the direct intervention dimension 

of informal social control (see Sampson and Groves, 1989; Lowenkamp, Cullen, and Pratt, 

2003). However, contemporary studies typically use the collective efficacy construct (Samspon, 

Raudenbush, and Earls, 1997). Collective efficacy contains two concepts – social cohesion (the 

collectivity part of the concept) and shared expectation of control (the efficacy part of the 

concept). In this study, the social cohesion part of the construct was measured using three 

variables. Respondents were asked the following questions: (1) people in this neighborhood can 

be trusted, (2) adults in this neighborhood know who the local children are, and (3) people 

around here are willing to help their neighbors. Response categories for all three variables were 

strongly agree, agree, disagree, and strongly disagree. Sampson, Raudenbush, and Earls (1997) 

included an additional three variables, which are not available in my dataset. These three 

variables for social cohesion were: (1) this is a close-knit neighborhood, (2) people in this 

neighborhood generally get along with each other, and (3) people in this neighborhood share 

the same values. In this study, the shared expectation of control was measured using four 

variables. Respondents were asked (1) the likelihood neighbors would do something if children 

were spray-painting graffiti on a local building, and (2) the likelihood neighbors would do 

something if a group of neighborhood children were skipping school and hanging out on a 

street corner. In addition, respondents were asked (1) the likelihood that people in the 
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neighborhood would scold a child if the child was showing disrespect to an adult and (2) the 

likelihood that people in the neighborhood would stop a fight if children were fighting out in 

the street. Response categories for all four variables were very likely, likely, unlikely, and very 

unlikely. Samspon, Raudenbush, and Earls (1997) included an additional variable for the shared 

expectation of control, asking the likelihood that neighbors could be counted on to take action 

if the fire station closes to home was threatened with budget cuts. This measure was not 

included in my data.   

 

Exogenous Variables – Social Structural Variables 

There are six social structural variables: the race/ethnicity heterogeneity of a 

neighborhood, resident tenure, household income, family disruption, gender, and 

race/ethnicity of the respondent.  

Race/Ethnic Heterogeneity. This is measured using a dummy variable where 1 is a 

racially homogeneous neighborhood and 0 is a racially heterogeneous neighborhood (which 

also serves as the reference group). This variable was created from four variables that asked 

respondents the number of neighbors that belong to the following ethnic groups: White, Asian, 

African American, and Hispanic. Response categories included nearly all, at least half, some, and 

hardly any. There was a multitude of combination responses across the four variables. 

Race/ethnic homogeneity included responses where respondents said nearly all neighbors were 

white (respondents were first asked number of neighbors that belong to white ethnic group. If 

they said nearly all, they were not asked about any other ethnic group). It also included 

responses where respondents said that nearly all their neighbors were non-white, but also said 
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“hardly any” to all the other ethnic groups (e.g., nearly all African American and hardly any 

whites, Hispanics, or Asians).  

Race/Ethnic heterogeneity included responses where respondents said that neighbors 

were “at least half” whites in addition to any of the following responses for the other ethnic 

groups: at least half, some, or hardly any (e.g., a respondent said at least half white, some 

Asians, some blacks, hardly any Hispanics). Ethnic heterogeneity also included responses where 

neighbors were nearly all blacks, Hispanics or Asians, but said some for at least one other ethnic 

group (e.g., nearly all Hispanic but some white, some black, hardly any Asian). 

Resident Tenure. This variable is measured in the number of years respondent has lived 

in their home.  

Household Income. Annual household income was measured using 15 categories. 

Response categories ranged from less than $5,000 a year to $200,000 and over. I combined 

three different income variables into one variable. The three income variables were: household 

group 1, household group 2, and household group 3. Household group 1 had seven categories 

of income under $25,000 (e.g., less than $5,000; $5,000 to under $7,500). Household group 2 

had four categories for income between $25,000 to under $75,000 (e.g., $50,000 to under 

$65,000; $65,000 to under $75,000). Household group 3 had four categories for income over 

$75,000 (e.g., $150,000 to under $200,000).  

Family Disruption. This is a dummy variable coded as 1 = yes (family disrupted) and 0 = 

no (family not disrupted). I defined disrupted as parent with children in household and no 

spouse (i.e., husband or wife). Respondents divorced or separated without children were not 

counted as a disrupted family.  
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Gender. Gender was dummy coded as follows: Females were 0, males were 1.  

Race/Ethnicity. This variable was measured with a dummy code, non-whites were 1 and 

whites were 0.  

 

Data Screening 

Prior to analyzing the data, basic screening procedures were used to check the data 

(e.g., checked for missing values and outliers, recoded and created new variables). The data 

contained missing values for variables of interest. Thirty-seven of the forty variables of interest 

were missing at least one response. However, only one variable (household income) was 

missing approximately 14% of responses (302 of 2,220). An additional five variables (If kids 

skipping school, people would so something; Count on adults to watch kids; If kids disrespectful 

adult, people would scold kid; Adults know kids; and Number of verbal threats) were missing 

approximately 5% of responses (about 100 of 2,220). The remaining variables were missing less 

than 5%, and in the majority of cases, these variables are missing less than 2% of responses. To 

resolve these missing responses, I conducted a single imputation in SPSS. This approach reduces 

non-response bias. If I would have performed listwise deletion, the valid sample size drops from 

2,220 to 1,515, loosing valuable data.  

 

Data Analysis Plan 

I propose testing my model using structural equation modeling (SEM). SEM is a 

multivariate statistical method of estimating directional and non-directional relationships 

between variables in a hypothesized model. SEM is appropriate for measuring a model with 
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latent constructs linked to measurable indicators and assessing the overall fit of a model to a 

data set. It measures parameters and errors within a model and allows for modifications of a 

model after data analysis (Bohrnstedt and Knoke, 1994). Prior to testing my proposed model, 

confirmatory factor analysis (CFA) was conducted for each latent construct in order to confirm 

the factor structure, reliability, and validity of each measures used.  

 

Univariate Analysis 

Analyses on demographics were obtained to describe the sample. Preliminary statistics 

were used to assess the normality of variables. Descriptive statistics were performed to 

establish characteristics of the sample, such as frequencies and means. Univariate and bivariate 

analyses were conducted in SPSS before the dataset was imported to R software for CFA and 

SEM. 

 

Bivariate Analysis 

Inter-items correlation matrices were conducted that included all the variables in my 

study. Pearson's correlation coefficient is used to measure the strength of a liner relationship 

between two variables. Coefficients range from -1 to 1 and provide information on strength and 

direction of linear relationships.  

 

Confirmatory Factor Analysis and Structural Equation Modeling  

SEM is a two-step process. The first step is measurement modeling, also referred to as 

CFA, which provides a construct validity test for the scales (Harrington, 2009; Streiner, 2006). 
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Construct validity is an examination of how theoretical constructs relate to each other. A 

construct is an observed latent factor whose usefulness has been empirically supported 

(Harrington, 2009). The ultimate goal of factor analysis is to arrive at a parsimonious set of 

factors based on common characteristics (Gorsuch, 1983). Although CFA can be a stand-alone 

process, I use CFA a preliminary step of SEM (Harrington, 2009). This study uses four latent 

variables: social networks, neighboring, collective efficacy, and crime victimization. Therefore, 

there are four different measurement models in the study. Each construct is validated by CFA. 

After validation of the measurement models using CFA, I use SEM to examine the casual 

or structural paths between endogenous and exogenous variables. SEM is a priori (a model is 

presented by the researcher at the beginning of analysis) and tests whether a model is 

supported by a given data set. Compared to other statistical techniques, such as regression, 

SEM is more rigorous and flexible (e.g., SEM it goes beyond simple bivariate prediction and 

conducts hypotheses testing at a higher level of abstraction). SEM simultaneously considers 

questions of measurement and prediction. I test my model with and without alternate 

pathways, based on the analysis. For SEM, the maximum-likelihood method of estimation is 

used. Although multivariate normality is assumed (Weston and Gore, 2006), maximum-

likelihood is robust to moderate violations of the normality assumption and can be used if the 

data is moderately non-normal (Anderson and Gerbing, 1988). 
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Criteria for Statistical Analyses in Confirmatory Factor Analysis and Structural Equation 

Modeling  

Level of Significance. Statistically significance levels are used for hypothesis testing in 

this study. The customary significant level of 0.05 or 5% (p<0.05) was chosen. This means, “we 

are about 95% confident that we made the right decision” (Spiegel and Stephens, 2008, p.246). 

Factor Loadings. Factor loadings are “standardized estimates of the regression slopes for 

predicting the indicators from the latent factor” (Brown, 2006, p. 15). Items with lower loading 

should be removed for further analysis-typically the minimal acceptance level of 0.3 

(Harrington, 2009; Tabachnick and Fidell, 2007).  

Goodness-Of-Fit Statistics. I also evaluate my models based on results of goodness-of-fit 

testing, residual matrices, and modification indices (Schermelleh-Engel, Moosbrugger, and 

Müller, 2003). According to Weston and Gore (2006) and Worthington and Whittaker (2006), 

the best practice to determine model fit includes incremental, absolute, and predictive fit 

indices. Incremental fit index is a comparison of the model to a null model that specifies no 

relationships among variables. An absolute fit index indicates how well the model fits the data. 

The predictive fit index indicates how replicable the model will be with different data. These 

three indices help determine whether the associates among the measured and latent variables 

in the predicted model fit the data.  

The incremental fit indices used included the Comparative Fit Index (CFI). The absolute 

fit indices used are the robust chi-square (χ2) goodness-of-fit (accounts for non-normality in the 

data), the Standardized Root Mean Square Residual (SRMR), and the Root Mean Square Error of 

Approximation with 90% Confidence Interval (RMSEA). Results from the chi-square test are 



59 
 

used to evaluate differences in degree of fit between my initial model and my revised or 

alternative models. 

Reliability and Validity of Measures. Before testing the structural model, I demonstrated 

that the measurement model has a satisfactory level of reliability and validity. To assess the 

reliability of the measures, I examined the individual composite reliabilities as suggested by 

Fornell and Larker (1981). For example, construct reliability estimates above .70 suggest good 

reliability and estimates between .6 and .7 are acceptable coefficients (as long as the other 

indicators of a model’s construct validity are good). High construct reliability means internal 

consistently exists (i.e., all the measures represent the same latent construct). In addition, 

average variance explained (AVE) values were calculated for each construct (Fornell and Larker, 

1981). An AVE of .5 or lower suggests that the variance due to measurement error is larger than 

the variance captured by the construct. 

Discriminant validity is also examined according to the procedures of Fornell and Larker 

(1981). Discriminant validity is the extent to which a construct is distinct from other constructs. 

There are several common ways to test discriminant validity. The presence of cross loading 

indicates a discriminant validity problem. Another way to measure discriminant validity is 

through highest shared variance (HSV). HSV should be lower than the AVE of each construct, 

which indicates adequate discriminant validity in the model based on the criteria set forth by 

Fornell and Larker (1981). 
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CHAPTER 5 
 

RESULTS 
 

Introduction 
 

This chapter presents the results of descriptive statistics, preliminary analyses, and 

primary analyses. Descriptive statistics includes percentages, means and standard deviations 

(SD) for the variables used in my model. Preliminary analyses include correlations matrixes for 

the exogenous variables. Primary analyses include results from my CFAs, SEMs, and hypothesis 

testing. 

Descriptive Statistics 

A demographic profile of the 2,220 respondents is presented in Table 2. The 

respondents ranged in age from 18 to 102 (mean age = 49 years). About half (49%) reported 

that they are Christian (either Catholic or Protestant) and married or living as married (53.7%). 

The respondents were well educated, 67% earned at least a bachelor’s degree. Most of the 

respondents were employed (67%). The majority (66%) lived in a single unit dwelling (compared 

to an apartment or condo). 
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Table 2 
Descriptive Statistics of the Sample, Seattle Adults, 2002-2003  
 N % 
Age (years)* 49.5 (16.2)  

18-29 239 10.8 
30-39 455 20.4 
40-49 485 22.1 
50-59 482 21.8 
60-69 251 11.4 

70 and over 308 13.6 
Religious affiliation   

Christian 1,084 48.8 
Non-Christian and Other 409 18.4 

None 727 32.7 
Marital status   

Married or Living as Married 1,193 53.7 
Divorced, Separated, or Widowed 470 22.0 

Never Married 557 25.0 
Level of education   

High school or less 255 11.5 
Some college 453 20.4 

College graduate 811 36.5 
Graduate degree 701 31.6 

Employed 1495 67.3 
Housing   

Single unit 1472 66.3 
Apartment or condo 748 33.7 

* Mean (SD) 
 

In this study, racial/ethnic homogeneity of neighborhood, resident tenure, annual 

household income, family disruption, gender, and race/ethnicity of the respondent are the 

exogenous variables. Table 3 shows the descriptive statistics for these social structural 

variables. Respondents were predominately Caucasian (79%) and about half were male (48%). 

Fifty-one% of respondents said that they lived in racially homogeneous neighborhoods. On 

average, respondents lived at their current address for 12 years (ranging from under 1 year to 

87 years). The median household annual income was between $50,000 to under $65,000 (range 
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was from less than $5,000 a year to $200,000 and over). Only 5% were a part of disrupted 

families (i.e., single parents).  

Table 3 
Descriptive Statistics of the Social Structural Variables 
 N % 
Ethnicity   

White 1760 79.3 
Non-White 460 20.7 

Gender   
Male 1075 48.4 

Female 1145 51.6 

Resident tenure (years)* 11.89 (12.57)  
Annual household income   

Less than $5,000 32 1.4 
$5,000 to under $7,500 35 1.6 

$7,500 to under $10,000 32 1.4 
$10,000 to under $12,500 40 1.8 
$12,500 to under $15,000 58 2.6 
$15,000 to under $20,000 78 3.5 
$20,000 to under $25,000 93 4.2 
$25,000 to under $35,000 275 12.4 
$35,000 to under $50,000 345 15.5 
$50,000 to under $65,000 288 13.0 
$65,000 to under $75,000 182 8.2 

$75,000 to under $100,000 352 15.9 
$100,000 to under $150,000 251 11.3 
$150,000 to under $200,000 91 4.1 

$200,000 and over 68 3.1 
Family disrupted (e.g., single parents) 116 5.2 

Racial homogeneous neighborhood 1151 51.8 
*Mean (standard deviation) 
 

In this study, social networks, neighboring, and collective efficacy were the mediating 

variables. Crime victimization was the endogenous variable. In total, 32 indicators measured 

these four constructs. Table 4 shows the percentage distribution of eight social network 

indicators. Most respondents participate (either often or sometimes) in racial/ethnic 
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organizations (97%) and service or charitable organization (89%). However, 71% of respondents 

reported never participating in block activity sponsored by the Seattle Police Department and 

65% said they never participate in neighborhood associations. Just under half reported 

participating (either often or sometimes) in recreational social networks (44% of respondents), 

other organized block activities (44%), and religious social networks (40% of respondents). 

Finally, 68% of respondent do not participant in any other type of social network activities. 

Table 4 
Percentage Distribution of Social Network Activities  
Social Network Variables  Percent 

Often Sometimes Never 
Block activity sponsored by the Seattle Police  7.8 21.4 70.9 
Any other organized block activity 7.9 36.4 55.8 
Neighborhood associations 8.3 26.8 64.9 
In church, synagogue, temple, or mosque 22.1 17.9 60.0 
In recreational groups such as sports, book clubs 19.1 25.0 55.9 
In service or charitable organizations  60.7 28.2 11.1 
In racial/ethnic organizations  87.8 9.0 3.2 
Any other organization not [previously] mentioned 18.2 14.2 67.5 

 

Table 5 shows the percentage distribution of 10 neighboring indicators. Most 

respondents talked often with a neighbor or said hello to a neighbor (77%); however, about half 

(52%) reported never asking neighbors about personal things, such as child rearing or job 

openings. Just about half of respondents (43%) said that they sometimes borrow tools or small 

food items from neighbors and have lunch or dinner with neighbors (48%). More than half of 

respondents (62%) said that they helped a neighbor with a problem. Although only 36% of 

respondents know all or most of their neighbors on a first name basis, 65% said they could 

easily tell if a stranger is on their block. Thirty-six percent reported talking to neighbors about 
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crime; however, 75% of respondents have their neighbors watch their home while. Lastly, 84% 

would likely or very likely miss their home, if they ever had to move. 

Table 5 
Percentage Distribution of Neighboring Activities 
Neighboring Variables  Percent 

Said hello or talked with a neighbor  
Often 76.9 

Sometimes 21.7 
Never 1.4 

Borrowed tools or small food items from neighbors  
Often 13.3 

Sometimes 43.7 
Never 43.0 

Had dinner or lunch with a neighbor  
Often 11.5 

Sometimes 47.7 
Never 40.8 

Helped a neighbor with a problem  
Often 21.5 

Sometimes 61.9 
Never 16.5 

Asked neighbors about personal things  
Often 12.7 

Sometimes 35.3 
Never 52.0 

Number of people on block known on a first name basis   
All of them  8.2 

Most of them 27.8 
Some of them 58.1 
None of them 5.8 

Talk informally with people on their block about nearby crime problems  
Frequently 6.1 
Sometimes 30.1 

Rarely 37.6 
Never 26.2 

If ever had to move, how likely would miss this neighborhood  
Very Likely 49.7 

Likely 34.5 
Unlikely 11.1 

Very Unlikely 4.6 
(table continues) 



65 
 

 

Table 5 
Percentage Distribution of Neighboring Activities (continued) 
Neighboring Variables  Percent 

Respondent has neighbors watch their home when away   
Yes 74.5 

Respondent can easily tell if a person is a stranger on their block  

Yes 65.2 
 

Table 6 shows the percentage distribution of seven collective efficacy indicators. The 

majority of respondents reported a sense of social cohesion in their neighborhood. For 

example, 91% trust people in their neighborhood and 93% said that people are willing to help 

their neighbors. In addition, most respondents share an expectation of intervention (in their 

neighborhood) for the majority of indicators. For example, 90% of respondents said that 

neighbors would very likely or likely do something if children were spray-painting graffiti on a 

local building. In addition, 82% said that neighbors would very likely or likely stop children from 

fighting. About half of respondents (54%) said that neighbors would very likely or likely so 

something if children were skipping school and hanging out on a street corner, and 50% said 

that they would very likely or likely scold a child if s/he was showing disrespect to an adult. 
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Table 6 
Percentage Distribution of Collective Efficacy Activities 
Collective Efficacy Variables  Percent 
Social Cohesion  Strongly 

Agree 
Agree Disagree Strongly 

Disagree 
People in this neighborhood can be trusted 29.2 61.7 7.6 1.5 

Adults in this neighborhood know who the 
local children are 

21.4 46.6 27.6 4.4 

People around here are willing to help their 
neighbors 

28.8 63.7 6.9 .6 

Shared Expectation  
(would do something if….) 

Very 
Likely 

Likely Unlikely Very Unlikely 

Children were spray-painting graffiti on a 
local building 

54.6 35.2 8.2 2.0 

A group of neighborhood children were 
skipping school 

20.3 33.2 37.0 9.5 

A group of neighborhood children were 
fighting  

36.6 45.0 15.7 2.8 
 

A child was disrespecting adults 11.9 37.7 40.6 9.7 
 

Table 7 shows the descriptive statistics for the seven crime victimization indicators. The 

most frequent type of property crime victimization is car broken into or stolen (67%). Forty-six 

percent of respondents were victims of burglary. The least frequent types of property 

victimizations were stolen property from yard or porch (34%) and property damage, such as 

windows broken (35%). The most frequent type of personal crime victimization is verbal threat 

(52%). The least likely type of personal crime victimization is muggings (13%). 
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Table 7 
Descriptive Statistics for Crime Victimization Variables 
Crime Victimization Variables  Minimum Maximum Mean Standard 

Deviation  
Percent 
(reported 
being a victim 
of the crime) 

Property Crime Victimization      
Destruction of property or damage  0 30 .73 1.71 34.8 

Home or other building on 
property broken into (i.e., burglary) 

0 20 .96 1.70 45.9 

Something stolen from property 0 40 .90 2.35 33.8 
Car stolen or broken into 0 20 1.69 2.20 67.1 

Personal Crime Victimization      
Verbal threats 0 200 4.42 12.35 52.3 

Physical attacks 0 97 1.29 5.86 29.5 
Something taken by force (e.g., 

stick-up or mugging) 
0 50 .23 1.28 12.5 

 

Bivariate Correlations 

The Pearson’s correlation matrix for the social structural variables is presented in Table 

8. The coefficients range from 0.003 to .156, which indicates a very weak relationship. Because 

no coefficients exceeded .70, there are no problems with multicollinearity. Although most of 

the relationships were statistically significant, some were not. Among the statistically significant 

relationships, the strongest positive relationship was between income and race/ethnic 

homogeneity (r = .156, p-value= .01), indicating that respondents living in racially homogeneous 

neighborhoods have slightly higher household incomes compared to those in racially 

heterogeneous neighborhoods. The strongest negative relationship, albeit weak, was between 

income and race/ethnicity (r= -.156, p-value= .01). This indicates that non-white respondents 

are a little more likely to have a lower household income compared to whites.  
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The Pearson’s correlation coefficients for the mediating and endogenous variables are 

presented separately in Tables 9 through 11. The correlation coefficients for the social network 

variables are in Table 9 and range from .064 to .399, indicating weak to moderate relationships. 

All relationships were statistically significant. The weakest relationship (r= .064, p-value= .01) is 

between participation in block activity sponsored by the Seattle Police Department and 

participation in recreational sports, book club, or card playing. The relationship between 

participation in block activity sponsored by the Seattle Police Department and participation in 

any other organized block activity was moderate (r= .399, p-value= .01). None of the correlation 

coefficients exceeded .70; therefore, there is no problem with multicollinearity.  

 

 

 

 

 

Table 8 
Correlations Matrix for Social Structural Variables 
Variables Race/Ethnic 

Homogeneity 
Resident 
Tenure 

Income Family 
Disrupted 

Male 

Resident Tenure .114**     

Income .156** -.061**    
Family Disrupted  .003 .051** -.106**   

Male -.006 
 

-.024 .091** -.098**  

Non-White -.132** -.105** -.156** .035 .021 
*p-value = .05; **p-value=.01 
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Table 10 presents the correlation coefficients for the neighboring variables. The 

coefficients ranged from .072 to .453, which indicates weak to moderate relationships. All 

relationships were statistically significant. For example, neighbors that borrow tools or small 

food items are more likely to have lunch or dinner with a neighbor (r= .450, p-value = .01). Nine 

relationships shared correlations that exceeded .350. The only variable that had multiple weak 

relationships (<.3) with other variables is likelihood of missing neighborhood if respondent had 

to move. For example, respondents’ likely missing their neighborhood are a little more likely to 

talk crime with neighbors (r= .072, p-value = .01). No interitem correlation exceeded r=.70, 

therefore no problems with multicollinearity. 

 

 

 

Table 9 
Correlation Matrix for Social Network Variables 
Variables Block 

party 
Other 
block 
party 

Church 
org 

Rec- 
Recreational 
orgs 

Service 
orgs 

Race/ 
ethnic 
orgs 

Neighborhood 
associations 

Other block 
party 

.399**       

Church orgs .121** .112**      
Recreational .094** .185** .131**     
Service orgs .107** .144** .208** .212**    
Race /ethnic orgs .064** .121** .147** .108** .182**   

Neighborhood 
associations 

.316** .411** .150** .150** .186** .119**  

Other orgs .124** .142** .135** .187** .234** .163** .230** 

*p-value = .05; **p-value=.01 
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Table 11 presents the correlation coefficients for the collective efficacy variables. The 

coefficients ranged from .230 to .533, which indicates weak to moderate relationships. For 

example, respondents that trust people in the neighborhood are more likely to help their 

neighbors (r= .533, p-value = .01). Respondents who are more likely to intervene in one 

situation are moderately more likely to intervene in other situations. For example, respondents 

who would do something about neighborhood children skipping school and hanging out on a 

street corner are more likely to do something if children are spray-painting graffiti on a local 

building (r = .450, p-value = .01). All relationships were statistically significant. No interitem 

correlation exceeded r=.70, therefore no problems with multicollinearity. 

Table 10 
Correlations for Neighboring Variables 
Variables First 

name 
Borrow 
tools 

Lunch 
or 
dinner 

Help 
with 
problem 

Asked 
personal 
question 

Said 
hello 

Stranger 
on block 

Talk 
crime 

Likely 
miss 

Borrow tools .352**         
Lunch or 
dinner 

.348** .450**        

Help with 
problem 

.374** .419** .441**       

Asked 
personal 
questions 

.300** .453** .405** .383**      

Said hello .337** .330** .311** .345** .259**     
Stranger on 
block 

.438** .208** .192** .227** .178** .282**    

Talk crime .284** .244** .260** .312** .282** .245** .205**   
Likely miss 
neighborhood 

.249** .220** .216** .196** .210** .270** .189** .072**  

Neighbor 
watch my 
home 

.368** .300** .260** .321** .242** .331** .307** .258** .163** 

*p-value = .05; **p-value=.01 
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Table 12 presents the correlation coefficients for the crime victimization variables. The 

coefficients ranged from .074 to .485, which indicates weak to moderate relationships. 

However, the majority of these variables have a weak relationship (r <= .3). Among the 

moderate relationships, respondents that had their home broken into are more likely to have 

had damage to their home or property (r = .390, p-value= .01). Respondents that were verbally 

threatened were more likely to have been physically attacked or beaten up (r= .485 p-value = 

.01). All relationships were statistically significant. No interitem correlation exceeded r=.70, 

therefore no problems with multicollinearity. 

 

 

Table 11 
Correlation Matrix for Collective Efficacy Variables 
Variables Intervene if 

skipping 
school 

Intervene if 
spraying 
graffiti 

Intervene if 
disrespect 
adult 

Intervene if 
kids 
fighting 

People 
trustworthy 

People help 
neighbors 

Intervene if 
spraying 
graffiti 

.450**      

Intervene if 
disrespect 
adult 

.464** .331**     

Intervene if 
kids fighting 

.464** .389** .371**    

People 
trustworthy 

.297** .312** .230** .290**   

People help 
neighbors 

.343** .352** .279** .311** .533**  

Adults know 
kids 

.400** .317** .336** .341** .427** .476** 

*p-value = .05; **p-value=.01 
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For a description of correlations between variables across the different factors, see Appendix A.  

Confirmatory Factor Analysis 

Prior to testing the hypothesized conceptual model, CFAs were conducted for each 

latent construct. In this study, I used a three-step process for each latent variable as suggested 

by Wan (2002). First, I created generic models based on theory. I run the CFA based on this 

generic model. When examining the results, I checked the statistically significant levels (p-

values). Byrne (2010) suggests that insignificant parameters be accepted as unimportant for the 

model and therefore removed. The factor loadings were also checked (factor loadings specify 

correlation between indicators and latent factors; therefore, they were used for validation of 

Table 12 
Correlation Matrix for Crime Victimization 
Variables Property 

damaged or 
destroyed 
(e.g., 
windows) 

Property 
stolen 
(e.g., 
bicycle) 

Car stolen 
or broken 
into 

Home 
broken 
into  

Verbally 
threatened 

Physically 
attacked 

Property stolen          
(e.g., bicycle) 

.206**      

Car stolen or 
broken into  

.152** .272**     

Home broken into .390** .307** .192**    

Verbally 
threatened 

.113** .177** .115** .132**   

Physically attacked .093** .074** .072** .069** .485**  

Something stolen 
by force (e.g., 
mugging) 

.119** .061** .055** .101** .094** .231** 

*p-value = .05; **p-value=.01 
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the measurement model). Items with factor loadings lower than .30 should be removed from 

the model. 

Second, I assessed the overall fit of the model. I evaluated each model for how well it fit 

my data. When evaluating a measurement model, it is necessary to not only consider significant 

factor loadings but also goodness-of-fit statistics. According to Harrington (2009), if the 

goodness-of-fit statistics are not satisfactory, the poor areas should be identified. One way to 

identity poor areas is by the modification indices. Therefore, in the third step, modification 

indices were used to improve the model fit, as appropriate. The modification index “reflects an 

approximation of how much the overall model X2 would decrease if the fixed or constrained 

parameter was freely estimated” (Brown, 2006, p. 119). If necessary, measurement error terms 

can be correlated, as this can provide the largest improvement in the model fit (Garson, 2009). 

This process was applied until a satisfactory model fit was obtained, based on the goodness-of-

fit. 

 

Social Networks 

In this study, the first latent construct of the mediating variables is social networks. A 

CFA was conducted to validate the measurement of the social network latent component. As 

previously described, the three-stage approach was followed for the validation of social 

networks. Figure 4 shows the generic measurement model for social networks.  

Parameter estimates of the generic measurement model showed that all the 

relationships were statistically significant. Factor loadings were checked to determine the 
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correlations between the latent construct of social networks and its indicators. There were 

correlations under .30 for two measures (church and racial organizations).  

The following step was an assessment of overall fit. The evaluation of social network 

measurement model showed the model fit was not ideal (see Table 14). The social network 

measurement model was modified in an attempt to improve the model fit.  

 
Figure 4 Generic Measurement Model for Social Networks 

 

Figure 5 shows the revised measurement model for social networks, which includes two 

separate constructs, neighborhood social networks and non-neighborhood social networks. The 

item loadings improved. No correlations were below .30.  
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Figure 5 Revised Measurement Model for Social Networks 

 

 

Table 13 shows the parameter estimates for generic and revised measurement models 

of social networks. The goodness-of-fit statistics for the generic and revised measurement 

models are shown in Table 14. The criteria for the goodness-of-fit statistics were selected, in 

part, based on the suggestions of Garson (2009). Goodness-of-fit measures the suitability of the 

criteria, such as chi-square, adjusted goodness of fit index, and the root mean square error of 

approximation. 

 As seen in Table 14, the goodness-of-fit statistics significant improved in the revised 

model. There is a considerable decrease in the chi-square value. The difference between the 
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generic and revised models is 237.596, which shows an important improvement in the revised 

model of social networks. All other goodness-of-fit statistics are within the acceptable range.  

Table 13 
Parameter Estimates for Social Networks 

Generic Model 
 

Revised Model 

Indicator Std. 
Path 

Std. 
Error 

Z-
value 

P-
value 

Indicator Std. 
Path 

Std. 
Error 

Z-
value 

P-
value 

 
 
 
Block party 

 
 
 

.505 

 
 
 

.015 

 
 
 

20.46 

 
 
 

0.00 

Neighborhood 
Social Networks 
 
Block party 

 
 
 

.545 

 
 
 

.016 

 
 
 

21.85 

 
 
 

0.00 
 
Other block 
party 

 
.620 

 
.016 

 
25.18 

 
0.00 

 
Other block party 

 
.687 

 
.017 

 
26.46 

 
0.00 

 
Neighborhood 
associations 

 
 

.615 

 
 

.016 

 
 

24.95 

 
 

0.00 

 
Neighborhood 
associations 

 
 

.612 

 
 

.016 

 
 

24.17 

 
 

0.00 
 
 
 
Church orgs 

 
 
 

.277 

 
 
 

.021 

 
 
 

10.92 

 
 
 

0.00 

Non-Neighborhood 
Social Networks 
 
Church orgs 

 
 
 

.365 

 
 
 

.023 

 
 
 

13.05 

 
 
 

0.00 
Recreational .312 .020 12.34 0.00 Recreational .402 .022 14.34 0.00 
Service orgs .344 .017 13.66 0.00 Service orgs .511 .020 17.92 0.00 
 
Race/ethnic orgs 

 
.245 

 
.011 

 
9.62 

 
0.00 

 
Race /ethnic orgs 

 
.341 

 
.012 

 
12.19 

 
0.00 

Other orgs .353 .020 14.04 0.00 Other orgs .457 .022 16.22 0.00 
     Neighborhood 

Social Networks  
<--> Non-
Neighborhood 
Social Networks 

 
 
 
 

.530 

 
 
 
 

.032 

 
 
 
 

16.68 

 
 
 
 

0.00 
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Table 14 
Goodness-of-Fit Statistics for Social Networks 
Index Criterion Generic 

Model 
Revised 
Model 

Chi-Square  Low 304.643 67.047 
Degrees of Freedom  ≥ 0 20.000 19.000 
Likelihood Ration  <.40 .065 .283 
P-Value <=.05 0.000 0.000 
Normed Fit Index  >.90 .820 .960 
Adjusted Goodness of Fit Index  >.90 .930 .986 
Comparative Fit Index  >.90 .829 .971 
Tucker Lewis Index  >.90 .761 .957 
Root Mean Square Error of 
Approximation 

≤ .08 .080 .034 

Standardized Root Mean Square 
Residual  

≤ .08 .056 .024 

 

Neighboring  

The second latent construct of the mediating variable is neighboring. This latent variable 

was measured using ten indicators. A CFA was conducted to validate the measurement of the 

neighboring concept. As described above, the three-stage approach was followed for the 

validation of social networks. In my generic model, I correlate supportive acts and 

neighborhood attachment because these are related constructs. Figure 6 shows the generic 

measurement model for neighboring. 
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Figure 6 Generic Measurement Model for Neighboring 

 

 

Parameter estimates of the generic measurement model showed that all the 

relationships were statistically significant. Factor loadings were checked to determine the 

correlations between the latent construct of neighboring and its indicators. Factor loadings 

ranged from .380 to .686. 

The following step was an assessment of overall fit. Although the fit statistics were 

within an acceptable range (see Table 16), there are concerns with discriminant validity for the 

two neighboring constructs (supportive acts and neighborhood attachment).25 To assess 

discriminant validity, I “compare the variance-extracted percentages for any two constructs 

with the square of the correlation estimate between these two constructs. The variance-

extracted estimates should be greater than the squared correlation estimate. The logic is based 
                                                           
25 Construct reliability and validity are discussed in the next section. However, I am discussing discriminant validity 
for these two neighboring constructs in this section, because it is my rationale for change neighboring from two 
factors to one factor. 
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on the idea that the latent construct should explain its measures better than it explains another 

construct” (Hair, Black, Babin, and Anderson, 2009; 802). For these two neighboring constructs, 

the squared correlation estimate (.60) is greater than the Variance Extracted (VE) estimates 

(supportive acts= .375 and attachment= .305). This means that these two constructs are not 

unique, i.e., each construct captures phenomena that the other construct also measures. 

Moving forward without addressing the discriminant validity concern can pose problems with 

my full measurement model. 

The next step is to compare the results (i.e., parameter estimates and fit statistics) from 

a one and two factors neighboring construct. I dropped one indicator due to a low factor 

loading (factor loading for miss neighborhood if you moved was .380). I put the remaining nine 

items into one factor. The parameter estimates and fit statistics are acceptable. However, 

modification indices suggest that I correlate the error terms for first name and stranger on 

block. Therefore, I reran the CFA.  

Table 15 shows the parameter estimates for the generic and revised measurement 

models for neighboring. Figure 7 shows the revised model for the one factor neighboring 

construct, which includes nine indicators. Although theoretically both supportive acts and 

attachment are represented in the one factor neighboring construct, they are empirically 

indistinguishable in this data. Reliability and validity for the one factor neighboring construct is 

discussed on the next section. 
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Table 15 
Parameter estimates for Neighboring 

Generic Model 
 

Revised Model 
 

Indicator Std. 
Path 

Std. 
Error 

Z-
value 

p-
value 

Indicator Std. 
Path 

Std. 
Error 

Z-value p-value 

Supportive Acts 
 
Asked personal 
question 

 
 

.611 

 
 

.015 

 
 

28.44 

 
 

0.00 

 
 
Asked personal 
question 

 
 
.588 

 
 
.015 

 
 
27.47 

 
 
0.00 

Borrow tools .668 .015 31.72 0.00 Borrow tools .652 .015 31.16 0.00 
Lunch or dinner .652 .014 30.88 0.00 Lunch or 

dinner 
.634 .014 30.06 0.00 

Help with 
problem 

.662 .013 31.37 0.00 Help with 
problem 

.660 .013 31.62 0.00 

Talk crime .442 .020 19.57 0.00 Talk crime .451 .020 20.19 0.00 
Neighborhood 
attachment 
 
Said hello 

 
 
 

.572 

 
 
 

.010 

 
 
 

25.56 

 
 
 

0.00 

 
 
 
Said hello 

 
 
.532 

 
 
.010 

 
 
24.36 

 
 
0.00 

Stranger on 
block 

 
.525 

 
.011 

 
23.14 

 
0.00 

Stranger on 
block 

.378 .011 16.47 0.00 

First name .686 .016 31.54 0.00 First name .577 .015 26.79 0.00 
Neighbor watch 
my home 

.555 .010 24.69 0.00 Neighbor 
watch my 
home 

.503 .010 22.85 0.00 

Likely miss 
neighborhood 

.380 .020 16.24 0.00 First name <--> 
Stranger on 
block 

.292 .006 11.94 0.00 
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Table 16 
Goodness-of-Fit Statistics for Neighboring 
Index Criterion Generic Model Revised 

Model  
Chi-Square  Low 238.13 231.59 
Degrees of Freedom   ≥ 0 34.00 26.00 
Likelihood Ration  <.40 .076 .112 
P-Value <=.05 0.000 0.000 
Normed Fit Index  >.90 .950 .948 
Adjusted Goodness of Fit Index  >.90 .966 .956 
Comparative Fit Index   >.90 .957 .954 
Tucker Lewis Index  >.90 .943 .936 
Root Mean Square Error of 
Approximation  

≤ .08 .052 .060 

Standardized Root Mean Square 
Residual  

≤ .08 .034 .038 

 

Figure 7 Revised Measurement Model for Neighboring 
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Collective Efficacy 

The third latent construct of the mediating variable is collective efficacy. Seven 

indicators measured this latent variable. I conducted a CFA to validate the measurement of the 

collective efficacy concept. As described above, I followed the three-stage approach for the 

validation of collective efficacy. Figure 8 shows the generic measurement model for collective 

efficacy. 

Parameter estimates of the measurement model showed that all the relationships were 

statistically significant. Factor loadings were checked to determine the correlations between 

the latent construct of neighboring and its indicators. All of the indicators were above the .40 

loading.  

 
Figure 8 Generic Measurement Model for Collective Efficacy 
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The following step was an assessment of overall fit. The majority of the fit statistics were 

within an acceptable range; however, the modification indices suggest that I correlate the error 

terms between two variables. Figure 9 shows the revised model for the collective efficacy 

construct, which includes seven indicators. One pair of error terms (People Trust and People 

Help) was correlated. All of the items loaded between .49 and .71 and all regression coefficients 

were statistically significant. 

Figure 9 Revised Measurement Model for Collective Efficacy 

 

 

Table 17 shows the parameter estimates for generic and revised measurement models 

of neighboring. The goodness-of-fit statistics for the generic and revised measurement models 
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are shown in Table 18. There is a considerable decrease in the chi-square value. The difference 

between the generic and revised models is 237.44, which shows an important improvement in 

the revised model for collective efficacy. All other goodness-of-fit statistics are within the 

acceptable range. 

Table 17 
Parameter Estimates for Collective Efficacy  

Generic Model 
 

Revised Model 
 

Indicator Std. 
Path 

Std. 
Error 

Z-
value 

p-value Indicator Std. 
Path 

Std. 
Error 

Z-value p-value 

Intervene if 
skipping 
school 

.670 .019 32.12 0.00 Intervene if 
skipping school 

.712 .019 34.24 0.00 

Intervene if 
disrespect 
adult 

.551 .018 25.34 0.00 Intervene if 
disrespect 
adult 

.580 .018 26.70 0.00 

Intervene if 
kids fighting 

.594 .017 27.73 0.00 Intervene if 
kids fighting 

.618 .017 28.81 0.00 

Intervene if 
spraying 
graffiti 

.590 .016 27.51 0.00 Intervene if 
spraying 
graffiti 

.603 .016 27.95 0.00 

People 
trustworthy 

.574 .014 26.59 0.00 People 
trustworthy 

.491 .014 21.84 0.00 

People help 
neighbors 

.630 .012 29.80 0.00 People help 
neighbors 

.557 .013 25.331 0.00 

Adults know 
kids 

.636 .017 30.15 0.00 Adults know 
kids 

.608 .017 28.23 0.00 

     People 
trustworthy  
<--> People 
help neighbors 

.359 .007 13.91 0.00 
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Table 18 
Goodness-of-Fit for Collective Efficacy 
Index Criterion Generic Model Revised Model 
Chi-Square  Low 467.223 229.783 
Degrees of Freedom  ≥ 0 14 13 
P-Value <=.05 0.00 0.00 
Likelihood Ration  <.40 .0299 .056 
Normed Fit Index  >.90 .884 .943 
Adjusted Goodness of Fit Index >.90 .867 .937 
Comparative Fit Index  >.90 .887 .946 
Tucker Lewis Index  >.90 .830 .913 
Root Mean Square Error of 
Approximation  

≤ .08 .121 .087 

Standardized Root Mean 
Square Residual  

≤ .08 .059 .045 

 

Crime Victimization  

The fourth latent construct of the endogenous variable is crime victimization. This latent 

variable was measured using seven indicators. I conducted a CFA to validate the crime 

victimization construct. As previously described, I followed a three-stage approach to validate 

this construct. Figure 10 shows the generic measurement model for crime victimization.  
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Figure 10 Generic Measurement Model for Crime Victimization 

 

Parameter estimates of the generic measurement model show that all the relationships 

are statistically significant. Factor loadings for four of the seven indicators were below .40, 

approaching the critical value. However, only one factor loading was below .30, the minimum 

accepted value. The indicators with factor loads below .40 are: (1) something taken by force 

(.223), (2) physical attack (.306), (3) stolen car (.361), and (4) verbal threat (.369). 

The following step was an assessment of overall fit. Overall, the evaluation of the crime 

victimization construct showed that the model fit was not satisfactory (see Table 19). For 

example, the chi-square seems high at 694.78. In order to obtain a better fit, the modification 

indices suggest that I correlate the error terms between two sets of variables (damage to 

property and home broken into, and verbal threat and physical threat). 

Although the generic measurement model for crime victimization needs modification, 

modifying the generic model based on low factor loadings and goodness-of-fit statistics does 

not produce a single best-revised model. I revised the model over 9 times (analysis not shown 
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here) to try to find a better fitting model. For example, in reference to the generic model 

above, when I drop something stolen by force and correlate the two sets of variables, the 

goodness-of-fit statistics improve. However, multiple indicators now have factor loadings below 

.30. 

 To revise the model, I have three basic choices. First, I keep the one-factor model for 

crime victimization. This model would keep all seven indicators. However, one indicator will 

have a factor loading below .30. Second, I could have a two-factor model for crime victimization 

(personal and property crime victimization). However, a two-factor model is not a huge 

improvement over a one-factor model. For example, additional indicators would be removed 

due to low factor loadings (below. 30). Third, I could have a one-factor model for property 

crime victimization or personal crime victimization. Based on theoretical interests and empirical 

considerations, I decide to pick my first choice and keep a one-factor model for crime 

victimization. 

 Figure 11 shows the revised for crime victimization. Based on modification indices, I 

correlated the error terms for three sets of indicators. Note that three indicators have factor 

loadings below .30. All regression coefficients were significant at the .05 level. Table 19 shows 

the parameter estimates for the generic and revised model for crime victimization. 
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Figure 11 Revised Measurement Model for Crime Victimization 

 

 

Table 19  
Parameter Estimates for Crime Victimization  

Generic Model 
 

Revised Model 
 

Indicator Std. 
Path 

Std. 
Error 

Z-
value 

p-
value 

Indicator Std. 
Path 

Std. 
Error 

Z-
value 

p-
value 

Property 
damaged 

.503 .046 18.90 0.00 Property 
damaged 

.358 .052 11.76 0.00 

Property 
stolen          
(e.g., bicycle) 

 
 
.485 

 
 
.063 

 
 
18.26 

 
 
0.00 

Property  
stolen  
(e.g., bicycle) 

 
 

.614 

 
 

.077 

 
 

18.87 

 
 

0.00 
Car stolen or 
broken into  

 
.361 

 
.059 

 
13.58 

 
0.00 

Car stolen or 
broken into 

 
.422 

 
.063 

 
14.75 

 
0.00 

Home broken 
into 

 
.577 

 
.046 

 
21.41 

 
0.00 

Home broken  
into 

 
.489 

 
.052 

 
16.10 

 
0.00 

  (table continues) 
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Table 19  
Parameter Estimates for Crime Victimization (continued) 

Generic Model 
 

Revised Model 
 

Indicator Std. 
Path 

Std. 
Error 

Z-
value 

p-
value 

Indicator Std. 
Path 

Std. 
Error 

Z-
value 

p-
value 

Verbally 
threatened 

 
.369 

 
.329 

 
13.88 

 
0.00 

Verbally 
threatened 

 
.290 

 
.348 

 
10.29 

 
0.00 

Physically 
attacked 

 
.306 

 
.156 

 
11.45 

 
0.00 

Physically 
attacked 

 
.151 

 
.166 

 
5.29 

 
0.00 

Something 
stolen by force 
(e.g., mugging) 

 
 
.223 

 
 
.034 

 
 
8.29 

 
 
0.00 

Something stolen 
by force (e.g., 
mugging) 

 
 

.161 

 
 

.036 

 
 

5.71 

 
 

0.00 
     Physically 

attacked <--> 
Verbally 
threatened  

 
 
 

.459 

 
 
 

1.64 

 
 
 

19.05 

 
 
 

0.00 
     Home broken 

into <--> Property 
damaged 

 
 

.264 

 
 

0.07 

 
 

8.91 

 
 

0.00 
     Physically 

attacked <--> 
Something stolen 
by force 

 
 
 

.190 

 
 
 

0.14 

 
 
 

9.73 

 
 
 

0.00 
 

As seen in Table 20, the goodness-of-fit statistics signified improved. There is a 

considerable decrease in chi-square value. The chi-square difference between the generic and 

final models is 666.618, which is an improvement in the final model. The goodness-of-fit 

statistics are improved and within acceptable range. 

Table 20  
Goodness-of-Fit Statistics for Crime Victimization 
Index Criterion Generic Model Revised Model 
Chi-Square  Low 694.78 28.162 
Degrees of Freedom  ≥ 0 14.0 11 
P-Value <=.05 0.00 0.00 
Likelihood Ration  <.40 .020 .390 
   (table continues)  
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Table 20  
Goodness-of-Fit Statistics for Crime Victimization (continued) 
Index Criterion Generic Model Revised Model 

Normed Fit Index  >.90 .585 .983 
Adjusted Goodness of Fit Index  >.90 .839 .991 
Comparative Fit Index  >.90 .588 .990 
Tucker Lewis Index  >.90 .383 .980 
Root Mean Square Error of 
Approximation  

≤ .08 .148 .027 

Standardized Root Mean 
Square Residual  

≤ .08 .090 .020 

 

Full Measurement Model 

After conducting the CFAs on the individual constructs, I put all of the constructs into 

one model to confirm the statistical fit with the data. The measurement model showed 

adequate fit (χ² (419) = 1665. 835, RMSEA = .037, NNFI = .899, CFI = .909, SRMR = .039). 

I examined reliability and validity for each construct in the full measurement model (see 

Table 21). To assess the reliabilities of the measures used in my analysis, I examined the 

individual composite reliabilities suggested by Fornell and Larker (1981). Composite reliabilities 

were adequate for all of the constructs, ranging from .886 to .995. Therefore, there is good 

construct reliability for all constructs. Additionally, I examined AVE for each construct, as 

suggested by Fornell and Larker. All constructs have AVEs above the recommended critical 

value of .500, ranging from .570 to .958. This means that the variance due to measurement 

error is smaller than the variance captured by each construct. Note that crime victimization has 

an AVE of .570, just above the recommended critical value. 

The VE indicates some concern for two of the five constructs: non-neighborhood social 

networks (VE=.17) and crime victimization (VE=.15). These values mean that non-neighborhood 



91 
 

social networks and crime victimization have more variability and error compared to the other 

constructs in the full model. For non-neighborhood social networks, the variability is due to the 

large spread in responses among all four indicators. For crime victimization, the variability is 

also due to the large spread in responses. In particular, there is large spread in responses for 

two indicators (physically attacked and verbally threatened). The implication of a low VE means 

that I am not completing measuring the non-neighborhood social networks concept or the 

crime victimization concept. I am not claiming that either construct is measure most or all types 

of social networks or crime victimization.  

I also examined discriminant validity as suggested by Fornell and Larker (1981). To 

assess discriminant validity, I compare HSV to VE values. For three of the five constructs (non-

neighborhood social constructs, collective efficacy, and crime victimization), HSV is smaller than 

the VE, which indicates adequate discriminant validity for these constructs. However, HSV is 

greater than VE for neighboring and neighborhood social networks, which indicates a lack of 

discriminant validity. That is, these two constructs are more closely related compared to all the 

other constructs in the model (e.g., they are separate but related constructs). Said differently, 

neighboring and neighborhood social networks have more shared variance than distinct 

variance in relation to the other constructs. This issue (lack of discriminant validity) is not 

unexpected based on theory (as discussed in Chapter 2).  

In analysis not presented here, I put all neighboring and neighborhood social network 

indicators into a factor analysis and results show that they are separate constructs. The 

correlations between these two latent constructs are strong (.643) but not too strong to worry 

about multicollinearity. The path coefficients are small (under .50). The goodness-of-fit 
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statistics are acceptable for both constructs. I accept some lack of discriminant validity for these 

two construct neighboring and neighborhood social networks based on theory. To address this 

issue, I correlate neighboring and neighborhood social networks. See Figure 12. Correlations 

among latent constructs are presented in Table 22. 

Table 21 
Parameters of the measurement model, standardized path coefficient, z values, composite reliability, 
average variance extracted, variance extracted, and highest shared variance 
 

Neighborhood 
Social Networks 

Non-
Neighborhood 

Social Networks Neighboring 
Collective 
Efficacy 

Crime 
Victimization 

 Path z Path z Path z Path z Path z 
Block Party .538 23.00 - -  - -  - -  - -  
Other block 
party .733 31.45 - - 

 
- - 

 
- - 

 
- - 

 

Neighborhood 
associations  .572 24.58 - - 

 
- - 

 
- - 

 
- - 

 

Church orgs - -  .347 12.67 - -  - -  - -  
Recreational 
orgs - - 

 
.429 15.59 - - 

 
- - 

 
- - 

 

Service orgs   .505 18.17       
Race/ethnic 
orgs - - 

 
.334 12.13 - - 

 
- - 

 
- - 

 

Other orgs - -  .457 16.58 - -  - -  - -  
Asked a 
personal 
question - - 

 

- - 

 

.570 26.83 - - 

 

- - 

 

Borrow tools - -  - -  .624 30.0 - -  - -  
Lunch or dinner - -  - -  .623 29.98 - -  - -  
Help with 
problem - - 

 
- - 

 
.647 31.44 - - 

 
- - 

 

Talk crime - -  - -  .459 20.90 - -  - -  
Said hello - -  - -  .540 25.24 - -  - -  
Stranger on 
block - - 

 
- - 

 
.416 18.60 - - 

 
- - 

 

First name - -  - -  .618 29.59 - -  - -  
(table continues) 
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Table 21  
Parameters of the measurement model, standardized path coefficient, z values, composite reliability, 
average variance extracted, variance extracted, and highest shared variance (continued) 
 

Neighborhood 
Social Networks 

Non-
Neighborhood 

Social Networks Neighboring 
Collective 
Efficacy 

Crime 
Victimization 

 Path z Path z Path z Path z Path z 
Neighbor watch 
my home - - 

 
- - 

 
.515 23.83 

  
- - 

 

Intervene if 
skipping school - - 

 
- - 

 
- - 

 
.686 33.18 - - 

 

Intervene if 
disrespect adult - - 

 
- - 

 
- - 

 
.571 26.48 - - 

 

Intervene if kids 
fighting - - 

 
- - 

 
- - 

 
.602 28.33 - - 

 

Intervene if 
spraying graffiti - -  - - 

 
- - 

 
.587 27.34 

 
- - 

 

People 
trustworthy - -  - - 

 
- - 

 
.510 22.99 

 
- - 

 

People help 
neighbors - -  - - 

 
- - 

 
.596 27.75 

 
- - 

 

Adults know 
kids - - 

 
- -  - - 

 
.638 30.26 

 
- - 

 

Property stolen 
(e.g., bicycle) - - 

 
- - 

 
- -  

- -  
.595 19.40 

Car stolen         .427 15.14 
Property 
damaged - - 

 
- - 

 
- -  

- -  
.369 12.31 

Home broken 
into - - 

 
- - 

 
- -  

- -  
.496 16.76 

Verbally 
threatened - - 

 
- -  - - 

 - -  
.295 10.55 

Physically 
attached - - 

 
- -  - - 

 - -  
.160 5.63 

Something 
taken by force - - 

 
- -  - - 

 - -  
.170 6.08 

Composite 
Reliability .985 .977 .995 .993 .886 
AVE .958 .958 .898 .956 .570 
HSV .313 .381 .176 .358 .150 
Measurement Model χ² (419) = 1665. 835; RMSEA = .037; NNFI = .899; CFI = .909; SRMR = .039. 
AVE = average variance explained; VE = variance extracted; HSV = highest shared variance. 
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Figure 12 Measurement Model For All Constructs with Parameter Estimates and Error Terms 
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Based on the results from the measurement models, my empirical model to be tested 

using structural equation modeling is presented in Figure 13. This figure includes social 

structural variables and arrows denote the hypothesized relationships as specified on pages 44-

47 in Chapter 3.  

Table 22 
Correlations Between Latent Constructs 
Variables Neighborhood 

Social 
Networks 

Non-
Neighborhood 
Social 
Networks 

Neighboring Collective 
Efficacy 

Crime 
Victimization 
 

Neighborhood 
Social Networks 

1.00     

Non-
Neighborhood 
Social Networks 

 
.515 

1.00    

Neighboring .643 .460 1.00   

Collective Efficacy .422 .247 .543 1.00  

Crime 
Victimization 

.123 .182 .202 -0.033 1.00 
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Figure 13 My Empirical Model 
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Structural Equation Modeling 

Based on the results from the CFAs, I developed a generic model that included the five 

latent constructs (neighborhood social networks, non-neighborhood social networks, 

neighboring, collective efficacy, and crime victimization) and six exogenous measures (racially 

homogeneous neighborhood, resident tenure, annual household income, family disrupted, 

male, and non-white race). The generic structural equation model is presented in Figure 14. 

As in the CFA, the three-stage method was used for the SEM analysis. First, the generic 

structural equation model was developed. The statistical significant levels based on the critical 

ratios and factor loadings were checked. According to the parameter estimates in Table 22, 

seven hypothesized pathways between were insignificant. Two of the seven insignificant 

pathways were between latent variables. These insignificant paths were non-neighborhood 

social networks and collective efficacy (r=.06, p-value=.075) and neighborhood social networks 

and crime victimization (r=-.045, p-value=.431). The remaining insignificant pathways were 

between social structural variables and latent variables. These include: (1) family disrupted and 

collective efficacy (r=.028, p-value=.171); (2) family disrupted and neighborhood social 

networks (r=.005, p-value =.833); (3) family disrupted and non-neighborhood social networks 

was insignificant (r=.016, p-value=.594); (4) racially homogeneous neighborhood and 

neighborhood social networks (r=.021, p-value=.417); and (5) non-white ethnicity and crime 

victimization (r=-.039, p-value=.171). These regression paths were eliminated from the model. 

Based on the results from the modification indices, I also correlated neighboring and non-

neighborhood social networks. The SEM analysis was run again. The revised model is presented 

in Figure 15. All of the pathways were statistically significant. Therefore, all of the items of the 
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measurement models and regression paths remained in the structural equation model. An 

assessment of overall fit followed. Table 22 shows the parameter estimates for the generic and 

revised structural equation model of the study. 

The goodness-of-fit statistics are fair to the data (see Table 23). The chi-square was 

reduced by 173.57. The likelihood ratio (.227), adjusted goodness of fit index (.922), root mean 

square error of approximation (.039), and standardized root mean square residual (.041) were 

within acceptable range. Some of the statistics are not within acceptable ranges. For example, 

the normed fit index value (0.832), comparative fit index (.865) and the Tucker Lewis Index 

(.852) are just below the critical value of .90. Figure 14 shows the revised structural equation 

model. All critical ratios were significant at the .05 level for the revised model.  

The revised structural equation model results show that neighboring has the highest 

regression weight on collective efficacy (.435), followed by income on neighboring (.272), 

collective efficacy on crime victimization (-.236) and neighboring on crime victimization (.257). 

Hypotheses testing based on the results of the SEM is discussed in the following section. 

Additional analyses (not shown here) were conducted to improve the model fit of the 

revised SEM (figure 15). However, these analyses (i.e., reducing the items per construct, 

removing latent constructs) were unsuccessful. The goodness-of-fit statistics only slightly 

improved (statistics were still under .90). One reason why the model statistics, in particular the 

Tucker Lewis Index and the comparative fit index, are not meeting the critical values of .90 may 

be due to the dichotomous variables in my model (Kenny, 2014.). These model statistics 

depend on the average size of the correlations in the data and dichotomous variables have zero 

correlations with each other. In these events, the root mean square error of approximation for 
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the null model should be no smaller than 0.158, otherwise, an incremental measure of fit may 

not be that informative (Kenny, 2014).  

With the current fit statistics for my revised structural equation model, it is not 

necessary to artificially drop significant constructs. As is, the current revised structural equation 

model (figure 15) lends support for my thesis, although I cannot be completely confident. 

Additional testing is necessary, ideally with data meant to test my revised structural equation 

model.   
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Figure 14 Generic Structural Equation Model 
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Figure 15 Revised Structural Equation Model 
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Table 23  
Parameter Estimates for Generic and Revised SEM  

Generic Model Revised Model 
Indicator Std. 

Path 
Std. 
Error 

Z-value P-
value 

Indicator  Std. 
Path 

Std. 
Error 

Z-value P-
value 

Neighboring<-- 
Racial 
Homogeneity 
Neighborhood 

0.071 0.049 3.084 0.002 
Neighboring<-- 
Racial  
Homogeneity 
Neighborhood 

0.061 0.044 2.962 0.003 

Neighboring<--
Resident Tenure  

0.165 0.002 7.252 0.000 
Neighboring<--
Resident 
Tenure  

0.166 0.002 7.309 0.000 

Neighboring<-- 
Income 

0.271 0.008 11.524 0.000 
Neighboring<-- 
Income 

0.268 0.008 11.45 0.000 

Neighboring<-- 
Non-White 

-0.07 0.055 -3.359 0.001 
Neighboring<--  
Non-White 

-0.092 0.054 -4.541 0.000 

Neighboring<-- 
Male  

-0.089 0.044 -4.329 0.000 
Neighboring<-- 
Male  

-0.078 0.043 -3.935 0.000 

Collective Efficacy 
<--Racial  
Homogeneity 
Neighborhood 

0.241 0.054 11.134 0.000 

Collective 
Efficacy <--
Racial  
Homogeneity 
Neighborhood 

0.236 0.054 
 

11.052 
 

0.000 

Collective Efficacy 
<--Neighborhood 
Social Networks 

0.108 0.05 2.573 0.010 

Collective 
Efficacy <--
Neighborhood 
Social Networks 

0.134 0.045 3.570 0.000 

Collective Efficacy 
<--Non-
Neighborhood 
Social Networks 

0.06 0.041 1.781 0.075      

Collective Efficacy 
<--Neighboring 

0.438 0.044 11.619 0.000 
Collective 
Efficacy <--
Neighboring 

0.435 
 

0.044 11.505 0.000 

(table continues) 
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Table 23 
Parameter Estimates for Generic and Revised SEM (continued) 

Generic Model Revised Model 
Indicator Std. 

Path 
Std. 
Error 

Z-
value 

P-
value 

Indicator Std. 
Path 

Std. 
Error 

Z-
value 

P-value 

Collective Efficacy 
<--Family 
Disrupted 

0.028 0.116 1.37 0.171      

Neighborhood 
Social Networks 
<--Racial  
Homogeneity 
Neighborhood 

0.021 0.054 0.812 0.417      

Neighborhood 
Social Networks 
<--Resident 
Tenure 

0.222 0.002 8.417 0.000 

Neighborhood 
Social Networks  
<--Resident 
Tenure 

0.219 0.002 8.478 0.000 

Neighborhood 
Social Networks 
<--Income 

0.185 0.009 7.003 0.000 
Neighborhood 
Social Networks  
<--Income 

0.184 0.009 7.154 0.000 

Neighborhood 
Social Networks 
<--Family 
Disrupted 

0.005 0.111 0.211 0.833      

Non-
neighborhood 
Social Networks 
<--Racial  
Homogeneity 
Neighborhood 

-0.081 0.061 -2.729 0.006 

Non-
neighborhood 
Social Networks  
<--Racial  
Homogeneity 
Neighborhood 

-0.083 0.058 -2.929 0.003 

(table continues) 
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Table 23  
Parameter Estimates for Generic and Revised SEM (continued) 

Generic Model Revised Model 
Indicator Std. 

Path 
Std. 
Error 

Z-value P-
value 

Indicator Std. 
Path 

Std. 
Error 

Z-
value 

P-value 

Non-
neighborhood 
Social Networks 
<--Resident 
Tenure 

0.177 0.002 5.959 0.000 

Non-
neighborhood 
Social Networks  
<--Resident 
Tenure 

0.167 0.002 5.623 0.000 

Non-
neighborhood 
Social Networks 
<--Income 

0.143 0.01 4.783 0.000 

Non-
neighborhood 
Social Networks  
<--Income 

0.144 
 

0.01 4.846 0.000 

Non-
neighborhood 
Social Networks 
<--Family 
Disrupted 

 
0.016 

 

 
0.134 

 
0.532 

 
0.594      

Crime 
Victimization<--
Neighborhood 
Social Networks 

-0.045 0.059 -0.787 0.431      

Crime 
Victimization<--
Non-
neighborhood 
Social Networks 

0.146 0.048 3.125 0.002 

Crime 
Victimization<--
Non-
neighborhood 
Social Networks 

0.108 0.048 2.333 0.020 

Crime 
Victimization<--
Collective Efficacy 

-0.238 0.035 -5.714 0.000 
Crime 
Victimization<--
Collective 
Efficacy 

-0.236 0.035 -5.674 0.000 

Crime 
Victimization<--
Neighboring 

0.299 0.056 5.272 0.000 
Crime 
Victimization<--
Neighboring 

0.257 0.049 5.181 0.000 

(table continues) 
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Table 24  
Goodness-of-Fit Statistics for Generic and Revised SEM 
Index Criterion Generic Model Revised Model  
Chi-Square  Low 2780.784 2607.214 

Degrees of Freedom  ≥ 0 587 593 
P-value <=.05 0.000 0.000 
Likelihood Ration  <.40 .211 .227 
Normed Fit Index  >.90 0.821 0.832 
Adjusted Goodness of Fit Index  >.90 0.917 .922 
Comparative Fit Index  >.90 0.853 0.865 
Tucker Lewis Index  >.90 0.837 0.852 
Root Mean Square Error of 
Approximation  

≤ .08 
0.041 0.039 

Standardized Root Mean 
Square Residual  

≤ .08 
0.049 0.041 

 

 

Table 23  
Parameter Estimates for Generic and Revised SEM (continued) 

Generic Model Revised Model 
Indicator Std. 

Path 
Std. 
Error 

Z-
value 

P-
value 

Indicator Std. 
Path 

Std. 
Error 

Z-
value 

P-value 

Crime 
Victimization<--
Income 

0.106 0.011 3.513 0.000 
Crime 
Victimization<--
Income 

0.119 0.011 4.008 0.000 

Crime 
Victimization<--  
Non-White 

-0.039 0.075 
 

-1.368 0.171      

Crime 
Victimization<--
Male 

0.104 0.061 3.641 0.000 
Crime 
Victimization<--
Male 

0.099 
 

0.06 3.500 0.000 

Crime 
Victimization<--
Family Disrupted 

0.093 0.136 3.278 0.001 
Crime 
Victimization<--
Family Disrupted 

0.090 
 

0.134 3.203 0.001 



106 
 

 

Summary of Hypotheses Tested 

The following hypotheses were proposed in Chapter 3:  

H1: Collective efficacy has a direct negative effect on crime victimization.  

This hypothesis was supported. I found that collective efficacy has a direct negative 

effect on crime victimization (β = -.236, p ≤ 0.00).   

 

H2: Social networks have a direct negative effect on crime victimization. Social networks also 

have an indirect negative effect on crime victimization through increasing collective efficacy.  

These hypotheses were partly supported. Non-neighborhood social networks have a 

weak direct positive effect on crime victimization (β = .108, p ≤ 0.00). Examples of non-

neighborhood social networks include participation in church activities and recreational 

organizations activities, such as sports, book club, or card playing. Neighborhood social 

networks did not have a statistically significant direct relationship with crime victimization. 

However, neighborhood social networks have an indirect effect on crime victimization through 

increasing collective efficacy (β = .134, p ≤ 0.00).  This is consistent with my hypothesis. Non-

neighborhood social networks did not have a statistically significant indirect effect on crime 

victimization.  

 

H3: Neighboring has a direct negative effect on crime victimization and an indirect negative 

effect on crime victimization through increasing collective efficacy. 
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 These hypotheses were partly supported. Neighboring had a weak direct positive effect 

on crime victimization (β = .257, p ≤ 0.00).  However, neighboring also had an indirect negative 

effect on crime victimization through increasing collective efficacy (β = .435, p ≤ 0.00), as 

hypothesized. The total indirect effect for neighboring and crime victimization is -0.102, which 

is smaller than the direct effect of .257, which indicates an overall very weak positive effect 

between neighboring and crime victimization.  

 

H4: Residents from homogenous neighborhoods are more likely to neighbor, engage in social 

networks, and have collective efficacy and therefore are less likely to be crime victims 

compared to residents from racial/ethnic heterogeneous neighborhoods. 

These hypotheses were partly supported.  As hypothesized, residents in racial/ethnic 

homogeneous neighborhoods were more likely to neighbor compared to those in racial/ethnic 

heterogeneous neighborhoods (β = .061, p ≤ 0.00). Residents in racial/ethnic homogeneous 

neighborhoods were also more likely to increase collective efficacy (β = .236, p ≤ 0.00). On the 

other hand, residents from racial/ethnic homogeneous neighborhoods were less likely to 

engage in non-neighborhood social networks (β = -.083, p ≤ 0.00) compared to those in 

racial/ethnic heterogeneous neighborhoods and there was no statistically significant 

relationship between residents in racial/ethnic homogeneous neighborhoods and 

neighborhood social networks. 

 

H5: Resident tenure has an indirect negative effect on crime victimization through increasing 

social networks and neighboring, and through increasing collective efficacy. 
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These hypotheses were partly supported. First, resident tenure had an indirect negative 

effect on crime victimization through increasing neighborhood social networks (β = .219, p ≤ 

0.00) and then increasing collective efficacy (β = .134, p ≤ 0.00), as discussed in hypothesis 2. 

Resident tenure also had an indirect negative effect on crime victimization through increasing 

neighboring (β = .166, p ≤ 0.00) and then through increasing collective efficacy (β = .435, p ≤ 

0.00).  However, resident tenure did not have an indirect negative effect on crime victimization 

through increasing non-neighborhood social networks and then through increasing collective 

efficacy.  Although resident tenure increased non-neighborhood social networks (β = .167, p ≤ 

0.00), non-neighborhood social networks did not have a statistically significant relationship with 

collective efficacy.  

 

H6: Household income has a direct negative effect on crime victimization. Household income 

also has an indirect negative effect on crime victimization through increasing social networks 

and neighboring, and then through increasing collective efficacy.  

These hypotheses were partly supported. Inconsistent with my hypothesis, household 

income had a weak direct positive effect on crime victimization (β = .119, p ≤ 0.00). Consistent 

with my hypotheses, household income had an indirect negative effect on crime victimization 

through increasing neighborhood social networks (β = .184, p ≤ 0.00), and then through 

increasing collective efficacy (β = .134, p ≤ 0.00). Household income also had an indirect 

negative effect on crime victimization through increasing neighboring (β = .268, p ≤ 0.00), and 

then through increasing collective efficacy (β = .435, p ≤ 0.00). However, household income did 

not have an indirect negative effect on crime victimization through increasing non-
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neighborhood social networks and then through increasing collective efficacy.  Although 

household income increased non-neighborhood social networks (β = .144, p ≤ 0.00), non-

neighborhood social networks did not have a statistically significant relationship with collective 

efficacy. 

 

H7: Residents from disrupted families are more likely to be crime victims compare to intact 

families, and they are more likely to be crime victims because these residents engage in social 

networks less and have less collective efficacy. 

 These hypotheses were partly supported. Residents from disrupted families are more 

likely to be crime victims compared to those from intact families (β = .090, p ≤ 0.00). There 

were no statistically significant relationships between family disruption and neighborhood 

social networks, non-neighborhood social networks, or collective efficacy.  

 

H8: Males are more likely to be crime victims compared to females. I hypothesize that men are 

more likely to become crime victims because they neighbor less compared to women.  

 These hypotheses were partly supported. Males were more likely to be crime victims 

compared to females (β = .099, p ≤ 0.00). This was a weak relationship. Men neighbor less 

compared to women (β = -.078, p ≤ 0.00); however, neighboring has a dual nature with crime 

victimization (neighboring directly increases crime and indirectly decreases crime through 

collective efficacy).   
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H9: Non-whites are more likely to be crime victims compared to whites, and they are more 

likely to be crime victims because they are less likely to neighbor.  

 These hypotheses were partly supported. There was no statistically significant direct 

relationship between non-whites and crime victimization. Non-whites were less likely to 

neighbor compared to whites (β = -.092, p ≤ 0.00); however, neighboring has a dual nature with 

crime victimization (neighboring directly increases crime and indirectly decreases crime through 

collective efficacy).  
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Chapter 6 

DISCUSSION AND CONCLUSION 

 This chapter summarizes and discusses the findings in this study. This chapter also 

presents the implications of the findings. Finally, this chapter identifies the limitations of this 

study and presents recommendations for future research.  

 

Summary of Findings and Discussion 

There is a long-standing debate about the sources of neighborhood influence on crime 

victimization. To address this debate, the systemic model, which is grounded in social 

disorganization theory, argues that social ties are a prerequisite for effective informal social 

control, which in turn reduces crime victimization. However, many studies do not test the full 

systemic model (e.g., due to problems with conceptualization and measurement). Furthermore, 

I argue that the systemic model is an oversimplification of the relationship between 

neighborhoods and crime victimization. 

I developed an alternative to the systemic model as a way to address these major 

outstanding analytical issues. Although my alternative model is similar to the [full] systemic 

model, it incorporates neighboring, which clarifies conceptual and measurement confusion in 

the literature. In my alternative model, I make a conceptual distinction between neighboring 

and social networks, and develop measures of each concept that are clearly distinguishable 

from each other. Neighboring represents social support and attachment whereas social 

networks represent organizational participation, which reflect linkages or pathways between a 

community and its institutions. While neighboring and social networks generate social capital, 
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collective efficacy is the action component in my model. Unlike the systemic model, my 

alternative model does not assume that friendship is required for neighboring and social 

networks. The purpose of this study is to develop and test my alternative model. I test new 

hypotheses not originally included in the systemic model. Although different from the systemic 

model, my results have implications for clarifying social disorganization theory. 

 

My Alternative Model 

Overall, I found partial support for my hypothesized [alternative] model (see figure 3). 

The results supports my argument that the systemic model is too simplistic, but the 

relationships among the variables are not exactly as I hypothesized. Three hypothesized effects 

among the latent variables were in the expected direction. Collective efficacy directly reduces 

crime victimization. Neighborhood social networks and neighboring both have an indirect 

negative effect on crime victimization through collective efficacy.  

The remaining relationships were not expected. Neighborhood social networks did not 

have a statistically significant direct relationship with crime victimization as hypothesized. 

Additionally, I found that both non-neighborhood social networks and neighboring directly 

increase crime victimization, contrary to what I hypothesized. Interestingly, I also found that 

neighborhood social networks and neighboring positively effect collective efficacy, which in 

turn reduces crime victimization.  

Among the hypothesized effects between the social structural variables and the latent 

variables, the majority of my hypotheses were supported. Disrupted families and males both 

have a direct positive effect on crime victimization, consistent with my hypotheses. Non-whites 
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are less likely to neighbor compared to whites, which is also consistent with my hypothesis. 

Finally, racial/ethnic homogeneous neighborhoods were associated with higher collective 

efficacy, neighboring, and one type of social networks (non-neighborhood social networks) 

compared to racial/ethnic heterogeneous neighborhoods. However, there were no statistically 

significant relationships between racial/ethnic homogeneous neighborhoods and neighborhood 

social networks or between non-whites and crime victimization, as hypothesized. Higher 

household income has a direct positive effect on crime victimization, which is opposite than 

predicted.  

Another major contribution of this study is clarifying measurement inconsistencies. I 

found that neighboring and social networks are empirically distinct concepts, as theorized. 

However neighboring does not contain sub-dimensions as hypothesized. Theoretically, 

neighboring measures supportive acts and neighborhood attachment. Furthermore, I did not 

expect two separate social network constructs (neighborhood and non-neighborhood social 

networks). My findings should help researchers when deciding which indicators to use in future 

research; however, more testing is needed.  

 

Social Disorganization Theory 

The results from this study show modest support for the systemic model. In this study, 

the only relationship consistent with the systemic model was between collective efficacy and 

crime victimization. However, my other findings provide an important advancement for the 

systemic model. As I argued, my results show the systemic model is too simplistic. My findings 

show that non-neighborhood social networks and neighboring had direct effects on crime 
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victimization. Both neighboring and non-neighborhood social networks increase crime 

victimization. Neighboring also positively effects collective efficacy, which in turn reduces crime 

victimization. Although inconsistent with social disorganization theory, some previous research 

shows a dual nature for neighboring (neighboring is often measured as social networks) - 

neighboring both increases collective efficacy and increases crime victimization (see Browning, 

Feinberg, and Dietz, 2004; Bellair and Browning, 2010). 

There are several interpretations for why neighboring (however operationalized) has a 

dual nature. One interpretation is that while neighboring promotes cohesion and orientations 

for collective efficacy, neighboring also generates social capital for offenders who may embed 

themselves in local networks or communities, referred to as the negotiated coexistence model 

by Browning, Feinberg, and Dietz (2004). Another interpretation is that weak neighboring 

exerts minimal regulatory effects on crime victimization. Specifically, weak social contact may 

facilitate trust and share values without also fostering mutual obligations for collective action.  

Inconsistent with the systemic model, I also found that disrupted families did not have 

an indirect relationship with crime victimization. Instead, there is only a direct relationship 

between family disrupted and with crime victimization. Among the relationships that supported 

the theory, resident tenure and (higher) household income were both associated with higher 

rates of neighboring, neighborhood social networks, and non-neighborhood social networks. 

Furthermore, racial/ethnic homogeneous neighborhoods were associated with higher collective 

efficacy compared to racial/ethnic heterogeneous neighborhoods. The theory posits that 

collective efficacy should be higher in racial/ethnic homogeneous neighborhoods. 
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 Furthermore, my findings indicate that social networks contain two separate empirical 

dimensions – neighborhood social networks and non-neighborhood social networks – not one 

dimension as previously predicted. These two social network constructs impact crime 

victimization differently. Neighboring and social networks are also distinct empirical 

phenomena, albeit they are related. These findings help to clarify the relationships between 

neighboring, social networks, and collective efficacy on crime victimization.  

 

Implications of the Findings 

The findings from this study have important implications for advancing research on the 

theory of the systemic model. As theorized, this study shows that the systemic model is more 

complex than previously predicted and it offers insight into the complex relationships among 

neighboring, neighborhood and non-neighborhood social networks, collective efficacy, and 

crime victimization. For example, neighboring and social networks are not only different 

constructs, but they effect crime victimization in very different ways. As previously discussed, 

neighboring directly and indirectly effects crime victimization; it also has a dual nature with 

crime victimization. Non-neighborhood social networks directly increase crime victimization, 

whereas neighborhood social networks indirectly decrease crime victimization. 

Of interest here are the relationships between neighboring and both types of social 

networks on crime victimization. It is unclear why they effect crime victimization differently as 

they are closely related constructs. Perhaps these relationships are task dependent. For 

example, Wickes, Hipp, Sargeant, and Homel (2013) found collective efficacy for violence, child 

centered control and political/civic matters were distinct constructs. Additionally, these authors 



116 
 

also found that neighborhood level cohesion only increases collective efficacy regarding 

controlling children, and at the same time, social ties were positively related to cohesion as well 

as all types of collective efficacy. Wickes, Hipp, Sargeant, and Homel (2013) point out that an 

overlooked component of the theory is the task specific nature of collective efficacy - which 

serves a more useful purpose than simply refining measurement. Their research may have 

implications for my model, as the extent to which the task specific nature of not just collective 

efficacy, but also neighboring and social networks is unknown. Future scholarship should 

consider the task at hand and the degree to which the task requires collective action versus 

individual action. 

 This study also includes social structural characteristics that are often missing from the 

literature. I added two variables to my model that have implications for social disorganization 

theory. First, I included gender. Gender is not traditionally included in social disorganization 

research. However, research shows that crime victimization is generally higher for males than 

females (Lauritsen and Heimer, 2008). For example, there are gender gaps between men and 

women in robbery victimization, aggravated assault victimization, and simple assault 

victimization. Furthermore, males are consistently found to be less active in neighboring than 

women (Campbell and Lee, 1990; Kusenbach, 2006). This study found that males had a direct 

positive relationship with crime victimization and were also less likely to neighbor compared 

with females. To help clarify the relationship between gender and neighboring and given the 

strong relationship between gender and crime victimization, I argue that gender should be 

included as a variable in future research. 
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Second, I included race/ethnicity in my in model. Although previous research indicates 

inconsistent racial difference in neighboring, some studies demonstrate that blacks are less 

likely to engage in social neighboring compared to non-blacks (Nation, Fortney, and 

Wandersman, 2010; Ignatow, Poulin, Hunter, and Comeau, 2013). My study found that whites 

were less likely to neighbor compared with non-whites. To help clarify the relationship between 

race/ethnicity and neighboring, I argue that race/ethnicity should be included in future 

research. 

 Additional research will not only help the theory, but also policies and programs 

targeted at neighborhood crime prevention, which is a perennial goal of government and other 

community interventions (Chaskin, Brown, Venkatesh, and Vidal, 2001). If it is the efficacious 

nature of a neighborhood rather than its support or social networks that constitute the social 

mechanism for explaining between-neighborhood variations in crime victimization, then 

policies that encourage neighboring, social ties, and organizational participation seem 

misguided. On the other hand, there may be specific issues that require targeted interventions 

or neighbor involvement, so identifying the factors or behaviors associated with increased 

community regulation must be the next goal of researchers. Until we know more, 

neighborhood interventions and revitalization efforts should focus directly on supporting 

cohesion and attachment among residents, thereby generating collective efficacy and reducing 

crime victimization. The influences for collective efficacy can differ by neighborhood context.  

In summary, my findings provide insight into the complex relationships among 

neighboring, neighborhood and non-neighborhood social networks, collective efficacy, and 

crime victimization. Even with this insight, there is still a lack of theoretical clarity among these 
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variables. Although theories of neighborhood social disorganization have not fully explained 

these relationships, my research points the direction for future research.   

 

Limitations and Directions for Future Research 

Several limitations exist with my study. First, my alternative model may have a temporal 

order problem. Consistent with social disorganization theory, my model assumes crime 

victimization is the outcome of neighboring, social networks, and/or collective efficacy. 

However, it is possible that crime victimization happens first; that neighboring, social networks 

and/or collective efficacy is the result of crime victimization. Second, my alternative model is 

limited to a stereotypical concept of crime victimization (e.g., street crime victimization) within 

neighborhoods. My alternative model does not address many other important types of crime 

victimization, such corporate crime or white-collar crime. This limitation is common in all social 

disorganization research. Third, conceptualization and operationalization of all concepts is 

limited to the data available in the dataset. Not all variables were measured exactly as they 

were in other studies (e.g., I measured household income rather than socio-economic status).  

The findings and limitations of this study point to directions for future research. The 

findings suggest that we need a theoretical elaboration of the processes between neighboring, 

neighborhood and non-neighborhood social networks, collective efficacy, and crime 

victimization. Future research would greatly benefit from a more detailed and subtle 

understanding of the joint influence of social networks and neighboring on the control and 

facilitation of crime victimization. Qualitative studies may play a key part in advancing our 

understanding of the joint influence of social networks and neighboring; most studies are 
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quantitative. For example, Desmond’s (2012) qualitative work could serve as an analytical tool 

for future research. As argued in this study, the binary between weak and strong social contact 

(e.g., neighboring or social networks) may not be very useful in examining neighborhoods in 

21st century America. In his qualitative study, Desmond shows that the function, not the 

strength, of the social network is more important. Unfortunately, my data did not allow me to 

test this hypothesis. However, future research could test whether Desmond’s conceptualization 

of social networks sheds light into the dual nature of neighboring and social networks on crime 

victimization.  

As discussed in the previous section, future research should consider whether 

neighboring, social networks, and collective efficacy are a task specific processes. In addition, 

results from this study need to be tested with better data, data that is meant to specifically test 

the relationships between the concepts in my empirical model, including the social structural 

variables included in my study. This would also advance our understanding of the findings in 

this study.  

Continued efforts to collect data at the neighborhood and block level will allow future 

research to test the negotiated coexistence model by Browning, Feinberg, and Dietz (2004). 

Another possibility for future research is to specify the relationship between neighboring, 

neighborhood social networks and collective efficacy for specific types of crime victimization. 

Additional testing of measurement models for social networks and neighboring are welcomed, 

even though the findings of my measurement models are promising. Lastly, future research 

should test the systemic theory in different neighborhood contexts (e.g., neighborhoods in the 

urban core, neighborhoods with gentrification, neighborhoods in the inner ring suburbs, 



120 
 

neighborhoods in new urban areas within cities, pedestrian neighborhoods, ethnic 

neighborhoods, etc.).  

  



121 
 

 

APPENDIX 

 

CORRELATION MATRICES FOR VARIABLES USED IN ANALYSIS  
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Table A.1 
Correlation Matrix of Social Network (SN), Neighboring (Nghr), Collective Efficacy (CE) and Crime Victimization (CV) by Social 
Structural Variables, Seattle Adults, 2002-2003 
Variables Race/Ethnic 

Homogeneous 
Resident 
Tenure 

Income Family 
Disrupted 

Male Non-
White 

SN–block party .093** .179** .098** .023 -.028 -.081** 
SN–other block party .025 .097** .122** .021 -.024 -.071** 
SN–church .009 .189** -.015 .027 -.029 .064** 
SN–recreational orgs .005 -.025 .134** .004 -.030 .017 
SN–service orgs -.046* .065** .056** -.027 .022 .019 
SN–race/ethnic orgs -.032 .064** -.020 .015 -.045* .132** 
SN–neighborhood associations .042 .140** .083** -.020 -.011 -.071** 
SN–other orgs .001 .053* .070** .018 -.050* -.046* 
Nghr–first name .124** .252** .202** .035 -.065* -.113** 
Nghr–borrow tools .096** -.023 .179** -.005 -.041 -.104** 
Nghr–lunch or dinner .073** .056 .105** .009 -.058** -.100** 
Nghr–help with problem .048* .165** .108** .011 -.004 -.096** 
Nghr–asked personal questions .076** -.078** .152** .028 -.059** -.091** 
Nghr–said hello .102** .065** .165** .011 -.052* -.090** 
Nghr–stranger on block .096** .159** .138** .027 -.020 -.037 
Nghr–talk crime -.001 .078** .066** .021 -.045* -.057** 
Nghr–likely miss neighborhood .159** .048* .116** ,014 -.091** -.044** 
Nghr–neighbor watch my home .120** .188** .249** .035 -.088** -.136** 
CE–intervene if skipping school .193** .167** .145** .046* -.051* -.061** 
CE–intervene if spraying graffiti .211** .109** .233** .019 -.019 -.082** 
CE–intervene if disrespect adult .145** .123** .055** -.003 .011 -.041 
CE–intervene if kids fighting .145** .064** .166** .011 -.029 -.044** 
CE–cohesion, people trustworthy .244** .149** .191** .027 -.038 -.125 
CE–cohesion, people help neighbors .204** .108** .174** .017 -.034 -.131** 
CE–cohesion, adults know kids .187** .145** .126** .041 -.003 -.067** 
CV–property, damage to home -.024 .053* .049* .050* .017 -.001 
CV–property, stolen property -.023 -.026 .067** .021 .011 -.020 
CV–property, car stolen or broken into -.045* .065** .032 .021 .037 -.042* 
CV–property, broken into home  .013 -.028 .184** .048* .048* -.084** 
CV–person, verbally threatened -.043* -.092** -.018 .049* .113* .021 
CV–person, physically attacked -.001 -.072** -.011 .028 .093** .076** 
CV–person, something stolen by force 
(e.g., mugging) 

.001 -.026 -.013 -.018 .052* -.002 

*p-value = .05; **p-value=.01 
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Table A.2 
Correlation Matrix of Neighboring (Nghr), Collective Efficacy (CE), and Crime Victimization (CV) by Social Networks (SN), 
Seattle Adults, 2002-2003 
Variables SN–

block 
party 

SN–
other 
block 
party 

SN–
church 

SN–
recreational 
group 

SN–
service 
orgs 

SN–
race/ethnic 
orgs 

SN–
neighborhood 
associations 

SN–
other 
orgs 

Nghr–first name .287** .364** .148** .157** .135** .103** .261** .164** 
Nghr–borrow tools .155** .294** .035 .158** .095** .047* .148** .068** 
Nghr–lunch or dinner .159** .347** .098** .186** .113** .066** .249** .129** 
Nghr–help with 
problem 

.182** .280** .087** .134** .165** .080** .220** .158** 

Nghr–asked personal 
questions 

.166** .273** .030 .198** .122** .062** .167** .134** 

Nghr–said hello .147** .250** .079** .167** .125** .085** .168** .115** 
Nghr–stranger on 
block 

.172** .210** .099** .096** .069** .083** .132** .104** 

Nghr–talk crime .208** .259** .067** .113** .124** .057** .232** .142** 
Nghr–likely miss 
neighborhood 

.124** .209** .060** .134** .084** .031 .128** .094** 

Nghr–neighbor watch 
my home 

.219** .203** .072** .127** .067** .047* .170** .108** 

CE–intervene if 
skipping school 

.181** .198** .104** .070** .047* .045* .149** .088** 

CE–intervene if 
spraying graffiti 

.128** .140** .041 .058** .031 .014 .123** .064** 

CE–intervene if 
disrespect adult 

.147** .177** .094** .077** .062* .053* .166** .069** 

CE–intervene if kids 
fighting 

.158** .158** .053* .078** .074** .015 .101** .037 

CE–cohesion, people 
trustworthy 

.127** .159** .052* .061** .051* .027 .089** .079** 

CE–cohesion, people 
help neighbors 

.177** .242* .093** .088** .066** .018 .133** .065** 

CE–cohesion, adults 
know kids 

.205** .215** .099** .084** .095** .042* .127** .084** 

CV–property, damage 
to home 

.005 .028 -.019 .008 .091** .057** .014 .022 

CV–property, stolen 
property 

.002 .038 .007 .049* .056** .045* .037 .037 

CV–property, car 
stolen or broken into 

.046* .066** .004 .032 .068* .051* .094** .061** 

CV–property, broken 
into home  

.047* .054* -.077** .070** .018 .033 .026 .034 

CV–person, verbally 
threatened 

-.001 .021 -.061** .035 .033 .052* -.023 .058** 

CV–person, physically 
attacked 

-.032 .027 -.008 .031 .010 .091** -.003 .067** 

CV–person, something 
stolen by force (e.g., 
mugging) 

-.021 .052* -.028 .039 .048* .038 .025 .063** 

*p-value = .05; **p-value=.01 
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Table A.3 
Correlation Matrix of Collective Efficacy (CE) and Crime Victimization (CV) by Neighboring (Nghr), Seattle Adults,  
2002-2003 
Variables Nghr–

first 
name 

Nghr–
borrow 
tools 

Nghr–
lunch or 
dinner 

Nghr–help 
with 
problem 

Nghr–
asked 
personal 
questions 

Nghr–
said 
hello 

Nghr–
stranger 
on block 

Nghr–
talk 
crime 

Nghr–
likely 
miss 

Nghr–
neighbor 
watch my 
home 

CE–intervene if 
skipping school 

.272** .147** .173** .175** .113** .188** .260** .090** .218** .212** 

CE–intervene if 
spraying graffiti 

.213** .132** .152** .146** .094** .216** .198** .100** .203** .180** 

CE–intervene if 
disrespect adult 

.193** .165** .184** .182** .133** .148** .224** .090** .128** .147** 

CE–intervene if 
kids fighting 

.195** .173** .128** .158** .118** .208** .242** .072** .188** .191** 

CE–cohesion, 
people 
trustworthy 

.289** .183** .143** .168** .151** .206** .206** .043* .278** .192** 

CE–cohesion, 
people help 
neighbors 

.345** .275** .233** .279** .243** .289** .261** .149** .282** .277** 

CE–cohesion, 
adults know kids 

.349** .230** .214** .236** .230** .246** .355** .144** .236** .256** 

CV–property, 
damage to home 

.012 .037 .016 .059** .032 .008 -.030 .067** -.058** .015 

CV–property, 
stolen property 

.037 .058** .045* .097** .089** .052* .032 .090** .001 .058** 

CV–property, car 
stolen or broken 
into 

.038 .036 .057** .109** .048* .021 -.033 .106** -.019 .031 

CV–property, 
broken into 
home  

.071** .094** .068** .075** .094** .042* .007 .108** -.022 .063** 

CV–person, 
verbally 
threatened 

-.011 .030 .024 .062** .059** .020 -.004 .067* -.089** .010 

CV–person, 
physically 
attacked 

.014 .011 .015 .060** .036 .004 -.008 .044* -.052* -.010 

CV–person, 
something stolen 
by force (e.g., 
mugging) 

.046* .041 .041 .032 .041 .011 .017 .020 .000 -.002 

*p-value = .05; **p-value=.01 
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Table A.4 
Correlation Matrix of Crime Victimization (CV) by Collective Efficacy (CE), Seattle Adults, 2002-2003 
Variables CE–intervene 

if skipping 
school 

CE–intervene 
if spraying 
graffiti 

CE–intervene 
if disrespect 
adult 

CE–intervene 
if kids fighting 

CE–cohesion, 
people 
trustworthy 

CE–cohesion, 
people help 
neighbors 

CV–property, 
damage to home 

-.051* .024 -.078** -.080** -.058** -.015 

CV–property, 
stolen property 

-.016 .027 -.001 .001 -.023 .005 

CV–property, car 
stolen or broken 
into 

-.009 .005 -.019 -.030 -.022 -.028 

CV–property, 
broken into home  

.001 .036 -.018 .019 .007 -.008 

CV–person, 
verbally 
threatened 

-.010 -.015 -.027 -.063** -.085** .001 

CV–person, 
physically 
attacked 

-.036 -.016 -.017 -.026 -.052* .039 

CV–person, 
something stolen 
by force (e.g., 
mugging) 

-.008 -.012 .007 -.001 .003 .014 

*p-value = .05; **p-value=.01 
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