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ABSTRACT 

DOES SOCIAL DISORGANIZATION IMPACT INDIVIDUALS’ FEAR OF CRIME? 

RESULTS FROM A COMMUNITY SURVEY 

Jordan L. Nichols, M.A 

George Mason University, 2016 

Thesis Director: Dr. Cynthia Lum 

 

This study uses individual characteristics and indicators of social disorganization to 

model the variation in fear of crime in Fairfax County, Virginia. While the theory of 

social disorganization is traditionally employed to explain the presence of crime and 

deviance, I utilize the model to better understand variations in fear of crime among 

individuals. Disorganization is assessed indirectly by measuring its neighborhood-level 

determinants and is supplemented by four direct measures—the ability of a community to 

supervise teen peer groups, loitering, graffiti, and consumption of alcohol in public 

spaces. The study relies on data from the Center for Evidence-Based Crime Policy’s 

(CEBCP) Fairfax Community Survey, the U.S. Census American Community Survey, 

and the Fairfax County Police Department. While some of the individual-level variables 

significantly predict general fear of crime and fear of burglary and robbery, the 
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intervening dimensions of social disorganization were most important in increasing the 

explanatory power of the models. 
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CHAPTER 1: INTRODUCTION 

Crime inflicts a variety of consequences in society. Crime can disrupt an 

individual’s ability to function in their community by imposing physical injury, financial 

loss, or exacerbating psychological stress. Among the psychological consequences of 

crime is fear. Fear is one of the most far-reaching effects of crime because it can spread 

without direct victimization experiences. Fear of crime can affect citizens’ quality of life 

by facilitating negative behavioral changes. While a degree of fear may be useful to 

encourage individuals to take precautions that reduce their risk of victimization, 

excessive fear can facilitate behavior that, when aggregated at the neighborhood level, 

may actually increase levels of crime.  

When residents, fearful of crime, withdraw from community life by choosing to 

stay indoors or divesting from maintaining an attractive community, this signals that their 

neighborhood is in decline (Skogan, 1986). Fear of crime impacts individuals in the 

communities as well as businesses that often deteriorate as residents become further 

divested from their neighborhoods. Skogan (1986) summarizes a problematic feedback 

loop through which fear of crime increases the prevalence of crime in the community: 

“[Fear] can work in conjunction with other factors to stimulate more rapid 

neighborhood decline. Together, the spread of fear and other local problems 

provide a form of positive feedback that can further increase levels of crime. 
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These feedback processes include (1) physical and psychological withdrawal from 

community life; (2) a weakening of the informal social control processes that 

inhibit crime and disorder; (3) a decline in the organizational life and mobilization 

capacity of the neighborhood; (4) deteriorating business conditions; (5) the 

importation and domestic production of delinquency and deviance; and (6) further 

dramatic changes in the composition of the population. At the end lies a stage 

characterized by demographic collapse” (p. 215). 

The preponderance of empirical evaluations of fear of crime focus on the 

characteristics of individual respondents rating their level of fearfulness in survey 

research (Hale, 1996). These surveys generally find that gender, race, and age are 

significant predictors of fear. A smaller number of studies also suggest that income and 

education are important predictors of an individual’s fearfulness of crime. Though these 

individual models have shown predictive value, they neglect environmental factors which 

can also influence individuals’ degree of fearfulness. Place-based models of fear of crime 

are a useful supplement to the literature regarding individual-level correlates of fear of 

crime because they provide additional insight into how the characteristics of one’s 

immediate environment can contribute to fear, further illuminating an avenue through 

which problematic levels of fear can be addressed in local communities.  

The purpose of this study is to examine whether neighborhood characteristics 

associated with social disorganization predict residents’ fear of crime. Early theorists like 

Shaw and McKay (1942) identified ethnic heterogeneity, poverty, mobility, and rapid 

population growth as four structural antecedents of social disorganization. The 
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disorganization thought to ensue from these structural characteristics refers to a variety of 

neighborhood complications that arise when a community structure is unable to realize 

shared values, mobilize residents to solve jointly experienced problems, or exert informal 

social control (Sampson & Groves, 1989). Both Shaw and McKay, as well as more recent 

theorists within the social disorganization tradition (see Sun, Tripplett, & Gainey, 2004; 

Taylor & Covington, 1993) point to a community’s inability to supervise teen peer 

groups as a major indicator of disorganization. Disorganization theorists posit that such 

disorganization increases levels of crime and deviance within communities. While the 

theory of social disorganization is traditionally employed to explain the presence of crime 

and deviance, I use the model to examine variations in fear of crime at the individual 

level. I, like Skogan, posit that social disorganization’s explanatory value is not limited to 

crime. Can disorganization theory explain fear of crime? I test this proposition in the 

present study.  

This study takes place in Fairfax County, Virginia, an affluent suburb 

approximately 15 miles outside of Washington, D.C. Shaw and McKay, using Burgess’ 

(1967[1925]) vision of cities as concentric zones, hypothesized that delinquency rates 

would be higher in inner-city areas. They conceptualized suburbia as the outermost zone, 

characterized by little mobility, a homogenous population, and high employment. While 

Fairfax County may be characterized by lower rates of mobility and higher employment, 

it may not be the homogenous population Shaw and McKay expected to reside in a 

suburban area. In Fairfax County, 36.4 percent of households speak a language other than 

English at home. Further, Fairfax County and its residents benefit from more resources 



4 

 

compared to U.S. counties and their residents more generally. Fairfax County has a 

budget larger than four states. Its residents are also better off financially. The median 

household income in Fairfax County is more than twice the national average while the 

poverty rate is less than half. How well can the theory of social disorganization predict 

fear of crime among residents in a more suburban context? 

This study extends the current literature in two ways. First, it adopts a social 

disorganization framework to explain fear of crime rather than crime and deviance. 

Second, it applies a social disorganization framework in a suburban context. This study 

builds on a small literature which includes structural environmental factors to assess fear 

of crime through a social disorganization lens (see Brunton-Smith & Sturgis, 2011 and 

Hale, Pack, & Salked 1994). Both Brunton-Smith and Sturgis (2011) and Hale et al. 

(1994) use British Crime Survey data to assess fear of crime. Hale et al. (2011) attempt to 

account for the context of communities by dichotomizing neighborhoods as inner-city or 

non-inner-city. The authors acknowledge that their “results suggest that [their 

dichotomous conceptualization] may be inadequate…for North America and the United 

Kingdom and that more detailed conceptualization of neighborhood conditions is 

required. Such a conceptualization would place less emphasis on location and more on 

environment and resources” (Hale et al., 1994, p.  219). Given this perspective, Fairfax 

County is not only unique in terms of a suburban to urban contrast, but also in terms of an 

immense resource differential that exists between the county and most other U.S. 

counties.  
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In 2015, the Fairfax County Police Department (FCPD) commissioned the Center 

for Evidence-Based Crime Policy (CEBCP) to conduct a survey of Fairfax County 

residents to better understand community sentiment about the police and crime (see Lum, 

Johnson, Nichols, Grieco, & Wu, 2016). The present analysis uses that survey to take a 

closer look at the relationship between residents’ fear of crime and the context of the 

neighborhood in which they live. Fear of crime, resident-level demographic 

characteristics, and intervening characteristics of social disorganization are captured in 

the survey, while the U.S. Census is used to gather other characteristics of neighborhoods 

such as ethnic heterogeneity, poverty, residential mobility, and population growth. 

Finally, calls for service data from the FCPD are aggregated to create measures of crime 

in places where survey participants live. Using regression analysis, I explore the 

relationship between structural neighborhood characteristics, intervening dimensions of 

social disorganization, individual characteristics, and reported fear of crime. 
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CHAPTER 2: LITERATURE ANALYSIS 

The modern concept of “fear of crime” gained political salience in the 1960s 

during Lyndon B. Johnson’s presidency. In a special message to Congress on crime and 

law enforcement, President Johnson presented the following remarks. 

Crime—the fact of crime and the fear of crime—marks the life of every 

American… We know its costs in dollars—some $27 billion annually. We know 

the cost it inflicts on thousands—in death, injury, suffering and anguish. We 

know the still more widespread cost it exacts from millions in fear—fear that can 

turn us into a nation of captives imprisoned nightly behind chained doors, double 

locks, barred windows—fear that can make us afraid to walk city streets by night 

or public parks by day. These are costs a truly free people cannot tolerate 

(Johnson, 1966).  

The following year, the President’s Commission on Law Enforcement and 

Administration of Justice (PCLEAJ) acknowledged the significance of fear of crime, 

arguing that “the most damaging of the effects of violent crime is fear” (1967, p. 3). In 

addition to these strong words, they commissioned three crime surveys which, for the 

first time, included questions about public attitudes toward crime and perceptions of 
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safety. Within five years following President Johnson’s address, two national surveys 

were developed that systematically measure fear of crime. The General Social Survey 

and the National Crime Survey (today referred to as the National Crime Victimization 

Survey), first administered in 1972 and 1973, respectively, paved the way for scholars to 

begin studying the causes and consequences of fear of crime in the United States. 

Defining and Measuring Fear of Crime 
What is fear of crime? Though the answer to this question seems quite obvious, in 

practice, evaluations systematically conflate fear of crime to encompass a variety of 

perceptions and emotions. The criminological study of fear often conflates fear with 

worry or perceptions of risk. It also fails to accurately capture the general “crime” of 

which individuals are supposedly fearful. In some cases, measures of fear of crime are 

broad and are more akin to general worry or unease. In others, respondents to rate their 

level of fear too narrowly with responses based on fear of certain crimes, while 

neglecting fear of other crimes purportedly captured by the construct.    

Over the years, scholars have debated how to best measure the difficult construct, 

which Ferraro and LaGrange define as “the negative emotional reaction generated by 

crime or symbols of crime” (1987, p. 73). The tenuous link between “fear of crime” and 

“fear” of “crime” is more explicitly shown in Smith’s (1989) definition, which 

characterizes fear of crime as “an expression of the sense of powerlessness and 

uncertainty that accompanies much of urban life” (p. 198). In fact, as early as the 1960s, 

PCLEAJ alluded to what would come to be termed “urban unease” when they wrote that 

“the fear of crimes of violence is not a simple fear of injury or death or even of all crimes 
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of violence, but, at the bottom, a fear of strangers” (1967, p. 52). Smith’s (1989) 

definition contributes to this discussion by acknowledging the impact that the structure of 

an environment has on the levels of fear individuals within that environment experience.  

 The existing literature is further complicated by the tendency to conflate an 

individual’s fear of crime with their perception of risk. An individual’s perception of risk 

is based on how likely they feel they are to become a victim of crime. Perceived risk is a 

cognitive assessment, while fear is an emotion. Fear of crime is a multiplicative factor of 

perceived risk of victimization and the consequences (severity) of victimization (Warr, 

2000). Literature demonstrating unique relationships between perceptions of risk and fear 

of crime with outside factors further strengthens the argument that these constructs are 

empirically distinct. For example, LaGrange, Ferraro, and Supancic (1992) found a 

significant relationship between perceptions of risk and community incivilities but a 

nonsignificant relationship between incivilities and fear of crime. The distinction between 

fear of crime and perception of risk is critical for both accurate empirical evaluations and 

normative considerations of the rationality of these phenomena.  

By rationality, I refer to whether an individual’s level of fear is appropriate given 

the objective risk that they will become a victim of crime. Warr (2000) argues that it is 

inappropriate to assess fear of crime from a frame of rationality because “the concept of 

rationality implies a high degree of correspondence between some subjective 

phenomenon (perceived risk, fear) and an objective standard counterpart” (p. 478). 

Perceived risk has an objective counterpart to which it can be compared (actual risk) but 

fear does not, making it impossible for researchers and policy makers to determine how 
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much fear is justified. As such, researchers are unable to identify a threshold at which 

fear surpasses its constructive property (encouraging individuals to take protective 

measures to guard against potential victimization) and detrimentally affects individuals 

and communities, sometimes in ways that increases their risk of victimization.  

Skogan (1986) applies social disorganization theory to the issue of fear of crime. 

He argues that “fear stimulates withdrawal from the community, weakens informal social 

control mechanisms, contributes to the declining mobilization capacity of the 

neighborhood, speeds changes in local business conditions, and stimulates further 

delinquency and disorder. These problems feed on themselves, spiraling neighborhoods 

deeper into decline” (p. 204). Fear is, then, both a product of and driver of community 

decline.  

The difficulty of defining fear of crime extends to considerations about how to 

best measure it. Respondents rate their level of fear differently depending on whether 

their views are captured by a general question on their fearfulness of crime or offense-

specific questions. As a result, Warr (2000) argues that “omnibus measures are useful as 

a compliment to, but not a substitute for, offense-specific measures of fear” (p. 459). 

General fear of crime questions might conflate fear of crime with other phenomenon such 

as urban unease (see Wilson, 1968), or they might reflect fear of a specific crime rather 

than crime generally, leaving little information for those seeking policy implications in 

these studies. Further, other popular measures of fear fail to capture different types of 

crime. Fear of crime studies that measure respondents’ feelings of safety when walking 

alone in their neighborhood during the day and at night neglect fearfulness of crimes like 
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burglary which occur in homes rather than neighborhood streets. These global measures 

of perceived fear and safety fall short because they reflect attitudes about certain crimes 

and not others without providing an avenue to detect where significant determinants of 

fear occur.  

Fear of Crime and Actual Crime 
The relationship between fear of crime and actual crime is unclear. While some 

studies indicate a significant relationship between fear of crime and individual 

victimization experiences (Smith & Hill, 1991), others find that such experiences are only 

marginally related to fear (Liska, Sanchirico, & Reed, 1988). Though crime rates have 

declined fairly consistently over the past few decades, fear of crime has remained fairly 

constant or risen (Cordner, 2010). Some view this general trend as a paradox. However, 

recalling Warr’s (2000) calculation for fear of crime, the factor of perceived risk and 

seriousness of victimization, it is clear that a variety of attenuating factors may weaken 

the correlation between fear of crime and actual crime.  

Some suggest that the limited effect of crime on fear of crime can be explained by 

the tendency of individuals to inaccurately perceive their risk of victimization. 

McPherson (1978) found evidence that suggests the opposite—citizens were able to 

accurately estimate the probability that they would become victims of robbery, assault, or 

rape. Residents’ ability to accurately perceive their risk of victimization should increase 

the degree of correspondence between fear of crime and official crime. Results from 

Skogan and Maxfield’s (1981) research confirms this correspondence, observing that 

individuals reporting that they feel unsafe in their communities after dark tend to live in 
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communities with higher crime rates. Despite the findings highlighted above, the 

literature fails to provide a clear relationship between fear of crime and actual crime. 

These findings are important for police departments wishing to reduce fear of 

crime among their residents; general crime reduction strategies, though a priority in their 

own right, are not the best way for departments to impact their residents’ fearfulness of 

crime. Maltz (1972) remarked that “unless the public feels safer in proportion to its 

increased actual safety, the full potential of (crime control) improvements will not have 

been reached” (p. 29). A broad strategy aimed at reducing crime rates generally may not 

produce significant reductions in residents’ fear of crime because not all types of crime 

affect fear with the same strength. However, targeting certain types of crimes which 

signal residents to the danger of their environment, has the potential to decrease crimes in 

a way that will produce a meaningful impact on resident fearfulness.  

What we know about individual-level characteristics and fear of crime 
The majority of the research on fear of crime has focused on individual-level 

determinants of fear of crime. Scholars reporting socio-demographic correlates of fear of 

crime often invoke the vulnerability model to frame their findings (Pantazis, 2000; Liu et 

al., 2009; Taylor & Hale, 1986; Will & McGrath, 1995). The vulnerability framework 

posits that individuals who suffer from physical or social vulnerability will report a 

greater degree of fear of crime than individuals in social or physical positions of power. If 

targeted, individuals suffering from physical vulnerability are less able to resist 

victimization and may suffer greater consequences as a result of victimization, such as 

more serious injuries. Individuals suffering from social vulnerability are often exposed to 
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environments that pose a greater risk of victimization. They often lack social support 

mechanism essential to reducing the risk of victimization or recovering from potential 

victimizations. Individuals suffering from social vulnerability may lack the resources to 

relocate out of high crime neighborhoods or mobilize community efforts such as 

neighborhood watch to increase guardianship in their communities. The model typically 

conceptualizes women and the elderly as physically vulnerable populations and 

individuals with lower income and less education as socially vulnerable populations.  

Studies evaluating individual-level determinants of fear have consistently found 

that gender is the best predictor of fear of crime (Pantazis, 2000; Cops & Pleysier, 2011; 

Smith & Tortensson, 1997). Though males experience higher rates of victimization by 

serious violent crime, females are more fearful of such victimization (Garfalo, 1979). 

Further, Pantazis (2000) found that gender may influence the strength of other individual-

level predictors’ effect in models of fearfulness. Pantazis (2000) notes, “Old age and 

poverty-related factors were highlighted as being significant for women, whilst the ability 

to defend oneself from attack and low income were particularly notable in shaping the 

experience of feeling unsafe among men” (p. 433).  

Warr (1984) argues that women often judge the consequences of potential 

victimizations as more serious and, as a result, are more fearful of victimization, even 

with the same objective risk as their male counterparts. This argument is reinforced by 

Baumer’s (1985) finding that gender did not affect individuals’ perceptions of their 

neighborhood’s crime rate despite their consistently demonstrated differences in fear of 

crime. Stanko (1985) believed that better understanding the pervasiveness of hidden 
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violence against women, such as sexual harassment, was the key to resolving the paradox 

because these non-criminal events sensitize women to the fact that their environment is 

unsafe. Smith and Tortensson (1997), however, did not find support for this theory, 

instead observing results more consistent with the vulnerability framework. Smith and 

Tortensson (1997) suggest that females are more fearful of crime because they are more 

vulnerable to its effects; women feel that they are less able to resist attempted 

victimizations and perceive the consequences of victimization as more severe than males.  

Age is also commonly included when conceptualizing physical vulnerability 

(Fattah & Sacco, 1989; Jaycox, 1978). Studies have consistently shown that the elderly 

are more fearful of crime (Clarke & Lewis, 1982; Mawby, 1988). Consistent with the 

vulnerability framework, Warr (1984) argued the elderly are more fearful of crime 

despite their lower exposure to crime because they are more sensitive to risk. Whitaker’s 

(1987) analysis of National Crime Survey data between 1980 and 1985 supports this 

argument; he found that residents over the age of 65 had the lowest victimization rates of 

any age group of the US population. However, despite the lower risk of victimization for 

the elderly experience compared to younger people, such victimization may have more 

serious consequences than crimes against younger people. Whitaker (1987) found that the 

elderly were more likely to face offenders armed with guns and were less likely to 

attempt to protect themselves during a crime incident. The perceived ability to protect 

oneself during an attempted victimization is instrumental in the vulnerability framework 

and is often raised as a theoretical explanation for the variability in fear of crime between 

women, the elderly, and other social groups. The elderly’s inability to protect themselves 
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explains why they remain more fearful than other age groups despite their diminished 

risk.  

In addition to gender and age, race is often included in models which seek to 

explain fear of crime. Race, especially when whites and blacks are compared, has been 

shown to be a significant predictor of fear of crime (Braungart, Braungart, & Hoyer, 

1980; Skogan & Maxfield, 1981). Braungart, Braungart, and Hoyer (1980) found that 

blacks were more fearful than whites, and that this difference was driven by middle age 

and elderly blacks rather than younger blacks. While their study does not indicate a 

causal link, Skogan and Maxfield’s (1981) analysis of neighborhoods identifies three 

“particularly troubled places” that are characterized either by a poor, black population or 

an extremely heterogeneous population and one stable, white ethnic community that was 

“at the bottom of the fear ladder” (p. 55). Skogan and Maxfield (1981) argue that one of 

the explanations for racial differences in fear of crime is differences in risk of 

victimization and exposure to crime. Specifically, they call attention to the differences in 

fearfulness between blacks and whites, pointing to the fact that blacks are more likely 

than whites to live in high-crime neighborhoods.  

While the evidence above demonstrates the importance of assessing individual 

attributes when discussing fear of crime, individual-level variables alone are not enough 

to explain variations in levels of fear. The structural attributes of an individual’s 

neighborhood can produce significant interactions with their individual characteristics. 

Baumer (1985), Clemente and Kleiman (1976) and Lebowitz (1975), for example, found 

that the effect of age on fear of crime was stronger in inner city areas than rural areas. 
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Similarly, Brunton-Smith and Sturgis (2011) found that structural neighborhood 

characteristics not only directly impacted fear of crime, but moderated the effects that 

individual-level attributes had on such fear. In addition to interaction effects between 

community demographics and structural characteristics, many researchers have found 

that structural attributes of neighborhoods alone produce significant effects on fear. In the 

next section, I review the theoretical basis for this argument and the evidence that 

addresses it. 

Theoretical basis for investigating beyond individual-level explanations 
for fear of crime  

Scholars working at the University of Chicago during the early 20th century 

believed that the singular focus of the individualistic criminology theories popularized 

during the preceding decade limited our understanding of crime. One of the most 

important ecological theories developed by the Chicago School is the theory of social 

disorganization. Social disorganization has been defined as the inability of a community 

structure to realize shared values or mobilize residents to solve jointly experienced 

problems (Bursik, 1988; Cullen & Agnew, 2011). Shaw and McKay (1942) are credited 

as the first to develop a clear argument about the effect of social disorganization on 

crime. Using Burgess’ (1967[1925]) vision of cities as concentric zones, Shaw and 

McKay hypothesized that juvenile delinquency rates would be higher in inner-city areas 

where the intersection of poverty, rapid population growth, ethnic heterogeneity, and 

residential mobility disrupted the core social institutions of society. Despite its initial 

success, Shaw and McKay’s theory failed to maintain consistent favor among 

researchers. 
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Bursik (1988) attributes the temporary dormancy of the social disorganization 

tradition to several central criticisms. Though advances in the theory have compensated 

for many of these criticisms, some concerns persist. Social disorganization theorists often 

employed cross-sectional research designs under the assumption that ecological 

structures were stable over time. Shaw and McKay’s data set, spanning decades, allowed 

them to conclude that “local communities tend to retain their relative delinquency 

character despite changing racial and ethnic compositions,” (p. 524). This finding, despite 

its validity in the context in which Shaw and McKay operated, may not have persisted 

through the changing socioeconomic landscape brought by the Second World War. After 

World War II, drastic population invasion and succession characterized urban city centers 

and changes in land-use patterns, from owner-occupied homes to rental units, further 

facilitated changes in population turnover and composition (Bursik, 1988). Bursik (1988) 

ends this critique by arguing that “the cross-sectional models of social disorganization 

were grounded in a basic assumption of stability that was simply not justified by 

historical evidence” (p. 525). Bursik (1988) concludes this element of his critique with 

optimism at the increasing number of longitudinal ecological data sets that can more 

confidently produce findings regarding the general dynamics of social disorganization, 

pointing to studies in Cleveland and San Diego (Roncek, 1987a, 1987b) and Baltimore 

(Covington & Taylor, 1988; Taylor & Covington, 1987).  

The stability of communities observed in Shaw and McKay’s research, called into 

question by many after the turbulent WWII period, may be resurfacing once more. 

Though interest in social disorganization was reintroduced many years prior to 
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Sampson’s (2011) analysis of communities, his work revitalized Shaw and McKay’s 

central finding in their work on communities, observing that although neighborhoods are 

constantly in flux, with individuals moving in and out, there is simultaneously a general 

durability or stability in the relative social positions that neighborhoods hold” (p. 211). 

Sampson (2011) argues that because of this, community-level approaches to crime 

prevention can be made in attempts to alter places, rather than targeting individuals.   

Kornhauser renewed interest in Shaw and McKay’s theory with her work in the 

late 1970s. Kornhauser (1978) argued that Shaw and McKay’s theory contained two 

separate arguments—a social disorganization argument and a subcultural argument. Shaw 

and McKay’s subcultural argument posited that over time, delinquency could become 

incorporated into the shared values and norms of residents. While Shaw and McKay 

chose to pursue their subcultural argument, Kornhauser argued that disorganization was 

the more important component of their argument. Bernard, Snipes, and Gerould (2010) 

provide an excellent summary of Kornhauser’s argument to prioritize the disorganization 

component: “Disorganized neighborhoods would have delinquency whether or not they 

had delinquent subcultures, but the delinquent subculture would not exist without the 

delinquency caused by the social disorganization” (p. 141). Kornhauser emphasizes the 

social disorganization and extracts the community control model from their theory, more 

clearly explicating that the link between Shaw and McKay’s structural variables (such as 

crime, ethnic heterogeneity, poverty, mobility, etc.) and resulting delinquency is the 

inability of a community to maintain social controls in their neighborhood. 
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Similar to Kornhauser, Sampson (1986) further clarified the theory by arguing 

that higher crime rates in inner-city areas result from the breakdown of informal social 

control. Sampson’s argument, the roots of which can be found in Durkheim’s theory of 

crime, postulates that communities without the insulation of informal social control are 

more vulnerable to crime and deviance. There is some evidence (see Brunton-Smith & 

Sturgis, 2011 and Hale et al., 1994) to suggest that these factors affect crime and fear of 

crime similarly, such that communities with weak informal social controls are not only 

vulnerable to crime but fear of crime (which, if Skogan’s argument is true, can further 

facilitate crime). The ideas of urban unease (Wilson, 1968) and incivility (Hunter, 1978) 

are deeply embedded in the social control argument put forth by disorganization theorists, 

especially as it relates to fear of crime (Skogan, 1986). LaGrange et al. (1992) define 

incivilities as “low-level breaches of community standards that signal an erosion of 

conventionally accepted norms and values” (p. 312). Hunter (1978) contends that fear of 

crime can be better predicted by neighborhood incivilities than by individuals’ direct 

experiences with crime. Taylor and Hale (1986) reason that “incivilities are fear-inspiring 

not only because indicate a lack of concern for public order, but also because their 

continued presence points up the inability of officials to cope with these problems” (p. 

154). To summarize, social disorganization theory argues that structural characteristics of 

neighborhoods affect a community’s ability to exercise informal social control and that, 

as this ability degrades, the rate of crime within the community rises. These components, 

now accepted into the modern theory of social disorganization, developed from attempts 

by systemic theorists to better specify the mechanisms by which the structural factors 
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included in the original theory of social disorganization developed in The Chicago School 

influence the ability of communities to enforce collective goals. Annunciating the middle 

component of an expanded understanding of social disorganization theory’s linear 

argument is critical because, before Sampson and Groves’ (1989) study, it went 

empirically untested.  

Systemic theory highlights the interpersonal connection in collective efficacy, 

arguing that spatially embedded social networks foster collective socialization and 

supervision. These social networks, and their relative strength, ultimately determine the 

shared values in the community, which are then pursued and maintained through 

collective efficacy. Disorganization theory posits that as the connectivity of residents 

within a community increases, their ability to maintain social controls that constrain 

deviant behavior increases (Sampson, 2011). Skogan (1986) posits that the same social 

controls that constrain crime insulate community members from fear of crime, but further 

testing in necessary to evaluate this hypothesis. Empirical evidence does support this 

argument with regard to crime; neighborhoods where residents feel ownership over their 

communities (Taylor, Gottfredson, & Brower, 1984) and those characterized by high 

organizational participation (Simcha-Fagan & Schwarts, 1986) experienced less violence 

and delinquency.  

A community’s collective efficacy mediates the effects of structural antecedents 

of disorganization on crime, and perhaps fear of crime, by producing or minimizing 

disorganization within the community. Kapis (1978) found that communities in the 

Richmond and Oakland areas of California with closer community ties (broader social 
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networks and organizational activity) demonstrated lower rates of delinquency even when 

the neighborhood’s structural racial and economic characteristics would have predicted 

otherwise. This finding exemplifies the significant mediating effect expressions of social 

control and disorganization, such as collective efficacy, have between the structural 

ecological characteristics of a community and delinquency within that community.  

Sampson and Groves (1989) more fully tested the theory of social disorganization 

presented in Shaw and McKay’s (1942) research. Though empirical studies before it 

aimed to test social disorganization theory, their methodologies were limited by a critical 

assumption. These evaluations assumed the social condition that lay between the 

structural antecedents of social disorganization and crime outcome measures. The 

concept of collective efficacy is central to understanding the link between the structural 

antecedents of disorganization and manifestations of disorganizations within 

communities. Sampson and Groves (1989) define social disorganization as the inability 

of a community structure to realize common goals and maintain effective social controls. 

Collective efficacy is the tool by which communities resist social disorganization; 

collective efficacy varies across communities and is associated with lower rates of 

violence (Kapis, 1978; Sampson & Raudenbush, 1999; Sampson, Raudenbush, & Earls, 

1997). Sampson and colleagues (1997) define collective efficacy as community residents’ 

mutual trust and willingness to intervene for the common good. Sampson (2011) argues 

that “collective efficacy with respect to crime is thus a task-specific construct that refers 

to shared expectations and mutual engagement by residents in local social control” (p. 

215).  
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Research with cross-sectional designs and limited data are often forced to jump 

from the predictors of disorganization to the consequences of disorganization as the result 

of their data constraints. Census variables provide an easily accessible avenue for 

assessing structural antecedents of social disorganization, but measuring expressions of 

that disorganization and levels of collective efficacy within communities is much more 

difficult. Because of this, evaluations often rely on the existing explanation of the social 

disorganization process to justify only including the antecedents and consequence of 

disorganization rather than measuring disorganization itself. Despite this clear limitation, 

analyses of antecedents and consequences of social disorganization in communities can 

provide law enforcement with the timely information they need to formulate an initial 

response to community problems.  

Sampson and Grove’s (1989) study strengthened support for the theory because 

their methodology more fully accounted for Shaw and McKay’s argument by including 

measures for a neighborhood’s level of organization. The authors use structural variables 

(economic status, ethnic heterogeneity, residential mobility, family disruption, and 

urbanization) and mediating support networks (friendship networks, unsupervised teen 

peer groups, and organizational participation) recorded in the 1982 British Crime Survey 

to assess social disorganization’s contribution to the variance in crime and delinquency 

across places. Sampson and Groves (1989) found that the structural antecedents of social 

disorganization Shaw and McKay identified predicted an area’s measures of social 

disorganization, and that disorganized communities suffered from higher rates of crime 

than more organized communities. Benefiting from the continued development of the 
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theoretical framework of social disorganization theory in the literature, this research 

includes variables at each stage in the casual path from neighborhood-level 

characteristics to increased fear of crime.  

 Despite the demonstrated significance of incorporating the characteristics of 

places in understanding crime and deviance, the majority of scholars examining fear of 

crime have concentrated exclusively on the contributions of an individual’s 

characteristics to their degree of fearfulness. The fear of crime literature has largely 

ignored the structural correlates of social disorganization in their models despite the 

empirical evidence suggesting that these structural factors are important contributors to 

crime and the more limited evidence suggesting their usefulness to predicting fear of 

crime. Studies examining fear of crime within the context of structural neighborhood 

characteristics are examined in the next section.    

What we know about neighborhood-level characteristics and fear of 
crime 

Hale et al. (1994) note that, though the idea of using neighborhood-level 

determinants of fear in addition to individual-level variables was not theoretically novel, 

relatively little fear of crime research has engaged these variables. Hale et al. (1994) used 

the British Crime Survey’s global measure of fear of crime in conjunction with 

information about the structural determinants of social disorganization collected in the 

British Census. Hale et al. (1994) included socioeconomic status (accounting for the 

percentage of residents seeking work and the percentage of households that are owner 

occupied), residential mobility (accounting for the percentage of households that have 
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moved in the past 12 months), and ethnic heterogeneity (accounting for the percentage of 

head of households that were not natives of Britain).  

Demographic predictors of fear of crime (gender, age, and race) behaved as one 

would expect from the literature on the effect of individual characteristics on fear of 

crime. Incivilities, an example of which is “young people hanging around,” were 

significant predictors of worry about mugging and burglary, but not assault. Hale et al.’s 

(1994) results suggest that “neighbourhood effects [on worry about assault, burglary, and 

mugging as well as feelings of safety after dark] are orthogonal to the individual level 

effects” (p. 227). They also found that mobility had an unexpected statistically significant 

inverse relationship with worry about crime and feelings of safety in each model. The 

authors suggest that the socioeconomic status of residents may explain this finding since, 

with the support of economic and political resources, individuals with higher 

socioeconomic statuses are both free to change domiciles more often than those of lower 

means and are able to use these resources to counteract the fear of strangers which 

mobility is thought to inspire. Hale et al.’s (1994) measure of ethnic heterogeneity 

(percent non-British) was significant in the feeling of safety and the worry about 

mugging models, but not in those for worry about assault or burglary. These findings, 

echoed, generally, in a later study by Brunton-Smith and Sturgis (2011), suggest that 

neighborhood structures are important and significant predictors of fear of crime among 

community residents. 

In addition to Hale and colleagues’ (1994) study, other research has demonstrated 

that structural contextual variables are crucial in explaining variations in fear of crime 
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(see Brunton-Smith & Sturgis, 2011 and Covington & Taylor, 1991). Shaw and McKay 

(1942) identified poverty, rapid population growth, ethnic heterogeneity, and residential 

mobility as important neighborhood-level predictors of social disorganization, and 

thereby, deviance. These four variables, often referred to as structural antecedents of 

disorganization, lead to a breakdown in social controls, which is most often perceived by 

residents through social and physical incivilities. One study has shown that while these 

signs of social disorganization produce a greater effect on perceptions of risk than fear of 

crime, an effect on fear was observed (LaGrange et al., 1992). Hale at al. (1994) found 

that these neighborhood-level variables produced a significant impact on fear of crime.  

 A neighborhood’s ethnic heterogeneity may be the most influential structural 

factor contributing to fear levels (Burisk & Webb, 1982; Hunter, 1978; Wilson & 

Kelling, 1982). Prejudice plays a significant role in fear of crime. Brunton-Smith and 

Sturgis (2011) found that “the degree of fear expressed by both majority and minority 

ethnic groups varies systematically as a function of the ethnic diversity of the 

neighborhood in which they live” (p. 333). Taub, Taylor, and Dunham, (1981) found a 

strong correlation between white respondents’ fear of crime and their perception of 

changes in the ethnic composition of their neighborhoods. White respondents who 

perceived an increase in the number of black community residents were generally more 

fearful of crime (Chiricos, Hogan, & Gertz, 1997; Taub et al., 1981). Chiricos et al. 

(1997) notes that it is the neighborhood’s perceived racial composition drives differences 

in fear of crime among white residents rather than the actual racial composition. The 

Chicago longitudinal studies support the idea that ethnic heterogeneity may be the most 
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important community change variable, finding that of the neighborhood structural 

changes measured, racial change was most closely linked with changes in delinquency 

(Burisk & Webb, 1982). If the relationship between these structural variables and fear of 

crime follows the same pathways, this variable will account for the most variation in my 

structural model of fear of crime.  

In Shaw and McKay’s work on social disorganization, “ethnic heterogeneity” 

referred to nationality, not race. However, the operationalization of this construct has 

evolved as research in this area continues to develop. While some studies still estimate 

this construct with the percentage of head of households that are foreign born (Hale et al., 

1994), others utilize race and ethnicity demographics (Brunton-Smith & Sturgis, 2011; 

Chiricos et al., 1997; Lizotte & Bordua, 1980; Taub et al, 1981). Moeller (1989), citing 

Lizotte and Bordua (1980), notes results which “support the hypothesis that percent 

nonwhite population positively affects fear for both whites and nonwhites and that 

segregation decreases fear for whites while increasing fear for nonwhites” (p. 211).  

 Fear of crime is aggravated by the sense of powerlessness residents feel when 

they see incivilities that indicate their community’s inability to cope with crime and 

disorder problems. Several studies report an inverse relationship between income and fear 

of crime, but do so with little agreement (Clemente & Kleinman, 1977; Gubrium, 1974). 

In neighborhoods pervaded by poverty, community resources may be insufficient to 

maintain healthy levels of social control. Teens, for example, may lack supervision as 

their parents work multiple jobs. Adults may not have time to invest in unpaid volunteer 
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work like Neighborhood Watch programs which seek to reduce crime and increase social 

cohesion in their neighborhoods.  

 Neighborhood Watch programs aim to deter crime by reducing opportunities and 

increasing social control. Hale et al. (1994) highlight the program through the lens of 

social disorganization theory, saying that these programs aim to reduce fear of crime by 

stimulating local support networks. They tie this argument to residential mobility, one of 

the structural factors identified in Shaw and McKay’s (1942) work: “residential 

mobility… prevents the development of local support networks which might reduce 

individuals’ fear” (Hale et al., 1994, p. 218). They measured this transiency by the 

percentage of households that moved in the last 12 months and report an unexpected 

finding. Mobility reduced fear of crime. Contrary to what theory would predict, residents 

of neighborhoods characterized by greater mobility were less fearful (Hale et al., 1994). 

The authors speculate that this result may be produced by other structural factors 

manifesting indirectly: in the UK, neighborhoods with characterized by higher socio-

economic status may also be characterized by high mobility since these families have the 

resources to relocate more easily.  

 The above finding, however, contrasts with what we would expect. Skogan (1986) 

notes that migration from neighborhoods is both reflective of fear and conducive to 

increased fear among community residents. Residents of neighborhoods characterized by 

increasing crime and fear are “pulled” the desirability of safer areas and “pushed” by 

their fear of crime in their current location (Skogan & Maxfield, 1981). These forces 

facilitate the withdrawal of more affluent families from declining neighborhoods, but 
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often leaves those without such resources left to face the neighborhood crime problems 

with a weakened system of social control. Skogan (1986) observed that while blacks, 

unmarried adults, and the poor were more likely to be fearful in their neighborhoods, 

residents that successfully migrated from their neighborhoods were more affluent, more 

educated, and more likely to live in a traditional family household.  

Intervening Dimensions of Social Disorganization  
Systemic theorists further specify the mechanisms by which the original social 

disorganization theory’s structural factors influence the ability of communities to enforce 

collective goals. The lessons learned from these attempts to specify the theory has 

resulted in a more nuanced and expanded modern theory of social disorganization. These 

scholars point to the mediating impact of neighborhood support networks on the effect of 

structural variables on crime. Systemic theory recognizes three primary categories of 

support networks: unsupervised teens, friendship networks, and community participation. 

Of these, unsupervised peer groups are often emphasized in the social disorganization 

literature because it is the strongest predictor of crime among the three neighborhood 

support network factors (Sampson, 2011; Sampson & Groves, 1989). Sampson and 

Groves (1989) support the construct’s prominence in the literature, arguing that “the first 

and most important intervening construct in Shaw and McKay’s disorganization model 

was the ability of a community to supervise and control teenage peer groups ” (p. 778). 

Sampson and Groves (1989) found that the prevalence of unsupervised peer groups 

accounts for the largest effect on rates of robbery and violence in a community. Systemic 

theory provides the contextual explanation for this finding as it highlights the 
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interpersonal connection component of collective efficacy, which determines a 

community’s ability to resist disorganization. In communities without the social 

connectivity to foster collective socialization and supervision, teenage peer groups are 

less likely to receive community supervision or subscribe to a shared set of community 

values. When mutual goals are not set within a community through collective 

socialization, they cannot be pursued and maintained through collective efficacy, 

resulting in a breakdown of community controls and an increase in disorganization and, 

as a result, deviance.  

Bordua (1961), building on Thrasher’s (1927) analysis, demonstrates the potential 

criminogenic pathway that results from this product of disorganization. Most gangs 

develop from spontaneous play groups (Bordua, 1961; Thrasher, 1927). In highly 

transient communities, adults are reluctant to intervene with youths engaged in minor 

delinquency because they do not know the parents and have no assurance that their values 

are shared (Maccoby, Johnson, & Church, 1958). As a result, the activities of the 

uncontrolled group, both legal and illegal, are directed by the play group itself rather than 

conventional adult supervision. The prevalence of unsupervised peer groups may 

generate youth gangs as they chose to entertain themselves with illegal activities. Further, 

a robust link between juvenile delinquency and adult criminality (Shaw & McKay, 1969) 

indicates that the inability to control teen peer groups can continue to have a substantial 

effect on crime in a neighborhood.   
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Incorporating Individual and Neighborhood Characteristics to Explain 
Fear of Crime  

A comprehensive model of fear of crime should include components representing 

both individual and community dynamics. The existing fear of crime literature provides a 

strong justification to expect an individual’s sociodemographic variables such as gender, 

race, and age to explain a significant portion of the variation between how fearful 

different individuals are of crime. However, these factors do not explain the totality of 

variation in fear. Structural characteristics may also account for significant differences in 

individuals’ fearfulness of crime. If the theory of social disorganization is as applicable to 

suburban residents’ fear of crime as it is to crime and, in some cases, urban fear of crime, 

I expect that residents of areas in Fairfax County where poverty, ethnic heterogeneity, 

and residential mobility intersect will be more fearful than residents in other 

neighborhoods in the county. While the existing knowledge of the effects of individual 

characteristics on fear of crime is difficult to translate into police and community 

programs to reduce that fear, an implication that neighborhood-level variables carry 

greater weight in fearfulness could provide an avenue for targeted policy changes. An 

approach often referred to as reassurance policing integrates community policing and 

problem-oriented policing practices to address crimes signaling the breakdown of 

community controls (signal crimes). Loitering, especially loitering youths, graffiti, and 

drunk and disorderly conduct are examples of signal crimes which may facilitate fear 

among community residents. 

 If the Fairfax County Community Survey respondents follow the same trends 

demonstrated by the existing research on individual characteristics, fear will concentrate 
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among individuals with a disadvantaged social or physical identity. The vulnerability 

framework highlights women and the elderly as examples of physically disadvantaged 

identities and the poor and undereducated as socially disadvantaged identities. Based on 

the prior research (see Pantazis, 2000; Cops & Pleysier, 2011; Smith & Tortensson, 

1997), I expect gender to be the most influential individual variable in predicting 

residents’ reported fearfulness of crime. Though gender may be the most important 

individual-level factor to the present model of fear, I expect age and race to make 

significant contributions to individuals’ degree of fear.  

 The effect of environmental characteristics on fear of crime is less established 

than those of individual characteristics. Despite this, there is sufficient evidence to 

hypothesize that these factors will play an important role in shaping individuals’ fear of 

crime. I expect the factors I call intervening dimensions of social disorganization to more 

strongly predict fear than the structural antecedents of social disorganization. However, if 

the structural antecedents of social disorganization produce significantly large and 

reliable predictions of residents’ fear, they have the potential to emerge as an easily 

accessible and cost-effective alternative to using community surveys to assess 

problematic levels of fear in communities.  

Figure 1 outlines the theoretical model employed in this analysis. I test the effects 

of four different categories of variables in three fear of crime logistic regression models 

with a stepwise approach. First, individual characteristics are added to the model to 

discern their power in predicting fear of crime in Fairfax County, VA. This allows me to 

assess whether analyzing neighborhood characteristics offers the same predictive value as 
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understanding the social demographics of the members in a community. Survey 

respondents’ gender, race/ethnicity, and age constitute the individual model. Next, the 

four structural antecedents of social disorganization are added to the structural model 

(ethnic heterogeneity, poverty, residential mobility, and population growth). I determine 

how much of the variability among residents’ fearfulness of crime can be accounted for 

by a combination of structural neighborhood and individual-level characteristics. The 

intervening dimensions of social disorganization, indicators of disorder, are then added to 

the structural model (perception of problematic unsupervised teens, loitering, graffiti, and 

drinking in public). Together, the effect of the structural antecedents and intervening 

dimension of social disorganization and individual characteristics on fear of crime is 

assessed. The effect of crime, approximated here with calls for service, on fear of crime is 

then added to the fear of crime model. After running this model three times for each 

dependent fear of crime outcome, I conduct a subanalysis in which I repeat the process 

for two additional outcome variables that estimate feelings of safety. As a result of its 

potential to impact quality of life and incidences of crime, fear of crime is the primary 

concern of this study. However, a subanalysis may further inform the difference between 

the emotional reaction of fear and the perception of safety.  

I conduct logistic regression analyses for three fear of crime outcome variables 

including fear of crime in the respondent’s community (general fear of crime), fear of 

someone breaking into the respondent’s home to steal things (burglary), and fear of being 

robbed at gun or knife-point (robbery). I also repeat this process for two additional 

outcome variables in a subanalysis which aims to determine whether feelings of safety 
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are similarly affected by these predictors. The Fairfax Community Survey includes two 

measures which solicited respondents’ feelings of safety. These items asked respondents 

to report their feelings of safety about walking alone in their neighborhood during the day 

and at night.  

 
Figure 1: Theoretical Framework 
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CHAPTER 3: METHODS 

In this study, I test the impact of both individual and neighborhood characteristics 

on residents’ fear of crime using a social disorganization lens. To achieve these ends, I 

combine data from the Fairfax County Community Survey conducted by the Center for 

Evidence-Based Crime Policy (CEBCP) on behalf of the Fairfax County Police 

Department (FCPD) (see Lum et al., 2016) with crime data from the FCPD and U.S. 

Census American Community Survey estimates for Fairfax County, Virginia.  

Location of Study 
Fairfax County, Virginia is an affluent suburban area approximately 15 miles 

outside of Washington, D.C. With a budget larger than four states, the Fairfax County 

government serves a population of more than one million residents within its 406 square 

miles. Like their government, Fairfax County residents benefit from more financial 

resources than the national average. Data from the U.S. Census’ 2013 American 

Community Survey shows that the median household income in Fairfax County was 

$111,079 in 2013, compared with the national average of $52,250. Similarly, in 2013, 

fewer people in Fairfax County lived in poverty (5.8%) compared to the United States 

more generally (14.5%). Fairfax County is a unique context, especially compared to the 
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urban study sites through which much of social disorganization theory was developed and 

empirically tested. This county provides a unique opportunity to understand how the 

theory of social disorganization will behave in an affluent suburban area with relatively 

low crime rates.  

Like many American cities and counties, crime in Fairfax County is, generally, 

declining. Crime across all categories had an overall decrease of .66% in 2015 compared 

to 2014 (Fairfax County Police Department, 2015). Crimes against persons, including 

assault offenses, homicide offenses, kidnapping/abduction, and sex offenses, increased 

.92 percent between 2014 and 2015. However, despite this small increase, the crime rate 

remains near its record low. Fairfax County recorded approximately one homicide per 

100,000 residents. Kidnapping and sex offense rates were also low with about 10 and 19 

victims per 100,000 residents. Assaults were more common with about 655 per 100,000 

residents. Crimes against property decreased 2.17 percent between 2014 and 2015 while 

crimes against society increased 4.52 percent. Calls for service increased from 447,818 in 

2014 to 452,269 in 2015. Of the calls received in 2015, approximately 15 percent were 

with regard to criminal offenses, 44 percent were service calls, and 41 percent were 

related to traffic offenses.  

The Fairfax Community Survey asks respondents to report fear of robbery and 

burglary. Therefore, trends in the rates of those specific offenses are germane to 

understanding the study context, and are reviewed here. Using Table 10 from the Federal 

Bureau of Investigation’s Uniform Crime Report (UCR) and the population estimates 

provided by the U.S. Census Bureau’s American FactFinder Website, I calculate the 
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burglary and robbery rates between 2010 and 2015 with one exception.1 Between 2010 

and 2015, the UCR reports yearly robbery counts between 343 and 443 and yearly 

burglary counts between 827 and 1,191. The average rate of robbery per 100,000 

residents across these years was 44.3. The burglary rate was almost double with 

approximately 90 burglaries per 100,000 residents. While no general trend of increase or 

decline is apparent across these years for robbery, incidents of burglary decreased across 

three of the four comparisons between 2010 and 2015.  

Unit of Analysis  
The units of analysis in this study are residents who completed the Fairfax 

Community Survey (n=625).2 Data drawn from the U.S. Census provides an estimate of 

the neighborhood-level characteristics of each respondent by assigning block group 

information to each of the 625 individuals who responded to the survey. A block group is 

a geographical unit used by the United States Census Bureau. At the local level, three 

units of analysis are available: block, block group, and tract. Each block group 

encompasses multiple blocks while each tract encompasses multiple block groups. The 

block group is the lowest level for which the Census Bureau publishes the neighborhood 

characteristics used in this study. Block groups generally contain between 300 to 600 

people and, on average, cover 40 census blocks. However, these block groups can vary in 

size, as shown in Figure 2. 

 

                                                 
1 The UCR does not report Table 10 data from Fairfax County for the year 2013.  
2 One respondent obscured their survey ID, preventing their responses from being properly geocoded and 

thus used for this analysis. 
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Figure 2: Fairfax County Block Groups 
 

Fairfax County has 649 block groups, however, three of these do not contain 

residential areas, leaving only 646 possible block groups to be represented by Fairfax 

Community Survey respondents. The individuals in the sample were not concentrated in 

any particular block group, which was expected given that residents were sampled at 

random to receive the survey. Rather, the 625 survey participants lived in 381 of the 646 

residential block groups in the county (59%). Thirty-seven percent of the 381 represented 

block groups that were only represented by a single survey respondent. About twenty-

five percent were represented by two survey respondents, and another 25 percent were 
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represented by three survey respondents. Fewer block groups were represented by four 

(9.4%), five (3.5%), or six (1.0%) respondents. Three block groups were represented by 

seven respondents (0.5%), while only one was represented by eight (0.2%). While 87 

percent of the sample may not be overly concerning regarding the number of individuals 

representing a block group, this violation of the independence assumption may impact the 

results the logistic regression is able to detect. 

The Fairfax Community Survey and Sample 
Data on citizen fear of crime in Fairfax County comes from the Fairfax 

Community Survey, conducted in 2015 by the CEBCP at George Mason University, in 

partnership with the FCPD (see Lum et al., 2016). The survey solicited residents’ 

opinions specifically about the FCPD, as well as about crime and safety in the 

respondents’ neighborhoods. Although the primary goal of the survey was to provide the 

FCPD with a scientifically sound assessment of community views of the police, the 

survey also measured citizen fear of crime and their assessment of community crime and 

disorder problems. The Fairfax Community Survey included eleven substantive questions 

and nine demographic questions.  

 CEBCP researchers used INFOUSA, a commercial group that aims to provide 

high quality mailing lists, to draw a random sample of households in Fairfax County. 

Utilizing this third-party mailing list allowed researchers to draw a sample that included 

apartment units that share the same street address. Mindful that the typical response rate 

for mail-out surveys is about 15% (Van Bennekom, 2002) but optimistic about achieving 
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a higher rate of 25%, the researchers requested a sample of 4,250 households from 

INFOUSA in an effort to reach conclusions at the 95% confidence interval (+/- 3%).  

The research team mailed the survey to the selected households around the second 

week of September, 2015. These households received an envelope with a cover letter 

explaining the project and requesting participation, a four-page paper survey, and a 

postage paid return envelope. The following week, researchers sent the first of two waves 

of reminder postcards. The second wave of reminder postcards was sent at the end of 

October. Researchers responded to letters, phone calls, and emails from Fairfax residents 

regarding the survey, often answering requests by residents of selected households for 

additional copies of the survey after receiving reminder postcards. Some of the surveys 

sent to selected households were returned as non-deliverable. In three months of data 

collection, CEBCP researchers received completed surveys from 626 of the 4,136 

households able to receive mail, achieving a 15% response rate. While respondents 

remained anonymous to protect their privacy, survey responses remained tied to these 

addresses with a unique identifier. This allowed me to connect the responses they 

received back to the Census block groups in Fairfax County. 

Though the random sample was representative of Fairfax County residents 

generally, those who responded to the survey were not. In Table 1, the distribution of 

survey respondents’ demographic characteristics are reported and compared to estimates 

provided by the U.S. Census’ 2014 American Community Survey for Fairfax County 

residents. Table 1, shown below, indicates that the demographic characteristics of the 

individuals who chose to respond to the survey were not representative of Fairfax County 
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as a whole. White non-Hispanic residents were overrepresented in the community survey 

sample whereas Asian, Black, and Hispanic residents were underrepresented compared to 

their population in Fairfax County. The data also reveal that, compared to Fairfax County 

residents more generally, survey respondents were more likely to be older and have a 

Bachelor’s degree than the average county resident. Respondents were also less likely to 

be foreign-born. The income distribution of survey respondents, however, did not differ 

concernedly from those of Fairfax County residents more generally.  

 

 
Table 1: Characteristics of Survey Respondents 

 
Fairfax County 
(a) 

Survey Respondents 

(n=625) 

White, non-Hispanic 53.2% 75.9% 

Black, non-Hispanic 9.0% 5.1% 

Asian/Pacific Islander, non-Hispanic 18.1% 9.8% 

Other/Mixed/Native American, non-

Hispanic 

3.8% 4.0% 

Hispanic (may be of any race) 16.0% 5.3% 

Have Bachelor’s Degree or higher (b) 59.3% 81.2% 

Female (c) 51.1% 53.1% 

Foreign Born 29.8% 18.4% 

Total HH Income > $50K 82.4% 86.7% 

Total HH Income > $100K 56.4% 57.1% 

18 to 24 years 8.0% 0.5% 

25 to 34 years 14.6% 7.8% 

35 to 44 years 14.8% 15.3% 

45 to 54 years 15.5% 21.9% 

55 to 64 years 12.3% 28.0% 

65 to 74 years 6.5% 17.2% 

75 years or older 4.1% 9.3% 
(a) All estimates for Fairfax County are based on the U.S. Census, 2014 American Community Survey, five-year 

estimates 

(b) Fairfax County estimate based on population 25 years and older 

(c) Fairfax County estimate based on population 18 years and older 
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The chart above shows us that the individuals who chose to respond to the survey 

do not reflect the county’s total population based on the demographic variables above. 

Table 2 makes a similar comparison based on the block groups in which the respondents 

live. Table 2 focuses on the four structural antecedents of social disorganization, 

constructed from census measures.  Recall from my methods discussion (p. 30), that 

Fairfax County has 649 block groups, 646 of which include residential areas. As noted 

previously, the unit of analysis for this study is the individual survey respondent. The 

individuals in the sample represent approximately 59 percent of the block groups that 

included residential areas. Table 2, shown below, compares the mean score of the 381 

block groups represented by the survey respondents to the mean score of the 646 block 

groups in the county in which the county’s inhabitants reside.  

In addition to over representing White, non-Hispanic residents, the neighborhoods 

within the sample tend to have a slightly higher population of White, non-Hispanic 

residents. In Fairfax County, there are about three non-White or Hispanic residents for 

every four White, non-Hispanic residents. In the block groups represented by survey 

respondents, there are approximately three non-White or Hispanic residents for every five 

White, non-Hispanic residents. The mean number of residents living below the poverty-

level in block groups in which survey respondents reside does not differ significantly 

from the Fairfax County block group average. Survey respondents lived in slightly less 

mobile block groups when compared to the Fairfax County average but experienced more 

similar rates of population growth (meaning that a portion of households which moved in 

the past 12 months did not relocate to a new-block group).  
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Table 2: Characteristics of Survey Respondents’ Block Groups 

  

 

 

 

Dependent Variables  
Three measures for fear of crime and two measures for feelings of safety serve as 

the dependent variables in this analysis. These variables are discussed in greater detail in 

the sections below. Consistent with prior research which suggests that fear of crime and 

feelings of safety are distinct phenomenon, Table 3 shows that while the three fear of 

crime measures are highly correlated, they are less correlated to the feelings of safety 

measures.   

 

 

 
Table 3: Correlations between Dependent Variables 

Spearman’s 

Correlation 

General 

Fear 

Fear of 

Burglary 

Fear of 

Robbery 

Safety 

(Day) 

Safety 

(Dark) 

General Fear ---     

Fear of Burglary .744 ---    
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Fear of Robbery .686 .686 ---   

Safety Day .316 .271 .365 ---  

Safety Dark .405 .316 .371 .571 --- 

 

 

 

Fear of Crime 
The research presented here relies on residents’ responses to questions about fear 

of crime and select neighborhood problems that the existing literature identifies as 

indicators of social disorganization. These measures correspond to questions 4 and 5 in 

the Fairfax Community Survey (see Appendix for Survey and Cover Letter Sent to 

Fairfax County Residents). Fear of crime, the dependent variable in the present study, is 

evaluated by three measures. The first is a general estimate: “Overall, how fearful are you 

about crime in your community?” The measures that follow attempt to capture resident’s 

fear of specific crime types. The first question asks residents to report their level of fear 

about a type of property crime; the second asks them to report their level of fear about a 

type of violent crime. Rather than employing official offense categories, the researchers 

phrase their questions more accessibly. The first offense-specific question asks residents, 

“Overall, how fearful are you about someone breaking into your house to steal things?” 

The second asks residents, “Overall, how fearful are you about being robbed by someone 

who has a gun or knife?” Because the existing literature suggests that fear may manifest 

differently when reported through a crime-specific measure than when reported through 

an omnibus measure (Warr, 2000), it is important that this study evaluate all three 

measures of fear of crime rather than relying solely on the more general item. For all 

three of these items, respondents were asked to indicate their fearfulness on a five-point 
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Likert scale. Respondents chose between the following categories: “very fearful,” 

“somewhat fearful,” “neutral,” “not too fearful,” and “not at all fearful.” 

While the dependent variables in this analysis were originally specified as ordinal 

items with five categories, I do not use ordinal regression for this analysis because the 

data is bimodal with extremely few observations in the “very fearful” category. The non-

normal distribution of the dependent variables poses a threat to the stability of an ordinal 

regression model. Further, the wording of the five ordinal categories is nuanced to such 

an extent that it creates an unbalanced five-point ordinal scale. In this ordinal scheme, 

“not too fearful” and “neutral,” while different semantically, may describe the same 

degree of fear depending on the respondent. As a result of the distribution of responses 

and the wording of the questions, I collapse the dependent variables into a binary 

measure. “Somewhat” and “very fearful” responses are combined to form a general 

“Respondents reporting fear” category (coded 1) while “not too fearful,” “not very 

fearful,” and “neutral” are combined to form a general “Respondents not reporting fear” 

category (coded 0). I also collapse feelings of safety measures into two categories. While 

the feelings of safety variables have a more balanced Likert categories, their distributions 

are incredibly skewed.  

Feelings of Safety 
Though the primary aim of this project is to assess fear of crime in Fairfax 

County, I also include a subanaylsis which looks at the effect of neighborhood context 

and individual characteristics on feelings of safety. The importance of fear of crime has 

been clearly documented in prior evaluations, especially by Skogan (1986) who 
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summarizes a problematic feedback loop through which fear of crime increases the 

prevalence of crime in the community. Feelings of safety, which remain loosely related to 

fear of crime, are also important. The feelings of safety measures Lum and colleagues 

(2016) report in the Fairfax Community Survey are even more important because they 

may represent an aspect of the “withdrawal from community life” which Skogan (1986) 

identifies as problematic in his theory of social disorganization and fear of crime.  

In addition to their measures of fear of crime, Lum and colleagues (2016) ask two 

items which ask respondents to report their feelings of safety. The first asks residents, “In 

general, how safe do you feel when walking alone in your neighborhood during the day?” 

The second asks the same question with a new temporal frame of reference, replacing 

“during the day” with “after dark.” For both items, residents are asked to rate their 

feelings of safety on a five-point Likert scale from “very safe” to “very unsafe.” 

Though the representativeness of my sample remains a concern, the response rate 

for questions about fear of crime and feelings of safety was good, with little missing data. 

The general fear of crime question was the least answered among this subsection of the 

survey. Six individuals declined to respond to this item, yielding a missing value of 

approximately one percent. The missing values for the other items ranged from .2 percent 

to .6 percent. Missing data for the dependent variables, therefore, are unlikely to further 

jeopardize the external validity of the results.  
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Independent Variables  
This study includes twelve independent variables that fall into four categories: 

individual characteristics, neighborhood structural characteristics, intervening dimensions 

of social disorganization, and crime, approximated through calls for service. Together, 

these four categories contribute to two general models of fear. The first is composed of 

the variables that fall into the individual characteristics category and represents 

individual-level correlates of fear. The second is composed of the remaining variables. 

These variables fall into the structural and crime model. These models represent 

neighborhood-level correlates of fear.  

Individual Characteristics  
The Fairfax Community Survey collected a variety of data on the demographic 

characteristics of responding individuals. Respondents were asked to indicate their 

gender with a binary response: male or female. They were then asked if they were born in 

the United States and, if not, how long they have been a resident of the United States. All 

respondents were asked how long they had lived in Fairfax County. Respondents were 

also asked to indicate the racial group with which they most closely identify and whether 

they were of Hispanic, Latino, or Spanish origin. To gauge the age of survey respondents, 

researchers asked residents to fill in the year in which they were born. Finally, 

respondents were asked to indicate their highest level of completed education and their 

total annual income. I incorporate only three of these demographic items in my model of 

fear of crime: gender, race, and age.  

The gender variable is adopted as is, and is expected to be the strongest predictor 

of fear within the individual model (Pantazis, 2000; Cops & Pleysier, 2011; Smith & 



46 

 

Tortensson, 1997). Respondents instructed to select an identity with two choices 

provided: male or female (Female = 1). Only a small minority of the respondents (1.9%) 

left this item blank. In fact, out of the demographic variables included, respondents were 

most likely to indicate their gender.  

I combined the information collected by the race and ethnicity variables and 

transformed it to create a binary variable. Race has also demonstrated significance as a 

predictor of fear of crime (Braungart, Braungart, & Hoyer, 1980; Skogan & Maxfield, 

1981). Combining the information from two of the community survey’s demographic 

questions, I recoded the survey respondents into two categories: White, non-Hispanic and 

non-White or Hispanic (Nonwhite=1). The race/ethnicity variable had the highest rate of 

nonresponse among the demographic items included in this analysis. Seventy-four 

individuals (11.8%) have missing data in this category. Since there was no way to 

ascertain or impute missing data on race, these cases were excluded. 

Age, in years, is the last individual-level predictor incorporated in the model. 

Studies have shown age to be a significant predictor of fear of crime, with older 

individuals experiencing more fear than those who are younger (Clarke & Lewis, 1982; 

Mawby, 1988; Whitaker, 1987). Age is recorded by birth year in the survey. Twenty-

three respondents returned the survey without providing their age. Thus, 3.7 percent of 

the survey respondents have missing data for this item. Several other demographic 

variables were collected in the Fairfax Community Survey, but I decline to use them in 

this analysis. I make this decision for several reasons. Foremost among them is that, 

given the existing literature, there is little theoretical basis to justify their inclusion.  



47 

 

Level of education is excluded from the independent variables of the independent 

model. The data does not come close to reflecting the county’s population. Whereas 60 

percent of Fairfax County’s residents (age 25 or older) have a Bachelor’s Degree or 

higher, 81 percent of the respondents (required to be 18 or older to participate) report 

holding a Bachelor’s degree or higher. The margin of difference between the survey 

respondents and the county more generally is also seen in the number of individuals who 

do not have a high school diploma or GED equivalent. Fairfax County boasts 

uncharacteristically high educational attainment. Only 8.5 percent of its residents over the 

age of 25 do not hold a high school diploma or GED. The percentage of individuals 

falling into this category who responded to the community survey was even smaller 

(0.8%).  

The last available sociodemographic measure was excluded because the wording 

of the question may have led individuals to interpret and respond to the item differently. 

This question dealt with income. When an address was randomly selected to receive the 

survey, a copy of the survey, along with a cover letter and return envelope, was mailed to 

“Head of Household.” The last sociodemographic item asked, “What is your total annual 

income?” Respondents selected an income range from seven ordinal categories. This 

measure is excluded because the ambiguity of the question may have caused some 

“Heads of Household” to interpret “your” as the household income while others may 

have interpreted it as their personal annual income.  
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Structural Antecedents of Social Disorganization  
Data for the structural antecedents of social disorganization are drawn from the 

most recent available estimates from the United States Census Bureau’s American 

Community Survey (ACS). Using this data, I created estimates for the four structural 

antecedents of social disorganization that Shaw and McKay (1942) identify in their work: 

ethnic heterogeneity, poverty, population growth, and residential mobility.  

The 2014 American Community Survey illustrates the racial composition of 

Fairfax County. Fairfax County, like the United States more generally, continues to 

become more ethnically diverse. In 1970, less than seven percent of the county’s 

residents were ethnic or racial minorities (Cahill et al., 2011). Today, about 45 percent of 

the counties residents are ethnic or racial minorities. Of Fairfax County’s 1,139,045 

residents in 2014, 66 percent identified as White alone, 19 percent as Asian alone, 10 

percent as Black or African American alone, .6 percent as American Indian and Alaska 

Native alone, and .09 percent as Native Hawaiian and Other Pacific Islander alone (U.S. 

Census Bureau, Population Division, 2016). In addition to the residents above identifying 

as a single race, 3.5 percent of Fairfax County residents reported two or more racial 

identities. In this research project, I measure ethnic heterogeneity with the race variable 

from the 2014 ACS estimates. Following the example of prior research, I measure this 

construct using the ratio of nonwhite to white residents within each block group. To 

create the ratio, I simply subtracted the number of residents categorized as “white only” 

from the total population in each block group and divide that figure by the number of 

“white only” residents. Note that this operationalization of race does not include 

information on ethnicity. This makes the structural variable for race somewhat 
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asymmetrical compared to the individual-level variable for race, which combined 

information on race and ethnicity to create a dummy variable for white, non-Hispanic 

respondents.  

When compared to the national average, we see that though poverty remains an 

issue in Fairfax County, it is less widespread than in the United States more generally. 

The U.S. Census Bureau’s American Community Survey reports that 6.6 percent of the 

people in Fairfax County were living below the poverty level in 2014. The U.S. Census 

Bureau reports that the nation’s official poverty rate during this year was 14.8 percent, 

more than double the rate of poverty in Fairfax County (U.S. Census Bureau, 2015). In 

2014, poverty for a household of four was defined by an annual household income less 

than $23,850 (The Fairfax County Community Action Advisory Board, n.d.). I calculate 

my measure of poverty by the percent of households in a block group with incomes 

below the poverty level threshold using the 2014 ACS estimates. The 2014 ACS provides 

the number of households in each block that fall below the poverty level. I transformed 

this into a percentage by dividing the figure the ACS provides by the total number of 

households in each block group, a figure that is also recorded in the ACS data.  

From 2013 to 2014, Fairfax County’s population increased by about .4 percent 

(Khaja, et al., 2014). This means that about 4,600 new residents moved into one of the 

county’s 646 block groups with residential areas. In addition to new residents to the 

county, existing residents moved within the county, possibly redistributing the county’s 

population across its census-designated block groups. As a result of the available data, I 

measured the concept of population growth with broader strokes, which encompassed 
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both percent growth and percent decline. Population growth is measured by subtracting 

the 2013 population estimates from the 2014 population estimates for each block group. I 

then divide the change in population by the original population in the formula (2013) to 

create a percentage.  

The last measure is conceptually tied to the preceding measure of population 

growth, but has a more micro-level focus. While population growth is focused on 

mobility within the larger geographies of the county, a focus on mobility indicates the 

importance of stable social structures within smaller geographies like neighborhoods. 

Population growth will fail to capture residential mobility within block groups even 

though such mobility can still affect a community’s ability to maintain social control over 

their neighborhoods. I calculate residential mobility using the percentage of households 

that moved in the past 12 months. This number of households that have moved in the past 

12 months is recorded in the 2013 ACS. I divide this figure by the total number of 

households in each block group to create the percentage that is used in the model.  

 My use of census data to estimate structural neighborhood characteristics reflects 

a decision to adopt an administrative definition of neighborhoods. This approach 

contrasts with a growing interest in defining neighborhoods by their social networks and 

street patterns. There is, however, no correct way to define neighborhoods. While it is 

possible that using structural characteristics aggregated at the block group level may 

attenuate the relationship between these characteristics and fear of crime by not 

differentiating areas to an optimal degree, many similar studies in the field of social 

disorganization take an administrative approach to defining neighborhoods. Sampson 
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(2011) indicates support for this approach, arguing that “administratively defined units 

such as census tracts are reasonably consistent with the notion of nested ecological 

structures and permit the analysis of rich sources of linked data” (p. 212).  

Intervening Dimension of Social Disorganization  
The survey also includes several measures of asking residents to report the degree 

to which an array of crime is problematic in their neighborhoods. One of these measures 

concerns teen peer groups, a concept which maintains a significant place in the literature 

as an intervening characteristic in disorganized communities (Taylor & Covington, 1993; 

Sampson & Groves, 1989). The Fairfax Community Survey asked residents to rate the 

degree to which “teenagers hanging out and being disruptive” is a problem in their 

neighborhood on a four-item ordinal scale. Residents had the following response options 

to convey the degree to which unsupervised teens were problematic in their 

neighborhood: “a major problem,” “a moderate problem,” “a minor problem,” or “not a 

problem at all.”  

 There is evidence to suggest that unsupervised teen peer groups is the most 

important measure to include when estimating the intervening dimensions of community 

disorganization. Sampson and Groves (1989) argued that it was the “the first and most 

important intervening construct” in the disorganization model (p. 778). Further, the 

findings of their analysis seem to support this conclusion. Sampson and Groves (1989) 

tested the relationship between five community structural variables and three intervening 

characteristics (local friendship networks, unsupervised peer groups, and organizational 

participation). While the other two intervening characteristics demonstrated some 
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statistically significant relationships with the five structural attributes measured, only 

unsupervised peer groups showed significant relationship with all five of the attributes. 

Though a proxy measure for organizational participation could be taken from the Fairfax 

Community Survey’s item on Neighborhood Watch participation, overall participation 

levels were so low that it is unlikely to be a useful predictive measure in the model.  

 The survey did, however, include items that reflect the degree to which other 

signal crimes are problematic in local communities. In addition to unsupervised teens, 

Question 6 of the Fairfax Community Survey, which asked “Thinking about your 

neighborhood, how much of a problem is/are:” followed by a variety of crime and 

disorder issues, asked respondents to focus on “people loitering in public,” “graffiti,” and 

“people drinking in public.” Again, the response scale for these items ranged from “not a 

problem at all” to “a serious problem.” Together with “teenagers hanging out and being 

disruptive,” these measures form the category referred to in some research models as 

intervening dimensions of community disorganization. Whereas the structural 

antecedents are the factors thought to contribute to the breakdown in social control, these 

are the factors thought to arise as a result of that breakdown.   

These measures are crucial in applying social disorganization theory to fear of 

crime because the importance of the community structural variables is that they predict 

community disorganization. The systemic theory and collective efficacy argument 

emphasizes that it is the community disorganization brought about by a community’s 

structural characteristics, not the structural variables directly, which predicts crime. These 

intervening dimensions are critical in the model to maintain the true relationship between 
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neighborhood-level correlates of fear and reported fear within the disorganization 

framework. I test whether the systemic theory and collective efficacy argument is as 

important in explaining fear of crime as it is in explaining crime. 

Crime Rates  
In order to approximate crime within Fairfax County communities, I use data 

provided by the FCPD on their calls for service during the year 2015 to coincide with the 

time during which the CEBCP conducted the Fairfax Community Survey. The calls for 

service data include a calls within the county that qualify as Group A3 and Group B4 

offenses under the Virginia State Police Uniform Crime Reporting Incident Based 

Reporting (IBR) System. Group A, on average, encompasses more serious offenses and 

includes 22 crime categories which cover 46 different offenses. Group B consists of 

offenses that are, on average, considered less serious than those included in Group A. The 

calls for service data does not capture offenses deemed Non-IBR Reportable by the 

Virginia State Police Uniform Crime Reporting IBR system. These incidents were 

geocoded at the block group level using ArcGIS and Census block group data. This 

allows me to approximate differences in crime incidents in my model of fear of crime.  

                                                 
3 Group A offenses include arson, assault offenses, bribery, burglary/breaking and entering, 

counterfeiting/forgery, destruction/damage/vandalism of property, drug/narcotic offenses, embezzlement, 

extortion/blackmail, fraud offenses, gambling offenses, homicide offenses, kidnapping/abduction, 

larceny/theft offenses, motor vehicle theft, pornography/obscene material, prostitution offenses, robbery, 

forcible sex offenses, nonforcible sex offenses, stolen property offenses, and weapons law violations.  
4 Group B offenses include bad checks, curfew/loitering/vagrancy violations, disorderly conduct, driving 

under the influence, drunkenness, nonviolent family offenses, liquor law violations, peeping tom, runaway, 

trespass of real property, and all other offenses.  
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In 2015, Fairfax County police received 50,718 calls for service5 within the 649 

block groups covered by their jurisdiction. Approximately 47,250 of these calls were 

geocoded to one of Fairfax County’s 649 block groups. Not all calls were able to be 

geocoded to a block group as a result of errors in address records, which prevented the 

program from identifying the exact location from the street address listed in the dataset. 

The Fairfax County block group generating the least calls did not have any recorded calls 

for service in 2015. The block group with the most calls for service had 1,579 calls. The 

block group with the most calls for service in the county was not represented by any of 

the survey respondents. The maximum number of calls for service from a block group 

included in the sample was 664. The average number of calls for service across all 

Fairfax County block groups was about 73 calls during the year 2015 compared to 70 in 

the block groups in which survey respondents resided.  

Calls for service are a useful measure because they approximate crime while 

remaining sensitive to community perceptions of crime. Official police reports or arrest 

statistics do not reflect this perceptual component. Rather, they reflect the responding 

officer’s interpretation and documentation of whether a crime occurred and their 

judgment on how that crime should be classified. While both calls for service and official 

crime measures play an important role in research, calls for service is a better measure for 

this study, which emphasizes perception at almost every level both theoretically and in 

how the study’s other variables are measured. Sherman, Gartin, and Buerger (1989) argue 

                                                 
5 The calls for service category in this analysis only uses offenses which qualify in Group A or Group B 

under the Virginia State Police Uniform Crime Reporting Incident Based Reporting (IBR) System. For a 

list of what categories of offenses are included in each group, please see the footnote on page 38.  
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that calls for service are “relatively so precise and cast so wide a net that they some day 

may provide a third major indicator of crime trends—supplementing official crime 

reports and victimization surveys” (p. 34). I use calls for service in lieu of official crime 

data because they are better suited to the nature of my dependent variables. Fear of crime 

is an emotional response to perceived risk and the perceived consequences of that risk. If 

my dependent variable has been a more objective measure like crime, official records 

such as reports or arrests might be a better measure for the concept of crime. My 

dependent variables, however, are sensitive not to an objective phenomenon, by a 

subjective emotion brought about by subjective perceptions. Calls for service encompass 

a variety of community problems, not all of which are criminal in nature. The calls for 

service in my dataset are limited to those that do correspond with IBR criminal offenses 

that fall into Group A or Group B. Despite this, these calls for service are still more likely 

to be more inclusive than a dataset containing the official reports generated from these 

calls for service. While official crime measures are subject to underreporting, calls for 

service can be subject to both this underreporting and, simultaneously, over reporting as 

residents report non-crime problems (Sherman et al., 1989). More importantly, calls for 

service are most often initiated by the public and reflect what the community perceives as 

problematic and warranting police attention.  

For example, a neighbor who hears a concerning dispute may call the police, 

initiating a call for service for a potential case of domestic violence. However, the police 

may arrive on scene to find that the dispute is between a landlord and a tenant. The call 

for service may have originated as a domestic violence complaint, but it is actually a civil 
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dispute for which no report is generated (because no crime occurred). Despite the facts of 

the case, that the dispute was not criminal, the perceptions of the community members 

that this domestic dispute occurred may influence their fear of crime and feelings of 

safety in their neighborhood.  

 The effect of crime complicates many social disorganization models because 

crime is both a structural level variable that affects disorganization and a product of that 

disorganization. Sampson (2011) cautions that “it is important to recognize that crime 

and its consequences may themselves have important reciprocal effects on community 

structure and process,” highlighting Skogan’s (1990) summary of the feedback process 

introduced in Chapter Two of this thesis (p. 220). In his critique of the social 

disorganization theory, Bursik (1988) notes that Shaw and McKay did not always 

differentiate the presumed outcome of disorganization (delinquency) from explanation of 

disorganization itself; crime was used in many models as both an explanatory and 

outcome variable. Though this study looks at fear of crime, rather than delinquency, as an 

outcome of disorganization, it is important to recognize the historical use of crime rates 

in the literature. In this study, a community’s calls for service rate, a proxy for crime 

rates, lies within the structural neighborhood characteristics portion of the model. 

Plan of Analysis  
First, I geocoded the three data sources used in this analysis allowing each 

individual to be assigned neighborhood level characteristics by joining the spatial 

(Census and calls for service) data with the individual (survey) data. The geocoding 

strategy, using ArcGIS software, occurred in two stages. First, survey and crime data 
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were geocoded. Through this process, I assigned the corresponding block group identifier 

(GEOID) to individuals and calls for service. I completed this transformation using an 

address locator and Census shape file in ArcGIS. The address locator identified the 

location of the data points (in this case either survey respondents or calls for service in 

Fairfax County). I overlaid the Census shape file, allowing me to then extract this 

information at the block group level. Ratcliffe (2004) suggests that a match rate of at least 

85% is needed during the geocoding process in order to justifying proceeding to the 

analysis. This strategy achieved a match rate of 88%. Once geocoded at the block group 

level, the data was assigned to the individuals in that block group who completed the 

survey.  

Models for the omnibus measure of fear and the two offense-specific measures 

are estimated separately, consistent with the research suggesting that respondent’s rate 

their level of fear differently depending on whether their views are captured by a general 

fear of crime question or offense-specific questions. This allows me to conclude whether 

the independent variables affect the dependent variable of fearfulness differently based 

on the type of fear of crime question employed. In a separate subanalysis, I use two 

measures for feelings of safety as the dependent variable.  

The dependent variables in this analysis are binary, and therefore I employ a 

binary logistic regression to analyze the value of 12 independent variables in predicting 

fear of crime. The linearized form of the logistic regression model is represented by the 
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following equation: Log (p / (1-p)) = a + b1X1 + b2X2 + …bnXn6. I use a forward 

selection stepwise approach to build the four logistic regression models. After running 

the logistic models for fear of crime, I complete a similar subanalysis using two 

indicators of feelings of safety as the dependent variable. Adding one model at a time, I 

determine which improves the regression model’s explanation of fear of crime amongst 

Fairfax County residents. This analysis includes of twelve independent variables. The 

structural variables include measures of ethnic heterogeneity, poverty, residential 

mobility, and population growth. Individual variables include age, race, and gender. In 

addition to these, calls for service and disorder (unsupervised teens, loitering, graffiti, 

drinking in public) are added to the model independently. Figure 3 below shows in which 

model each of the twelve independent variables is incorporated.  

 

 

 

                                                 
6 In this equation, p represents the probability of the subject being fearful; p/(1-p) represents the odds of the 

subject being fearful; X1 through Xn represent a set of predictors of interest; b1 through bn represent the 

estimated effects of a one unit change in those predictors on the logarithm of the odds of being fearful 

(these effects are shown in the Logit(B) column in the regression tables); and a is a constant term. When 

the b parameters are exponentiated, they represent the multiplicative effects of the predictor variables on 

the odds of being fearful (these are shown in the Exp(B) column in the regression tables). 
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Figure 3: Breakdown of Data Items by Model Category 

 

 

 

Assumptions 
 The following issues require consideration before running and interpreting the 

regression model.  

N : k Ratio 
 Tabacknick and Fidell (2007) suggest that an ideal sample size for a regression 

model can be determined by the following formula: N = 50 + 8(k) where k is the number 

of predictors. The present regression analysis uses 12 predictors. Therefore, Tabacknick 

and Fidell (2007) would recommend at least 146 cases to produce a reliable regression 
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model. With 625 cases, the sample size should be more than sufficient to run the 

proposed regression analysis.  

Normality 
 Of the model’s 12 independent variables, four are continuous and are thus subject 

to the assumption of normality. Unfortunately, histograms demonstrate that three of these 

four variables have skewed distributions which violate the assumption of normality. Only 

the percent population change variable exhibits an approximately normal distribution. 

Figure 4 illustrates the distributions of these four variables.  

 

 

 
 

 

Figure 4: Histograms of Structural Variables’ Distributions 
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Outliers 
 Boxplots, shown below in Figure 5, demonstrate that each of these four 

distributions contain outliers. This is another problematic feature in the data which may 

further attenuate my findings. 

 

 

 

 

Figure 5: Boxplots of Structural Variables 

 

 

 

Multicollinearity  
 High correlations among structural neighborhood variables have the potential to 

inhibit this research’s ability to draw conclusions about the explanatory power of these 

different neighborhood characteristics. Therefore, I assess the strength of those 

correlations and reproduce them in Table 4 below, noting that a large degree of 

correspondence between these variables may weaken the predictive power of the model. 

After assessing the distributions of these four structural variables, I determined that the 
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data violate the assumptions of the Pearson’s Correlation Coefficient test and ran a 

Spearman's rho Correlation Coefficient test. Since three of the four distributions were 

skewed and all of the distributions contained outliers, the normality of the data is a 

concern. The Spearman’s test converts the data to ranks and then compares those ranks, 

making it less sensitive to the data’s skew and outliers. The correlations between each of 

the four structural variables were calculated in R and are reproduced in the matrix below. 

 

 

 
Table 4: Correlations between Neighborhood Structural Variables 

Spearman’s Correlation Ethnic 

Heterogeneity  

Poverty Residential 

Mobility 

Population 

Growth 

Ethnic Heterogeneity —    

Poverty .3069 —   

Residential Mobility .2356 .1634 —  

Population Growth .1001 .0110 .0716 — 

 

 

 Cohen (1988) delineates three categories to describe effect size: small (.10), 

moderate (.30), and large (.50). Following Cohen’s (1988) conventions, the strength of 

the correlations between the four structural variables fall between small and moderate. 

The correlations between the structural neighborhood variables do not raise concerns 

about multicollinearity. 

 The intervening dimensions of social disorganization, on the other hand, are more 

highly correlated with one another. While the correlations between these four variables, 

shown in Table 5 below, are not prohibitively high, they are large enough to warrant a 

more reserved interpretation of these findings.  
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Table 5: Correlations between Intervening Dimensions Variables 

Spearman’s Correlation Loitering   Graffiti Unsupervised 

Teens 

Drinking 

in Public 

Loitering   —    

Graffiti   .4347 —   

Unsupervised Teens   .5520 .4292 —  

Drinking in Public    .4690 .4420 .5440 — 
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CHAPTER 4: RESULTS 

Fear of Crime in Fairfax County 
Fear of crime is generally low in Fairfax County. Figure 6 indicates that 

respondents generally reported feeling safe in their communities. Responding to a five-

item Likert scale, the average survey respondent rated their level of fearfulness between 

“Neutral” and “Not too fearful” when asked about their general fearfulness of crime in 

their community. Only about 25 percent of respondents indicated feeling somewhat or 

very fearful of crime in their community. This trend persisted when respondents were 

asked to indicate their level of fear for burglary and robbery more specifically, with the 

average respondent indicating feelings of safety between “Neutral” and “Safe.” 

Respondents were, however, slightly more fearful of burglary (30.6%) than both crime in 

general (25.1%) and robbery (23.8%).  

The majority of survey respondents also indicated feeling safe when walking 

alone in their neighborhood both during the day and at night. During the day, less than 

five percent of residents reported feeling unsafe walking around their neighborhoods. 

Consistent with prior research, this figure increased when residents were asked about 

feeling safe walking around at night. Despite the increased fear surrounding nighttime, 85 
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percent of the county’s residents indicated that they felt either safe or neutral about 

traversing their neighborhoods at night.  

 

 
Figure 6: Average Resident’s Fear of Crime and Feelings of Safety 

The first three items use a scale of 1=Not at all Fearful; 2=Not too fearful; 3=Neutral; 4= Somewhat fearful; and 

5=Very Fearful. The last two items use a scale of 1=Very Safe; 2=Safe; 3=Neutral; 4=Unsafe; and 5=Very Unsafe. 

 

 

 

 

While the majority of respondents indicate feeling not at all or not too fearful 

about crime in their communities, most of these individuals reported the more moderate 

response, “not too fearful,” or, when responding the question about feelings of nighttime 

safety, the more moderate “safe.” This trend persisted throughout the fear of crime 

measures and the feelings of safety measure about walking alone in their neighborhood 

after dark. However, when asked about feelings of safety about walking alone in their 

neighborhood during the day, respondents were far more likely to indicate that they felt 

“very safe” than the less extreme alternative, “safe” (Table 6).  

 

1.5

2.3

2.4

2.6

2.5

1 1.5 2 2.5 3 3.5 4 4.5 5

Walking alone in your neighborhood during the day

Walking alone in your neighborhood after dark

Being robbed by someone who has a gun or knife

Someone breaking into your house to steal things

Crime in your community
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Table 6: Distribution of Respondents’ Fear of Crime and Feelings of Safety 

 1 2 3 4 5 

Crime in your 

community (n = 619) 

16.6% 44.6% 13.7% 22.8% 2.3% 

Someone breaking into 

your house to steal 

things (n = 621) 

16.9% 40.9% 11.6% 25.1% 5.5% 

Being robbed by 

someone who has a 

gun or knife (n = 622) 

20.7% 42.0% 13.5% 19.5% 4.3% 

Walking alone in your 

neighborhood after 

dark (n =624 ) 

23.4% 43.6% 17.8% 12.3% 2.9% 

Walking alone in your 

neighborhood during 

the day (n = 624) 

65.5% 26.8% 4.0% 1.6% 2.1% 

The first three items use a scale of 1=Not at all Fearful; 2=Not too fearful; 3=Neutral; 4=Somewhat fearful; and 5=Very 

Fearful. The last two items use a scale of 1=Very Safe; 2=Safe; 3=Neutral; 4=Unsafe; and 5=Very Unsafe. 

 

 

 

 

While Table 6, above, is useful for understanding the distribution of the original 

ordinal scales, Table 7, below, shows the frequency of responses when the ordinal scale 

is collapsed into the binary outcomes used in this logistic regression. Several factors 

drove my decision to collapse the ordinal variable into binary categories. First, though the 

ordinal level of the nature incorporates important differences in respondents’ feelings of 

fear and safety, what is critical in this analysis is the presence of fear. If present, fear can 

contribute to the process of neighborhood crime and further facilitate incidents of crime 

and disorder. Second, Fairfax County residents generally indicate a very low degree of 

fear, resulting in few responses in the very fearful and fearful categories. In an effort to 
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stabilize the regression model, I collapse responses indicating fear and those not 

indicating fear since doing so does not compromise the validity of the constructs critical 

in assessing fear. The results are shown in Table 7.  

 

 

 
Table 7: Binary Distribution of Respondents’ Fear of Crime and Feelings of Safety 

 Respondents Who Did 

Not Report Feeling 

Fearful / Unsafe 

Respondents  Who 

Reported Feeling 

Somewhat or Very 

Fearful / Unsafe 

Crime in your community 

(n = 619) 

75% 25% 

Someone breaking into your 

house to steal things  

(n = 621) 

69.4% 30.6% 

Being robbed by someone 

who has a gun or knife  

(n = 622) 

76.2% 23.8% 

Walking alone in your 

neighborhood after dark  

(n = 624) 

84.8% 15.2% 

Walking alone in your 

neighborhood during the 

day (n = 624) 

96.3% 3.7% 

 

 

Step 1: Predicting Fear of Crime Outcomes from Individual 
Characteristics    
 The first model assesses the predictive value of gender, race/ethnicity, and age on 

three fear of crime outcomes among Fairfax County residents. While these factors, 

together, exhibit predictive value, they do so only at a marginal level. Individual 

characteristics are better predictors of fear of robbery and general fear of crime than fear 

of burglary.   
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General Fear of Crime    
 The results of the first iteration of the logistic regression are presented in Table 8. 

Together, individual characteristics explain only about two percent of the variation in 

general fear of crime. From Table 8, we see that age was the only statistically significant 

demographic predictor of general fear of crime included in the model.  While the 

coefficient for age indicates a small impact on fear, over many years, this difference can 

become sizable. For each one-year increase in age, the odds of being fearful increase by 

1.05. The impact of race, while not significant, indicates that white, non-Hispanic 

residents were slightly more fearful of crime in their communities than nonwhite or 

Hispanic residents. While general fear of crime remained low overall, 25.5 percent of 

whites indicated that they were fearful of crime in their neighborhoods while 22.6 percent 

of nonwhites responded in this manner. Respondents’ gender, almost rising to the 

conventional level of statistical significance with a p-value of .058, predicted fear in a 

direction consistent with prior research. The odds that a female respondent was fearful 

was almost 50 percent greater than the odds that a male respondent was fearful.   
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Table 8: Predicting General Fear of Crime Using Individual Characteristics7 

N = 538 Logit B Exp(B) 

Constant -2.095*** .123 

Gender (Female = 1) .391 1.478 

Race (Nonwhite or Hispanic=1) -.110 .896 

Age (in years) .015* 1.015 

   

-2 log likelihood 596.619  

Cox and Snell R² .014  

Nagelkerke R² .020  
Significant at p < .05*, p < .01**, p < .001*** 

 

 

Fear of Burglary    
 Individual characteristics were less successful at predicting fear of burglary than 

general fear of crime, as shown in Table 9.  While age and gender are important 

predictors in the general fear of crime model, neither were close to being a significant 

predictor of fear of burglary. In fact, together these individual characteristics explain no 

more than half of one percent of the variation in Fairfax County residents’ fear of 

burglary.  

                                                 
7 Warr (2000) conceptualizes fear of crime as a multiplicative factor between perceived risk of 

victimization and perceived seriousness of victimization. Individual characteristics are often employed to 

estimate perceived seriousness of victimization under the assumptions of the vulnerability framework. The 

vulnerability framework posits that physical vulnerable populations, like women and the elderly, and 

socially vulnerable populations, like minorities and the poor, will be more fearful of crime because they are 

more vulnerable to its effects. Given Warr’s (2000) conceptualization, fear may also be impacted by 

perceived risk. The Fairfax Community Survey does not include a measure of perceived risk since 

assessing fear of crime was not the primary goal of the survey. The closest measure to perceived risk 

included in the survey is feelings of safety walking alone in one’s neighborhood during the day and at 

night. As this is a general proxy for risk, it is only appropriate to include it in the general fear of crime 

model. While feelings of safety is not a strong operationalization of perceived risk, I ran these models to 

more fully explore all potential predictors of fear of crime. Significance testing on the -2LL differences 

between my original model and feelings of safety during the day in addition to the variables included in the 

original model does not significantly improve the logistic regression model’s explanation of the variance in 

general fear of crime at any iteration. The addition of nighttime feelings of safety, however, significantly 

improved the model’s explanatory power at every iteration. At the final step, the model that includes 

nighttime feelings of safety as an individual-level predictor explains an additional 3.4 percent of the 

variance in general fear. This finding is not surprising given that general fear of crime was more strongly 

correlated with nighttime feelings of safety (r = .405) than daytime feelings of safety (r = .316). 
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Table 9: Predicting Fear of Burglary Using Individual Characteristics 

N = 541 Logit B Exp(B) 

Constant -1.027* .358 

Gender (Female = 1) .256 1.292 

Race (Nonwhite or Hispanic=1) -.036 .965 

Age (in years) .001 1.001 

   

-2 log likelihood 663.584  

Cox and Snell R² .003  

Nagelkerke R² .005  
Significant at p < .05*, p < .01**, p < .001*** 

 

 

Fear of Robbery    
Individual characteristics were most successful in explaining fear of robbery. 

Despite this relative success, these characteristics still only explain around three percent 

of the variation in Fairfax County residents’ fear of robbery. The results of the model 

using individual characteristics to predict fear of robbery are shown in Table 10, below. 

Gender is a statistically significant predictor of robbery. The odds of being fearful of 

robbery are 62 percent greater for females than males. Age also has a statistically 

significant impact on fear of robbery. For each additional increase in the age of an 

individual, their odds of reporting fear of robbery increase by two percent. While this 

seems like a relatively low impact, over many years, this can result is a substantial 

difference in the fearfulness of older individuals.  

 
Table 10: Predicting Fear of Robbery Using Individual Characteristics 

N = 541 Logit B Exp(B) 

Constant -2.599*** .074 

Gender (Female = 1) .485* 1.624 
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Race (Nonwhite or Hispanic=1) .228 1.256 

Age (in years) .020** 1.021 

   

-2 log likelihood 587.471  

Cox and Snell R² .021  

Nagelkerke R² .031  
Significant at p < .05*, p < .01**, p < .001*** 

 

 

 

Step 2: Predicting Fear of Crime Outcomes from Individual 
Characteristics and Structural Antecedents  
 To test the impact of the social antecedents of social disorganization, I combined 

the four structural antecedents of disorganization and assessed whether their addition 

substantially improved the predictive power of the model. The results below show that 

while the inclusion of these variables slightly increases the explanatory power of the 

model, they do not demonstrate potential as easily accessible indicators of fear of crime 

in Fairfax County, Virginia.  

General Fear of Crime    
 Table 11, below, summarizes the impact and significance of individual 

characteristics and structural antecedents of social disorganization on general fear. 

Consistent with the first iteration of the general fear of crime model, age was a 

statistically significant predictor of fear, increasing the odds of being fearful of crime 

generally but approximately two percent for each additional year increase in the age of 

the individual respondent. Gender, once again, was nearly significant at the conventional 

p < .05 significant level and was marginally significant at the p < .01 level. The odds of 

being fearful was 48 percent higher for women than men. Once again females, whites, 



72 

 

and older individuals were more fearful than their counterparts. When individual 

characteristics and the structural antecedents of social disorganization are combined, they 

explain about three to four percent of the variance in residents’ reported fear of crime. 

Significance testing on the -2 log likelihoods (-2LL) of the first and second iterations of 

the general fear of crime model show that the addition of the structural variables did not 

result in a statistically significant improvement to the model’s explanatory power.8  

 

 
Table 11: Predicting General Fear of Crime from Individual Characteristics and Structural Antecedents 

N = 538 Logit B Exp(B) 

Constant -2.591*** .075 

Gender (Female = 1) .309  1.477 

Race (Nonwhite or Hispanic=1) -.218 .804 

Age (in years) .018* 1.018 

Ratio Nonwhite to White .270 1.310 

Percent Below Poverty .006 1.006 

Percent Mobility .010 1.010 

Percent Population Change .015 1.015 

   

-2 log likelihood 588.305  

Cox and Snell R² .029  

Nagelkerke R² .043  
Significant at p < .05*, p < .01**, p < .001*** 

 

 

 

Fear of Burglary    
 The model remains unsuccessful in explaining fear of burglary even when 

structural antecedents of social disorganization are added to the model. None of the 

included variables make a statistically significant contribution to the model’s explanation 

                                                 
8 The significant testing for -2LL follows a chi-square distribution. The -2LL of the preceding iteration is 

subtracted from the -2LL of the more recent iteration to determine the difference and test statistic to be 

compared against the chi-square critical value. 
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of fear of burglary and together explain about one percent of the variation in residents’ 

fearfulness (Table 12). It is unsurprising, then, that significance testing on the difference 

in -2LL between the first and second iterations of the fear of burglary model shows that 

the addition of these new variables did not improve the model’s ability to predict 

residents’ fear of burglary in Fairfax County.  

 

 

 
Table 12: Predicting Fear of Burglary from Individual Characteristics and Structural Antecedents 

N = 541 Logit B Exp(B) 

Constant -1.231** .292 

Gender (Female = 1) .260 .1.297 

Race (Nonwhite or Hispanic=1) -.098 .907 

Age (in years) .003 1.003 

Ratio Nonwhite to White .216 1.241 

Percent Below Poverty -.005 .995 

Percent Mobility .001 1.001 

Percent Population Change .012 1.012 

   

-2 log likelihood 659.040  

Cox and Snell R² .012  

Nagelkerke R² .017  
Significant at p < .05*, p < .01**, p < .001*** 

 

 

Fear of Robbery    
 Table 13, shown below, illustrates the contributions of individual characteristics 

and structural antecedents to explanations of fear of robbery. Including both individual 

and structural characteristics almost doubles the predictive power of the model of fear of 

robbery. The difference in -2LL between the first and second iterations of the fear of 

robbery model shows that the addition of these structural variables did improve the 

model’s predictive power by a statistically significant margin. Despite this, the overall 
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power of the model remains relatively low, explaining only eight percent of the variation 

in residents’ fearfulness of robbery. The odds that a female would report feeling fearful 

of robbery was 66 percent higher than males. Once again, for each one-year increase in 

age, the odds that an individual would report feeling fearful of robbery increased by 

approximately two percent. Percent population change was statistically significant in the 

model, but imparts relatively little real-world impact on fear of crime in neighborhoods 

where the degree of population change is small. For each additional percent increase in 

the population of a block-group, the odds that individuals within that block group will 

report fear of robbery increases by .04 percent.  

 

 

 
Table 13: Predicting Fear of Robbery from Individual Characteristics and Structural Antecedents 

N = 541 Logit B Exp(B) 

Constant -3.121*** .044 

Gender (Female = 1) .508* 1.662 

Race (Nonwhite or Hispanic=1) .211 1.234 

Age (in years) .024** 1.024 

Ratio Nonwhite to White .156 1.169 

Percent Below Poverty -.015 .985 

Percent Mobility .014 1.014 

Percent Population Change .035*** 1.036 

   

-2 log likelihood 568.261  

Cox and Snell R² .055  

Nagelkerke R² .082  
Significant at p < .05*, p < .01**, p < .001*** 

Step 3: Predicting Fear of Crime Outcomes from Individual 
Characteristics and the Structural Antecedents and Intervening 
Dimensions of Social Disorganization 
 The intervening dimensions of social disorganization were far more successful 

than their structural antecedents in explaining the variance of fearfulness in Fairfax 
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County. Their addition increased the predictive power of the three fear of crime models. 

Significance testing on the -2LL between the second and third iterations of all three fear 

of crime models showed a statistically significant improvement in explanatory power 

with the addition of these intervening variables.   

General Fear of Crime    
  The table below suggests that the intervening variables, which reflect perceived 

social disorganization in a community, are, as predicted, the most important factors in 

explaining general fear of crime. Table 14 demonstrates an interesting finding with 

regard to the effect of gender on general fear of crime. Recall that gender was not a 

statistically significant predictor in the previous two iterations of the model of general 

fear of crime. This model shows that gender is statistically significant in predicting fear 

of crime when the intervening dimensions of social disorganization are added to the 

regression model, demonstrating that males and females tend to respond differently when 

perceived disorder is present. Perceived disorder moderates the effect of respondent’s 

gender on fear. Similar to the first two iterations of the model when the gender variable 

was not significant at the conventional p < .05 level, the odds of being fearful of crime 

generally are 58 percent higher for women compared to men. Age is also statistically 

significant, with a similar two percent increase in the odds of reporting fear for each one-

year increase in age as the prior iterations of the general fear of crime model. Two of the 

four intervening dimensions, loitering and graffiti, significantly increased the odds that a 

respondent reported general fear of crime. Recall that these variables were measured on a 

four point ordinal scale ranging from “not a problem at all” to “a major problem.” For 
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each categorical increase in the degree to which residents perceive loitering as 

problematic in their neighborhoods, the odds that they will report feeling fearful 

increased by 86 percent. For each progressive increase in the degree to which residents 

perceive graffiti as problematic, the odds that an individual will report fear increases by 

44 percent.  

 

 

 
Table 14: Predicting General Fear of Crime Using Individual and Social Disorganization Variables 

N = 533 Logit B Exp(B) 

Constant -4.136*** .016 

Gender (Female = 1) .455* 1.577 

Race (Nonwhite or Hispanic=1) -.322 .725 

Age (in years) .018* 1.018 

Ratio Nonwhite to White .098 1.103 

Percent Below Poverty -.018 .983 

Percent Mobility .004 1.004 

Percent Population Change .012 1.012 

Loitering .620*** 1.859 

Graffiti  .367* 1.443 

Unsupervised Teens .202 1.224 

Drinking in Public  -.063 .939 

   

-2 log likelihood 532.459  

Cox and Snell R² .114  

Nagelkerke R² .169  
Significant at p < .05*, p < .01**, p < .001*** 

 

 

Fear of Burglary    
 Table 15, below, illustrates that the only significant predictor of an individual’s 

fear of burglary was whether or not that individual perceived a high degree of loitering in 

their neighborhood. For each increase in the degree to which residents perceive loitering 
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as problematic in their neighborhoods, the odds that an individual will report feeling 

fearful of burglary increases by 69 percent.  

 

 

 
Table 15: Predicting Fear of Burglary Using Individual and Social Disorganization Variables 

N = 535 Logit B Exp(B) 

Constant -2.160 .115 

Gender (Female = 1) .243 1.276 

Race (Nonwhite or Hispanic=1) -.171 .843 

Age (in years) .002 1.002 

Ratio Nonwhite to White .067 1.069 

Percent Below Poverty -.023 .978 

Percent Mobility -.004 .996 

Percent Population Change .010 1.010 

Loitering .527*** 1.693 

Graffiti  .244 1.276 

Unsupervised Teens .153   1.165 

Drinking in Public  -.156 .856 

   

-2 log likelihood 620.417  

Cox and Snell R² .067  

Nagelkerke R² .095  
Significant at p < .05*, p < .01**, p < .001*** 

 

 

 

Fear of Robbery    
 Similar to prior iterations, this combination of variables is more successful in 

explaining fear of robbery than fear of burglary or general fear of crime. This iteration of 

the model explains almost 20 percent of the variation in residents’ fear of robbery. Table 

16 shows that, once again, gender and age are statistically significant predictors of fear of 

robbery. The odds that an individual will report fear of robbery is 75 percent higher for 

women than men. The odds that an individual will report fear, with respect to age, has 
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remained relatively constant throughout the iterations of this model with the odds of 

being fearful increasing by approximately two percent for each year increase in age. For 

each additional unit increase in population change within a block group, the odds that an 

individual living within that block group increase by 37 percent. When residents perceive 

loitering as problematic in their neighborhoods, the odds that they will report being 

fearful of robbery increases by a factor of two.  

 

 

 
Table 16: Predicting Fear of Robbery Using Individual and Social Disorganization Variables 

N = 535 Logit B Exp(B) 

Constant 1.037 2.820 

Gender (Female = 1) .558* 1.746 

Race (Nonwhite or Hispanic=1) .165 1.179 

Age (in years) .024** 1.024 

Ratio Nonwhite to White -.081 .922 

Percent Below Poverty -.033 .967 

Percent Mobility .010 1.010 

Percent Population Change .036*** 1.037 

Loitering .737*** 2.089 

Graffiti  .357 1.428 

Unsupervised Teens -.189 .828 

Drinking in Public  .078 1.082 

   

-2 log likelihood 520.513  

Cox and Snell R² .127  

Nagelkerke R² .190  
Significant at p < .05*, p < .01**, p < .001*** 

 

 

 

The Significance of Loitering in the Intervening Dimensions Model  
An individual’s response to the degree to which “people loitering in public” was 

problematic in their neighborhoods (rated on a four-point scale from a major problem to 
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not a problem at all) was the most important predictor of whether the individual would 

indicate a general fear of crime. When the effect of loitering is examined alone, it 

explains 12.6 percent of the variance in residents’ general fear of crime. The difference in 

Naglkerke’s adjusted R-Squared between a loitering-only model and the full model of the 

intervening dimensions of social disorganization is 2.2 percent (Table 17). Significance 

testing on the difference in -2LL produced by these two subsections of my model 

illustrate that while loitering is clearly the most important of these variables (explaining a 

large portion of the total variance explained by the intervening dimensions category), the 

other variables still lend important information to the model. The difference in -2LL was 

greater than the critical value obtained from the chi-square distribution (7.81) for each of 

the fear of crime models9.  

 

 

 
Table 17: Comparison of Nagelkerke R² of Intervening Dimensions and Loitering Alone 

 Intervening 

Dimensions of Social 

Disorganization 

 

Loitering Alone 

 

Difference in R² 

General Fear of 

Crime 

.148 .126 .022 

Fear of Burglary  .086 .077 .009 

Fear of Robbery  .122 .106 .016 
Significant at p < .05* 

 

 

 

                                                 
9 The difference in -2LL using a loitering only model and a model including all four intervening 

dimensions of social disorganization was 16.294, the largest difference out of the three fear of crime 

models. This makes sense since the perception of graffiti was also statistically significant in predicting 

general fear of crime. For burglary and robbery, the difference in -2LL was smaller, 11.008 and 11.845 

respectively, but still larger than the critical value obtained from the chi-square distribution and, thus, 

statistically significant.  



80 

 

Step 4: Predicting Fear of Crime Outcomes from Individual and 
Neighborhood-level Variables (Structural Antecedents, Intervening 
Dimensions, and Crime) 
 The final iteration of the model adds one additional predictor of fear of crime—

crime, as measured by calls for service. When all variables are included in the model, it 

explains between 10 and 19 percent of residents’ fearfulness of general crime, burglary, 

and robbery. Significance testing on the change in -2LL between the third and final 

iterations demonstrates that the addition of this variable does not improve the model’s 

explanation of any of the three types of fear of crime considered in this analysis.  

General Fear of Crime    
 Table 18, below, shows that calls for service do not impact the explanatory power 

of the model. Thus, the same four variables from the prior iteration of the model remain 

statistically significant and the model’s predictive power remains unchanged. The 

complete model explains between 11 and 17 percent of the variation in residents’ general 

fearfulness of crime.  

 

 

 
Table 18: Predicting General Fear of Crime with the Comprehensive Model 

N = 533 Logit B Exp(B) 

Constant -4.103*** .017 

Gender (Female = 1) .447* 1.563 

Race (Nonwhite or Hispanic=1) -.322 .725 

Age (in years) .018* 1.018 

Ratio Nonwhite to White .114 1.120 

Percent Below Poverty -.015 .985 

Percent Mobility .004 1.004 

Percent Population Change .012 1.012 

Loitering .624*** 1.867 

Graffiti  .363* 1.437 

Unsupervised Teens .202 1.223 

Drinking in Public  -.060 .942 
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Calls for Service  -.001 .999 

   

-2 log likelihood 532.205  

Cox and Snell R² .114  

Nagelkerke R² .169  
Significant at p < .05*, p < .01**, p < .001*** 

 

 

 

Fear of Burglary    
 Table 19, shown below, shows that calls for service do not impact residents’ fear 

of burglary. The model’s explanatory power does not change as a result of the addition of 

this final variable. As with the previous iteration of the model of fear of burglary, only 

loitering is a significant predictor of fear. Once again, residents who perceive a high 

degree of loitering as a problem in their neighborhoods are more likely to fear burglary.  

 

 

 
Table 19: Predicting Fear of Burglary with the Comprehensive Model 

N = 535 Logit B Exp(B) 

Constant -2.062*** .127 

Gender (Female = 1) .221 1.247 

Race (Nonwhite or Hispanic=1) -.174 .840 

Age (in years) .002 1.002 

Ratio Nonwhite to White .110 1.116 

Percent Below Poverty -.015 .985 

Percent Mobility -.003 .997 

Percent Population Change .011 1.011 

Loitering .539*** 1.715 

Graffiti  .234 1.263 

Unsupervised Teens .153 1.165 

Drinking in Public  -.150 .861 

Calls for Service  -.003 .997 

   

-2 log likelihood 618.360  

Cox and Snell R² .071  

Nagelkerke R² .100  
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Significant at p < .05*, p < .01**, p < .001*** 

 

 

 

Fear of Robbery    
 Similar to the addition of calls for service to models of general fear of crime and 

fear of burglary, this variable does not assist in explaining fear of robbery in Fairfax 

County (Table 20). Just as in the previous iteration of the model, gender, age, percent 

population change, and loitering are statistically significant.  

 

 
Table 20: Predicting Fear of Robbery with the Comprehensive Model 

N = 535 Logit B Exp(B) 

Constant -4.428 .012 

Gender (Female = 1) .556* 1.743 

Race (Nonwhite or Hispanic=1) .165 1.179 

Age (in years) .024** 1.024 

Ratio Nonwhite to White -.078 .925 

Percent Below Poverty -.032 .968 

Percent Mobility .010 1.010 

Percent Population Change .036** 1.037 

Loitering .737*** 2.090 

Graffiti  .356 1.427 

Unsupervised Teens -.189 .828 

Drinking in Public  .079 1.082 

Calls for Service  .000 1.000 

   

-2 log likelihood 520.502  

Cox and Snell R² .127  

Nagelkerke R² .190  
Significant at p < .05*, p < .01**, p < .001*** 

Correlations between Structural Antecedents and Intervening 
Dimensions of Social Disorganization 
 The difference between the intervening dimensions of social disorganization’s 

predictive power and that of the structural antecedents of social disorganization is 
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interesting and will be addressed in the discussion that follows. In preparation for that 

discussion, Table 21 reproduces the correlations between the structural antecedents and 

intervening dimensions of social disorganization used in this analysis. The Spearman’s 

Correlations are used to reduce the bias caused by the skewed distributions of the 

intervening dimensions of social disorganization. The table below demonstrates that, 

despite the theoretical causal link between the antecedents and the disorganization they 

cause, these factors are not highly correlated in this sample of Fairfax County residents.  

 

 

 
Table 21: Correlations Between Structural Antecedents and Intervening Dimensions 

Spearman’s 

Correlation 

Unsupervised 

teens 

Loitering Graffiti Drinking in 

Public 

Ethnic Heterogeneity  .125 .292 .118 .159 

Poverty .088 .128 .067 .056 

Residential Mobility .057 .135 .102 .097 

Population Growth .038 .088 .060 .050 

 

 

Trends in General Fear of Crime throughout the Stepwise Model  
The significance of the variables included in the model, once introduced, was 

generally stable across the four iterations of the stepwise model. Age, loitering, and 

graffiti, for example, were statistically significant predictors of general fear of crime and 

retained their respective levels of significance regardless of which other variables were 

included in the model. The same was true of loitering in the fear of burglary model as 

well as gender, age, population change, and loitering in the fear of robbery model. This 

evidence above demonstrates that once significant, statistical significance persisted in 
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subsequent iterations of the model for all but one variables. The exception to this trend 

was the gender variable in the general fear of crime model. Gender was not a significant 

predictor in the first two iterations including individual characteristics alone and 

individual characteristics with structural antecedents. Gender, however, became 

statistically significant once the intervening dimensions of social disorganization were 

added to the model, suggesting an interaction between gender and these social 

disorganization variables. Table 22, below, denotes which variables were not statistically 

significant and which were (and at what level they were significant) across the iterations 

of the general fear of crime model. The model ultimately explains up to 17 percent of the 

variation in general fear of crime amongst Fairfax County Community Survey 

respondents. The Cox and Snell Adjusted R² provides a more conservative estimate, 

suggesting that the comprehensive model explains 11 percent of the variance in general 

fear. 

 

 

 
Table 22: Comparing the Significance of Variables across General Fear Models 

 Iteration 1 Iteration 2 Iteration 3 Iteration 4 

Gender (Female = 1) + + +* +* 

Race (Nonwhite or 

Hispanic=1) 

- - - - 

Age (in years) +* +* +* +* 

Ratio Nonwhite to White  + + + 

Percent Below Poverty  + - - 

Percent Mobility  + + + 

Percent Population Change  + + + 

Loitering   +*** +*** 

Graffiti    +* +* 

Unsupervised Teens   + + 

Drinking in Public    - - 

Calls for Service     - 
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-2 log likelihood 596.619 588.305 532.459** 532.205 

Cox and Snell R² .014 .029 .114 .114 

Nagelkerke R² .020 .043 .169 .169 

Significant at p < .05*, p < .01**, p < .001*** 

Note that a statistically significant difference in the -2LL indicates that the difference between that iteration 

and the iteration prior is statistically significant.10 

 

 

 

Trends in Fear of Burglary throughout the Stepwise Model  
Loitering was the only variable that was statistically significant in any of the 

models for fear of burglary (Table 23). Once introduced, loitering remained statistically 

significant at the p < .001 level. The table below illustrates this graphically. The model is 

clearly less successful in predicting fear of burglary than general fear or fear of robbery. 

The comprehensive model explains between seven and ten percent of fear of burglary 

depending on whether emphasis is placed on the more conservative Cox and Snell R² or 

the Nagelkerke R².  

 

 

 

 

 
Table 23: Comparing the Significance of Variables across Fear of Burglary Models 

 Iteration 1 Iteration 2 Iteration 3 Iteration 4 

Gender (Female = 1) + + + + 

Race (Nonwhite or 

Hispanic=1) 

- - - - 

Age (in years) + + + + 

Ratio Nonwhite to White  + + + 

                                                 
10 For general fear, significance testing on -2LLs produced the following test statistics: 8.31, 55.85, and 

.254. These statistics were compared to the following critical values, respectively, which apply to the 

general fear model as well as the fear of burglary and robbery models: 9.49, 9.49, and 3.84. The results of 

these tests support the conclusion that only the addition of intervening dimensions improved the model, 

given the presence of the variables that preceded it.  
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Percent Below Poverty  - - - 

Percent Mobility  + - - 

Percent Population Change  + + + 

Loitering   +*** +*** 

Graffiti    + + 

Unsupervised Teens   + + 

Drinking in Public    - - 

Calls for Service     - 

     

-2 log likelihood 663.584 659.040 620.417** 618.360 

Cox and Snell R² .003 .012 .067 .071 

Nagelkerke R² .005 .017 .095 .100 

Significant at p < .05*, p < .01**, p < .001*** 

Note that a statistically significant difference in the -2LL indicates that the difference between that iteration 

and the iteration prior is statistically significant.11 

 

 

Trends in Fear of Robbery throughout the Stepwise Model  
The significance of variables in the fear of robbery models demonstrated stable 

trends across different iterations of the stepwise model. Once introduced, statistically 

significant variables remained statistically significant at their original alpha levels. Table 

24 summarizes this information. Once introduced, gender, age, percent population 

change, and loitering demonstrated statistically significant effects on fear of robbery.  

 

 

 
Table 24: Comparing the Significance of Variables across Fear of Robbery Models 

 Iteration 1 Iteration 2 Iteration 3 Iteration 4 

Gender (Female = 1) +* +* +* +* 

Race (Nonwhite or 

Hispanic=1) 

+ + + + 

Age (in years) +** +** +** +** 

Ratio Nonwhite to White  + - - 

Percent Below Poverty  - - - 

                                                 
11 See footnote 7 for a description of how significance testing was conducting. The test statistics for the 

burglary -2LL comparisons are as follows: 4.544, 38.623, and 2.057. The only -2LL difference which was 

significant was that between the third iteration of the model which added the intervening dimensions of 

social disorganization and the preceding iteration which included individual and structural antecedents.  
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Percent Mobility  + + + 

Percent Population Change  +*** +*** +** 

Loitering   +*** +*** 

Graffiti    + + 

Unsupervised Teens   - - 

Drinking in Public    + + 

Calls for Service     + 

     

-2 log likelihood 587.471 568.261** 520.513** 520.502 

Cox and Snell R² .021 .055 .127 .127 

Nagelkerke R² .031 .082 .190 .190 

Significant at p < .05*, p < .01**, p < .001*** 

Note that a statistically significant difference in the -2LL indicates that the difference between that iteration 

and the iteration prior is statistically significant.12 

 

 

 
 

The model was most successful in explaining fear of robbery. The comprehensive 

model explains between 13 and 19 percent of variation in fear of robbery. The strongest 

influences in the model came from the intervening dimensions of social disorganization 

variables. These variables drove the difference between the success of the model in 

predicting general fear and fear or burglary and robbery.  

Feelings of Safety during the Day and At Night  
Recall the correlation matrix produced between the fear of crime and feelings of 

safety variables in Table 3. Consistent with prior research, these correlations support the 

supposition that feelings of safety and fear of crime are independent concepts that are 

affected somewhat differently by individual and neighborhood factors. While feelings of 

safety at night and during the day were more strongly correlated (r = .571), the 

                                                 
12See footnote 6 for a description of how significance testing was conducting. The test statistics for the 

robbery -2LL comparisons are as follows: 19.21, 47.75, and 0.01. The -2LL improved by a statistically 

significant margin when the structural antecedents of social disorganization were added and again when the 

intervening dimensions of social disorganization were added.  
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correlations between the three fear of crime measures and the two safety measures, on 

average, yielded a Spearman’s correlation of about .341. The average Spearman’s 

correlation between daytime feelings of safety and fear of crime was slightly lower (r = 

.317) than those of nighttime feelings of safety and fear (r = .364). Despite the differences 

in these concepts implied by these correlations, the models for feelings of safety during 

the day and at night behaved similarly to the fear of crime models. Age drives the 

predictive power of the model of feelings of safety during the day while gender, age, and 

loitering drive the predictive power of the model of feelings of safety at night. Note that 

the model of feelings of safety at night follows the trends of the fear of crime models 

more closely than the model of feelings of safety during the day. This is consistent with 

the small, but perhaps important, difference in the degree to which the two feelings of 

safety measures are correlated with the fear of crime measures. 

The model, shown below in Table 25, indicates that age is the only statistically 

significant predictor of individuals’ daytime feelings of safety. The exponent of the beta 

coefficient for age indicates that for each year increase in age, the odds that an individual 

will report feeling unsafe increases by 50 percent.  

 
Table 25: Model Summary for Feelings of Safety during the Day 

 Safety during the Day (Unsafe = 1) 

Beta Coefficients:  1 2 3 4 

Constant -6.51*** -6.92*** -7.15*** -7.08*** 

Gender (Female = 1) .513 .521 .597 .580 

Race (Nonwhite or 

Hispanic=1) 

.893 .642 .689 .697 

Age .046** .048** .048** .048** 

Ratio NW:W  .513 .562 .585 

Below Poverty (%)  -.019 -.015 -.008 

Mobility (%)  .000 -.002 .000 
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Pop Change (%)  .021 .019 .019 

Loitering   -.290 -.269 

Graffiti    .255 .245 

Unsupervised Teens   .044 .045 

Drinking in Public   .161 .166 

Calls for Service     -.003 

     

-2 log likelihood 162.120 157.292 155.980 155.707 

Cox and Snell R² .017 .025 .027 .028 

Nagelkerke R² .062 .094 .100 .102 
Significant at p < .05*, p < .01**, p < .001*** 

 

 

 

Interestingly, feelings of safety at night better follow the patterns of the model 

progression shown in the three fear of crime models, but with a greater degree of 

variation explained. Table 26 indicates that gender, age, and loitering are significant 

predictors of nighttime feelings of safety. Gender has the biggest impact on feelings of 

safety. The odds that a female will report feeling unsafe or very unsafe walking around 

alone their neighborhoods at night is three times higher than males. The odds that 

individuals will report feeling unsafe at night increase by about 25 percent for each 

additional year increase in age. For residents who perceived loitering as problematic, the 

odds of feeling unsafe walking around their neighborhoods alone after dark increase by a 

factor of 1.8.  

 

 

 
Table 26: Model Summary for Feelings of Safety at Night 

 Safety at Night (Unsafe = 1) 

Beta Coefficients:  1 2 3 4 

Constant -3.65*** -4.27*** -5.63*** -5.67*** 

Gender (Female = 1) 1.103*** 1.089*** 1.142*** 1.155*** 

Race (Nonwhite or .253 .122 .044 .045 
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Hispanic=1) 

Age .022* .024 .025** .024** 

Ratio NW:W  .230 .075 .049 

Below Poverty (%)  .033 .008 .004 

Mobility (%)  .017 .014 .013 

Pop Change (%)  -.007 -.015 -.015 

Loitering   .598** .594** 

Graffiti    .179 .189 

Unsupervised Teens   .210 .209 

Drinking in Public   -.036 -.042 

Calls for Service     .001 

     

-2 log likelihood 445.738 439.133 405.842** 405.429 

Cox and Snell R² .040 .051 .100 .101 

Nagelkerke R² .069 .089 .173 .174 
Significant at p < .05*, p < .01**, p < .001*** 

Note that a statistically significant difference in the -2LL indicates that the difference between that iteration 

and the iteration prior is statistically significant.  
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CHAPTER 5: DISCUSSION AND CONCLUSION 

The present analysis provides marginal support for the hypothesis that the level of 

social disorganization a community experiences impacts residents’ fear of crime. 

Combining individual and neighborhood characteristics, the three fear of crime models 

account for up to 19 percent of the variation in residents’ fearfulness. Age was generally 

significant in predicting general fear of crime and fear of robbery, but not fear of 

burglary. Gender was important in the model of fear of robbery, but was generally not 

significant in the other fear models. Of the neighborhood characteristics, percent 

population change, loitering, and graffiti were associated with fear, but of these, 

perceived loitering was most significant in predicting fear. Further, the model better 

predicts fear of robbery than general fear of crime and fear of burglary, and is least 

effective in explaining fear of burglary. Though the magnitude of the models’ predictive 

power demonstrates that many other factors that were not included in the model remain 

critical to a comprehensive understanding of fear, it does answer several important 

questions which inspired this research. Recall that the unique context of Fairfax County 

inspired the question, is a social disorganization framework useful to understanding fear 

of crime in Fairfax County? This simple question reflects the implementation of a social 
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disorganization framework to understand fear of crime, rather than crime, as well as the 

unique location of a suburban rather than urban context.  

The Effect of Individual Characteristics on Fear of Crime  
Three individual characteristics were selected for inclusion in the model based on 

their demonstrated significance in prior research addressing fear of crime. These 

variables include gender, race, and age. Age and gender proved to be the relatively 

consistent predictor across the different types of fear of crime models. Surprisingly, race 

never made a statistically significant impact on reported levels of fear. One of the 

limitations of the Fairfax Community Survey sample may drive this unexpected result. 

The sample, due to bias in the decision to respond, oversampled white residents. As 

expected based on prior research and in line with the vulnerability framework’s 

hypothesis, females and older individuals were more fearful of crime.   

Of the three fear of crime models included in this analysis, robbery may present 

the strongest emotional connection with fear. It is a violent crime targeting persons. As 

such, it should not be surprising that when asked about their level of fear regarding this 

crime against persons, an individual’s characteristics play a larger role in shaping their 

emotional reaction to robbery that their general fear of crime or fear of burglary. Robbery 

targets individuals and involves the force or threat of force whereas burglary targets 

building structures and does not necessitate the use of force to gain entry. Whereas 

individuals may think of crimes against persons when indicating their fear of crime 

generally, and certainly when indicating their fear of robbery, burglary is a crime against 

property, not persons, and as such is unlikely to engage individuals’ assessments of their 
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social and physical vulnerability. Fear is an emotional reaction individuals have to their 

risk and consequences of victimization. In a crime such as burglary where the direct 

target of the crime is property rather than a person, it is not surprising that individual 

characteristics would be weak predictors of fear. 

Social Disorganization and Fear of Crime 
 The potential value of structural antecedents of social disorganization is their 

ability to provide a decision-makers and researchers with a place-based strategy for 

approximating and combating crime problems and issues, like fear, which may result. 

Structural antecedents are not expected to produce crime and fear of crime directly, but 

are thought to induce the breakdown in informal social control which the leads to 

increased crime and fear of crime. Theory would suggest that the intervening dimensions 

of social disorganization should be stronger predictors of fear of crime in this model. The 

primary question of interest, however, was how well the antecedents predict that fear 

when assessed without the evidence of disorganization. This question is more valuable 

than a judgment of the predictive power of evidence of social disorganization because 

conducting survey research or observational methods to estimate the level of 

disorganization in communities can be expensive. If the structural antecedents 

consistently manifest as powerful predictors of crime and fear of crime, policymakers and 

practitioners would have a far more cost-effective avenue to pursue fear of crime research 

in the communities they serve.  

 Unfortunately, the results of this model show that this is not the case in Fairfax 

County. The predictive power of the four primary structural antecedents identified by 
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prior research on fear of crime was not substantially large to advocate for their use. Not 

only were these variables generally insignificant predictors of fear, the four structural 

antecedents did not demonstrate strong correlations with the intervening dimensions 

(evidence) of social disorganization that they theoretically predict, at least in this study’s 

suburban context.  The only statistically significant variable in this category was 

population change, which was significant only in the model predicting fear of robbery. 

While a high degree of population change could be a minor influence, what really matters 

is when residents’ “fear of strangers,” or sense of urban unease (see Wilson, 1968), 

interacts with perceptions of loitering. The measure for loitering more directly reflects 

residents’ perceptions about problematic strangers in their neighborhoods.  

Measurement Differences   
While structural antecedents have shown predictive value in past research, 

including fear of crime research, they did not demonstrate such value here. This 

unexpected result can be explained in one of two ways. The first is that the predictive 

power of these antecedents does not successfully translate to a suburban context. This 

possibility should not be dismissed since the theory upon which they rely was developed 

almost exclusively in an urban context. The second explanation is that the difference in 

the level of measurement affects the strength of these variables effect on fear of crime. As 

a result of the available data provided by the U.S. Census Bureau, structural antecedents 

can only be specified at the block group level. As discussed earlier, block groups are not 

concentrated areas. They generally include between 300 and 600 people and cover 

approximately 40 census blocks. Block groups are a relatively disperse geographical unit 
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and measuring structural antecedents at the block level may provide more useful 

information to predict fear of crime. Privacy concerns, however, prevent the Census 

Bureau from publishing these types of data at a more specified level, precluding the use 

of more precise geographic information in these models.  

The structural antecedents may lack significance because they are not specified to 

what the survey respondents are actually experiencing. Alternatively, the strength of the 

intervening dimensions may be inflated by the fact that respondents reported them 

directly, rather than taken being drawn from third-party observations. Fear is a subjective 

emotional phenomenon. It follows that fear would be better predicted by an individual’s 

other subjective perceptions than from objective, third-party measures. The salience of 

the intervening dimensions of social disorganization to fear might be degraded if they 

were measured through third-party observation rather than survey reports. In fact, Hinkle 

and Yang (2014) found little correspondence between residents’ perceptions and 

researchers’ observations of social disorder, strengthening the argument that resident 

perceptions may differ from more “objective” measures of social disorder in 

communities. Further, Hinkle and Yang (2014) found that residents’ perceptions of their 

social environment differed based on their demographic backgrounds and life 

experiences.  

Do social and physical signs of disorder predict fear?  
The intervening dimensions of social disorganization showed more promising 

results than the structural antecedents. Two of the four signals of social disorganization 

demonstrated a statistically significant effect on fear of crime outcomes. Loitering was 
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statistically significant in every model once it was introduced in the stepwise process. 

Graffiti was statistically significant in predicting general fear of crime, but not in 

predicting fear of burglary or robbery. The other two intervening variables of social 

disorganization, unsupervised teens and drinking in public, were not statistically 

significant in any of the iterations of the stepwise regression models. Despite the relative 

success of the intervening dimensions in predicting fear, using social and physical signs 

of the disorder facilitated by social disorganization still leaves most of the variance in 

Fairfax County residents’ fearfulness of crime unexplained.  

While the intervening dimensions of social disorganization are presented together 

in the model, they are comprised of two distinct factors: social signs of crime and 

physical signs of crime (see Skogan, 1990; St.  Jean, 2007, Yang, 2010). Hinkle and 

Yang (2014) finds “support for the notion that disorder is a social construct rather than a 

concrete social or physical condition that is perceived consistently across individuals in a 

similar manner” (p. 27; see also Perkins, Wandersman, Rich, & Taylor, 1993; Piquero, 

1999). While both social and physical signs of disorder are socially constructed, social 

signs may be subject to more varied interpretations than physical signs. Hinkle and Yang 

(2014) argue that “social behaviors, such as loitering, are much less likely to have agreed-

upon definitions shared by everyone compared to physical disorder.” Lacking agreed 

upon definitions, it is difficult to compare the perceptions of individuals both within and 

across study samples.  

While most may have similar conceptions of what constitutes graffiti, resident 

conceptions of loitering may differ within and across samples. What constitutes loitering? 
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Is it simply standing or waiting idly or without apparent purpose as its definition 

suggests, or do the characteristics of the loiterer play a role in the definition of their 

behavior as such? For example, some residents may include unsupervised teens or 

solicitors in their conception of loitering while others may construe loitering as the 

behavior of unknown persons. Differences in how residents conceive of and perceive 

loitering may drive this study’s finding of its significance in predicting general, burglary, 

and robbery fear while simultaneously explaining why unsupervised teens, a specific 

subset of loitering by some conceptions, was not statistically significant in this model.  

Loitering and Unsupervised Teens  
Prior research would have predicted that unsupervised teens would be significant 

in predicting fear if the effects of social disorganization produce similar effects on both 

crime and fear of crime. However, this research was conducted under a systemic theory 

framework. The systemic theorists point to the mediating impact of neighborhood support 

networks on the effect of structural antecedents of disorganization on crime. These 

studies often assess the impact of the three primary categories of support networks 

(unsupervised teens, friendship networks, and community participation), and find that the 

presence of unsupervised teens is the strongest predictor of crime (Sampson, 2011; 

Sampson & Grove, 1989). As a result, I expected to see the same trend in my model.  

However, my model considers physical and social disorders that expand upon 

those included in the systemic conception of neighborhood support networks. Further, it 

does not include all three elements of neighborhood support networks. The Fairfax 

Community Survey included no question items to estimate friendship networks and low 
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response and extremely low levels of participation in FCPD services precluded Question 

Seven of the survey from being used to estimate community participation (see Appendix 

for Survey and Cover Letter Sent to Fairfax County Residents). Therefore, only the 

measure for unsupervised teens is adopted from this perspective. The remaining three 

measures of the intervening dimensions of social disorganization are adopted from a 

disorder and signal crimes perspective, though some in this perspective also include 

unsupervised teens in this perspective rather than considering the measure to be 

theoretically separate from signs of disorder.  

Systemic theory highlights the interpersonal connection component of collective 

efficacy. Collective efficacy, or lack thereof, however, can also manifest through physical 

signals of disorder or through social signals that are not traditionally included in systemic 

theory’s primary support networks. While unsupervised teens were the most significant 

indicator out of these support networks, they may not retain their relative significance 

when combined with other social and physical signals of disorder. This is one possible 

explanation for my finding that the presence of loitering was the most significant 

intervening dimension of social disorganization and that the presence of unsupervised 

teens was not significant in any model.  

The other possibility is that unsupervised teens are perceived differently by 

Fairfax County residents than the residents of urban areas in which the social 

disorganization framework is more often applied. While unsupervised teens may inspire 

fear in areas where youth gangs are prevalent, this may not be the case in suburban areas 

with higher collective efficacy. Unsupervised teens may not inspire fear in this unique 
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context because residents may recognize these teens and be familiar with their families. 

This might be because in more suburban areas, stronger relationships among neighbors 

result in the assumption that teens subscribe to the values their parents share with other 

adults in the community. This may cause residents to recognize unsupervised teen peer 

groups, but perceive them as nonthreatening. Theoretically, unsupervised teen peer 

groups should be a subset of loiterers. However, if residents perceive loitering as a 

behavior exclusive to unknown persons, this theoretical relationship may not be an 

accurate representation of the measures in the Fairfax Community Survey.  

The item estimating the degree to which unsupervised teens were problematic did 

not include the word “loitering.” Instead, it asked about the degree to which “teenagers 

hanging out and being disruptive” was problematic. Perhaps suburban life leads residents 

to better differentiate known from known persons. Or perhaps the relative inactivity of 

youth gangs in this wealthy suburban context insulates residents from unsupervised 

youth. In either case, this study does not provide a sufficient basis to conclude that 

loitering adults are more important in predicting fear than loitering youth. It does, 

however, show evidence that loitering is more important to explaining fear of crime than 

unsupervised, disruptive teens that may or may not be known to the resident. 

This finding has important policy implications for Fairfax County service 

providers, especially the Fairfax County Police Department, that aim to reduce fear of 

crime within the county. The results discussed above suggest that disrupting loitering is a 

more effective approach to reduce fear than targeting the behavior of unsupervised teen 

groups. However, in light of prior research suggesting the importance of these teen peer 
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groups in producing crime, this finding should not be taken as a recommendation to 

forego the disruption of these teen networks.  

Predicting Fear of Robbery 
The pseudo R² values produced by these models indicate that the model better 

explains fear of robbery than general fear of crime or fear of burglary. While the 

Nagelkerke values generally increased across each iteration of each model,13 the 

Nagelkerke R² value produced by the fear of robbery was higher than those produced by 

the general fear and burglary fear models at every step. Additionally, adding the 

structural antecedents of social disorganization to the individual characteristics produced 

the biggest change in pseudo R² values for the robbery model. Interestingly, this was not 

true when the intervening dimensions of social disorganization were added to the 

individual and structural antecedents. In this case, the explanatory power of the general 

fear of crime model actually increased by the largest margin (with an increase of .126 in 

the Nagelkerke R² value compared to an increase of .108 in the robbery model’s 

Nagelkerke R² and .078 in the burglary model’s Nagelkerke R²).  

While an explanation of the difference in the success of the first iteration of the 

model can readily be explained by the difference in the nature of robbery and burglary, 

and crime generally, it is unclear why subsequent iterations of the model are more 

successful in explaining fear of robbery. It is not surprising the individual characteristics 

better predict fear of robbery because it incorporates the strongest emotional connection 

to fear. Individuals likely consider their fear of a large range of crimes, against persons 

                                                 
13 The two exceptions to this statement can be seen when the calls for service data were added to models of 

general fear of crime and fear of robbery. The addition of calls for service to these models did not impact 

the resulting Nagelkerke R². 
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and against property, when indicating their general fear of crime; and burglary is a crime 

against property rather than persons. However, more difficult to explain is the finding 

that the addition of the structural antecedents of social disorganization produced the 

largest difference in pseudo R² values for robbery. Percent population change, the only 

one of these variables that was significant in any model, is only significant in predicting 

fear of robbery. This factor drives the difference in the model’s success in explaining fear 

of robbery as opposed to burglary or crime generally. In contrast, the addition of the 

intervening dimensions of social disorganization improve predictions of general fear of 

crime by a larger margin than either robbery or burglary. This improvement is driven by 

the significance of graffiti, in addition to loitering, in predicting general fear of crime. 

This finding is consistent with the argument that general fear of crime questions conflate 

fear with urban unease, rather than fear of crime, specifically. Graffiti may contribute to 

feelings of unease without affecting their fear of crimes specifically, such as robbery or 

burglary.  

Fear of Crime versus Feelings of Safety  
Individual characteristics better predict feelings of safety than fear of crime, 

including fear of burglary and robbery specifically. Individual characteristics alone 

produce Nagelkerke R² values between .005 and .031 for the fear models, whereas the 

feelings of safety models produce a Nagelkerke R² value of .062 for feelings of safety 

during the day and .069 at night. Adding the structural antecedents of social 

disorganization to the model closed the gap in the explanatory power for the models of 

the two constructs. The Nagelkerke R² values fell between .017 and .082 for fear models, 
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but remain slightly lower compared to daytime feelings of safety (.094) and nighttime 

feelings of safety (.089). The model did not better explain fear of crime than feelings of 

safety until the intervening dimensions of social disorganization were added to the model. 

The feelings of safety models including individual characteristics and both structural and 

intervening dimensions of social disorganization produced Nagelkerke R² values which 

were higher than those of fear of burglary, but lower than those of general fear of crime 

or fear of robbery.  

Reducing Fear of Crime 
Reducing fear of crime is an essential component of a comprehensive crime 

prevention strategy. Brown and Wycoff (1987) argue that “insofar as fear leads to 

neighborhood decline that may in turn lead to a higher crime rate, fear reduction 

programs can be viewed as another form of crime prevention, a function that is at the 

heart of the police role” (p. 71). In addition to its importance in further facilitating crime 

(Skogan, 1986), fear of crime has important implications for residents’ quality of life. 

Fear of crime can lead to detrimental psychological reactions and behavioral changes. 

Individuals impacted by high degrees of fear often adopt protective or avoidance 

behaviors that discourage participation in social activities and lead to a general distrust of 

others, further threatening vibrant community life.  

Efforts to reduce fear of crime are closely tied to the community-oriented policing 

(COP) tradition. COP grew out of a climate in which the police mission was expanded 

beyond their core law enforcement function to include strategies aimed at reducing fear 

and maintaining order within communities (Gill et al., 2014). The National Institute of 
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Justice funded research testing several strategies to reduce fear among citizens (Brown & 

Wycoff, 1987). The strategies Brown and Wycoff (1987) found to be most effective, 

citizen contact patrols and police community stations, are now standard in many 

community policing programs. Weisburd and Eck (2004) also found support for the fear-

reducing potential of a door-to-door visit strategy that constituted the citizen contact 

patrol strategy in Houston. In their narrative review of COP strategies, Weisburd and Eck 

(2004) also found that general improvements in police-community relations reduced fear 

of crime. Further, directed foot patrols in areas less accustomed to police presence may 

result in reductions in fear of crime among residents, even when it does not impact crime 

(Police Foundation, 1981; Trojanowicz, 1982). 

Despite the promising findings discussed above, a systematic review of COP 

strategies did not find evidence that COP reduced fear of crime (Gill et al., 2014). Of the 

18 community policing strategies included in their systematic review with a fear of crime 

outcome, 8 (44.4%) were effective relative to their respective comparison group. The 

other comparisons either showed no difference (33.3%) or were not effective (22.2%). 

However, acknowledging the difficulty in defining and measuring fear of crime and the 

range of measures incorporated into “fear of crime” in the reviews, ranging from fear of 

personal victimization to feelings of safety to perceptions of safety, suggests that an 

avenue for future research would be to attempt to classify effective and ineffective 

strategies by the type of outcome measure they use. Though the number of studies in each 

group might be too low to yield robust conclusions, different measures of fear of crime in 

the literature may be differentially impacted by COP strategies. Though the effect of COP 
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strategies on fear of crime remains unclear, departments have several avenues to improve 

their understanding of residents’ fear in the communities they serve. 

In order to reduce fear of crime, practitioners must first identify where 

problematic levels of fear cluster. This can be done in several ways. Fear of crime can be 

measured and analyzed systematically through the use of community surveys. Though 

regularly surveying communities may be the best way for police departments to assess 

fear of crime within their jurisdictions, this method can also be expensive and time-

consuming, reducing its feasibility for some police departments. One of the motivations 

for this research was to discern whether Census data provided a reasonably reliable 

avenue for assessing problematic levels of fear without the more nuanced information 

provided by community surveys. Unfortunately, this research did not find support for the 

suggestion that Census data provides a successful avenue for estimating fear of crime. 

Departments without the capacity to systematically survey community members should 

rely on more informal methods of data collection such as issues raised at community 

meetings and during routine police contacts with the public.  

 

Limitations 
Though this study did not show that census-level data could consistently predict 

of fear of crime in Fairfax County, several limitations demand caution in interpreting the 

research and policy implication of this finding. First, the Fairfax Community Survey 

sample, which formed the basis of this research, was not a representative sample of 

Fairfax County residents. Though the random sample of 4,250 households drawn from 
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Fairfax County’s 400,000 households were representative of the county more generally, 

bias was generated by selective response to the survey. White, non-Hispanic residents 

were overrepresented in the sample compared to their population in the county, while 

Asian, Black, and Hispanic residents were underrepresented compared to their population 

in Fairfax County. Respondents were also older, more likely to have a Bachelor’s degree 

and less likely to be foreign-born than the average county resident. Further, the 625 

survey respondents only represented 381 of the 646 residential block groups in the county 

(59%).  

As a result of the low number of respondents compared to the number of 

residential block groups in Fairfax County, this study was unable to use hierarchical 

linear modeling (HLM). Many social disorganization studies use HLM to account for the 

variance in crime with predictor variables at varying hierarchical levels. It is possible that 

this analysis’ inability to employ the HLM method may have diluted the relationships 

between the structural variables and fear of crime outcomes. Future research assessing 

fear of crime through a disorganization lens should make an effort to expand the number 

of respondents in each geographical response unit such that HLM can be used to model 

the variation in fear.  

In addition to the limitations of the sample used in this analysis, measurement 

concerns regarding the Census data used cast further doubt on the conclusion that this 

type of information cannot provide an easily accessible, cost-effective avenue for 

identifying fear of crime in communities. I, like other scholars who use the social 

disorganization tradition to frame their research, expected what I referred to as the 
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intervening dimensions of social disorganization to be stronger predictors of fear than the 

structural antecedents. There is both a theoretical and methodological argument for this 

expectation. The theoretical argument would emphasize the intervening dimensions over 

the structural antecedents because they are thought to produce crime and, in this 

hypothesis, fear of crime. The structural antecedents produce crime and fear indirectly 

because they are thought to produce the disorganization that actually results in crime and 

fear. The methodological argument is similar. Not only are the structural antecedents 

more removed from the fear of crime outcome than the intervening dimensions, their 

level of measurement is “further” from what individuals experience. The structural 

antecedents built into the models presented in this research are based on data collected by 

the U.S. Census at the block group level. If this data were made available at the block 

level, “closer” to the environment that individuals are actually experiencing, they may 

demonstrate a stronger potential for identifying fear of crime. If anything, the intervening 

dimensions are unexpectedly weak predictors of fear considering that they are reported 

by the same individuals indicating their fearfulness of crime.  

Future Research  
The models of fear of crime generally, burglary, and robbery did not explain more 

than approximately 20 percent of the variation in individuals’ fearfulness. This means 

that 80 percent of the variation in fear is left unexplained by the individual and 

environmental factors included in this analysis. Some argue that products of 

disorganization such as incivilities explain fear of crime better than direct victimization 

experiences (Hunter, 1978). I did not originally consider the absence of victimization 
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information a limitation of the study. However, faced with relatively low pseudo R² 

values in these models, this research may have benefited from the inclusion of 

information regarding respondents’ individual experiences with victimization. Future 

surveys should consider including questions that attempt to ascertain whether the 

individual have experienced victimization directly, or has a close relationship with 

someone who was the victim of crime.   

This research found that loitering was the most significant and consistent 

predictor of fear of crime in Fairfax County, and that is was especially important in 

predicting fear of robbery. A variety of strategies are available to reduce fear of crime in 

Fairfax County. The results of this study suggest that strategies that seek to reduce 

loitering may be particularly beneficial. One policy implication arising from this research 

is that loitering calls for service may hold potential to roughly identify which 

communities are most likely to benefit from fear-reducing strategies incorporated in 

reassurance policing. With a better understanding of who constitutes loiterers in Fairfax 

County, service providers can target the needs of these individuals. An anecdotal account 

from one Fairfax County Police Officer suggests that perceptions of problematic loitering 

in Fairfax County may be driven by the presence of day workers. If an empirical 

assessment of loitering in the county confirms this anecdotal belief, loitering can be 

reduced by disbanding or relocating informal day laborer sites and by adopting strategies 

to meet the long-term employment needs of these residents. Measures adopted from a 

crime prevention through environmental design (CEPTED) framework can be utilized by 

property managers to discourage loitering. These strategies attempt to reduce the 
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attractiveness of an area to loiterers and may take a variety of forms such as installing 

exterior benches with seat dividers, more clearly defining residential boundaries, 

territorial signs that dissuade strangers from entering residential areas, or increasing 

guardianship by employing security guards or through neighborhood watch efforts. In 

addition to the strategies available to place managers to reduce loitering, police have 

several avenues to address this issue, the simplest of which is simply to ask loiterers to 

disband. Police can also target fear of crime more generally through increased 

interactions with the public, like door-to-door citizen contacts and foot patrols in areas 

less accustomed to police presence.  

Analyses of fear of crime in communities are crucial to identifying avenues to 

reduce fear of crime. Measurement and analysis, however, are not the only considerations 

necessary in developing fear reduction strategies. Communities and their leaders must 

also grapple with the normative issues surrounding fear of crime. Without an objective 

component to accompany an individual’s subjectively felt fear of crime, we cannot view 

this issue through the lens of rationality. Therefore, though fear of crime can negatively 

impact an individual’s life, we would primarily rely on a utilitarian argument that high 

levels of fear of crime in a neighborhood may send that area into a cycle of further 

decline. Any discussion of fear of crime would be remiss not to question whether it is 

ethical to attempt to influence an individual’s fearfulness of crime when that fearfulness 

may encourage them to take greater precautions which may reduce the likelihood that 

they are victimized. Though these broader questions are not the target of the present 

discussion, acknowledging the complicated context surrounding fear of crime research is 
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important to informing the conclusions and recommendations asserted in empirical 

reviews.  

Conclusion 
 This study extended the existing literature in two ways. Building on a small 

literature which seeks to understand whether social disorganization theory can explain 

fear of crime in addition to crime, this research incorporates individual and community 

characteristics to model the variation in Fairfax County residents’ fear of crime. This 

research is also unique in its application of a social disorganization framework to fear of 

crime in a suburban context. This is an important research question. The number of 

places like Fairfax County, large suburban centers, is increasing. A greater effort is 

needed to understand how theories and predictive models formulated under certain 

circumstances, in this case an urban context, apply in a variety of different circumstances, 

such as this suburban context.  

The structural antecedents of social disorganization (see Brunton-Smith & 

Sturgis, 1991; Chiricos, Hogan, & Gertz, 1997; Hale, Pack & Salked, 1994; Smith, 1989) 

and intervening dimensions (see Hunter, 1978; LaGrange, R.L., Ferraro, K.F., Supanic, 

1992) have shown promise in some studies of fear of crime. This study echoes that 

evidence, demonstrating that the level of social disorganization a community experiences 

impacts residents’ fear of crime. Further, the results show that social disorganization may 

affect fear more strongly than individual characteristics affect fear. Unfortunately, this 

significant predictor of crime and fear may remain difficult and expensive to measure in 

places like Fairfax County where there is not a large degree of correspondence between 
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the structural antecedents of social disorganization and the actual disorganization they are 

thought to produce. Broad Census measures, like those put forth by Shaw and McKay 

(1942) and used in previous research, do not significantly predict fear of crime and, thus, 

do not appear to provide a more cost-effective approach for identifying problematic 

levels of fear in suburban communities.  
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