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ABSTRACT 

Hazards research continually examines how specific groups are affected by 

damaging events and how their unique sociodemographic characteristics contribute to 

variations in resilience and recovery. Studies have shown that underprivileged 

communities suffer more adversely and take longer to recover from hazard events. 

Probationers and parolees are uniquely disadvantaged regarding demographics and 

economic opportunity, both of which contribute to increased vulnerability and reduced 

resilience. Numerous legal restrictions and widespread discrimination towards former 

criminals means offenders are often relegated to underserved, criminogenic 

neighborhoods. Given such severe social and financial limitations, offenders have little 

capacity to prepare for or recover from disasters.  

The primary objective of this project was to model offender residential patterns 

and examine the spatial relationship to physically vulnerable areas, local crime patterns, 

and offender support services in coastal Mississippi. A principal component analysis 

(PCA) consolidated explanatory measures from the criminology literature into the Social 

Disorganization Index (SDI). Hazus-MH 4.2.1 determined physical vulnerability for the 

100-year return period. The results show that disorganized neighborhoods are not at 

significant risk from coastal or inland flooding and are moderately at-risk from hurricane 

winds. Comparison of the SDI to area crime patterns reveal there is a slightly elevated 

instance of criminal activity in disorganized neighborhoods. Offender support services 

are available throughout the region, although a lack of public transportation prevents 

offender access in some of the study area. The results of this study fill a gap in hazards 

research by investigating a previously overlooked, vulnerable population. 
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CHAPTER I – INTRODUCTION 

Overview  

The purpose of this research was to characterize the hazard vulnerability of the 

offender population in Hancock, Harrison, and Jackson County, Mississippi and examine 

whether this vulnerability could impact reentry outcomes. This thesis draws from social 

disorganization theory to relate neighborhood characteristics to the presence of offenders. 

The primary research objectives were to create a statistical model of offender residential 

patterns using socioeconomic indicators from the social disorganization literature, 

identify potentially hazardous areas with probabilistic hazard modeling, and understand 

the impact to reentry outcomes via the availability of offender support services and the 

relationship to neighborhood crime rates. This chapter discusses a need for this study in 

light of recent legislation and describes the sociodemographic characteristics of the 

offender population, followed by the research questions and expected outcomes. 

Hazard Vulnerability in the Gulf Coast States  

The United States Gulf of Mexico coastal region has experienced many of the 

nation’s most devastating disasters in recent decades. During the Atlantic hurricane 

season, which runs from June through November, tropical systems routinely develop into 

severe storms that jeopardize public safety, infrastructure, and local economies across the 

region (Brusentsev and Vroman 2017; Groen, Kutzbach, and Polivka 2017). Significant 

hydro-meteorological events are a natural part of coastal life, yet severe weather 

continues to disproportionately affect marginalized populations of the Gulf Coast.  

A growing body of literature shows that poor, minority communities are at a 

higher risk from hazards, are more adversely affected by hazard impacts, and take longer 
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to recover from hazard events (Adeola and Picou 2012; Prasad 2012). The Gulf Coast 

states are home to large minority populations and have poverty levels above the national 

average. This is especially true for coastal Mississippi, where substantial numbers of 

impoverished people, many of whom have limited capacity for mitigation and recovery, 

reside in hazardous areas (Burton 2010; Yoon 2012; Logan and Xu 2015).  

Probation and Parole  

In the United States, over 4.5 million people are currently on supervised parole or 

probation (Kaeble 2018). Of the 2 million people currently in prisons or jails, nearly all 

of them will be released to community supervision sometime in the future. These 

individuals typically come from reduced socioeconomic backgrounds, have limited 

educational attainment, and suffer from societal ostracization (Hughes, Wilson, and Beck 

2001; Petersilia 2003; Pettit and Western 2004; Clear 2007). Mississippi has the third 

highest incarceration rate in the nation and is one of the few states to report an annual 

increase in prison admissions in recent years (Carson 2018).  

The state prison population has grown steadily, in part due to parolees and 

probationers returning to prison for technical violations. In 2014, Mississippi House Bill 

585 (HB 585) took effect for new offenses. HB 585 aims to clarify sentencing guidelines, 

reduce reincarceration for technical violations, and lower the prison population (MDOC 

2013, 2014). Given that most offenders are supervised following release, prison 

depopulation increases community corrections caseloads (Figure 1). MDOC currently 

supervises over 20,000 inmates and 32,000 parolees and probationers (MDOC 2018).  
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 Mississippi Offenders by Custody Level, 2001-2018 

The year-end MDOC custody totals show decreasing prison populations and increasing community supervision caseloads (MDOC 

2001-2018). 

The Offender Population 

Offenders (probationers and parolees) are uniquely disadvantaged regarding 

demographics, employment options, and housing opportunities, all of which can 

contribute to heightened social vulnerability and reduced resilience (Petersilia 2003; 

Mears and Cochran 2015). The offender population is largely African American, male, 

and between the ages of 18 and 39 (Hughes, Wilson, and Beck 2001; Pettit and Western 

2004; Carson 2018). In fact, most offenders are ethnic minorities. African Americans are 

convicted at rates 5 times higher and sentenced to longer sentences than their white 

counterparts (Hughes, Wilson, and Beck 2001; Carson 2018; Zeng 2018). MDOC reports 

show most Mississippi parolees and probationers are African American, male, and 

convicted of drug or other non-violent offenses (MDOC 2018).  
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Offenders have a unique set of legal and social constraints. Many released 

inmates have few prospects or resources and return to low-income neighborhoods, where 

high criminal activity occurs, facing few opportunities for employment (Clear 2007; 

Hipp, Petersilia, and Turner 2010; EmpowerMS.org 2019). Most incarcerated individuals 

did not graduate from high school (Harlow 2003; Pettit and Western 2004; Arum and 

Lafree 2008), which tends to limit their legal employment options to low-wage jobs. 

Employers are reluctant to hire individuals with criminal records and in many cases can 

legally refuse to hire felons (Pager 2003; Petersilia 2003). In fact, probationers and 

parolees are subject to numerous legal restrictions. Drug convictions can result in an 

offender’s permanent exclusion from public housing, federal student aid (FMS 2015), 

and welfare benefits (The Sentencing Project 2013). Many convictions also require 

extensive financial penalties, participation in treatment programs, and driver’s license 

restrictions (Petersilia 2003), leaving offenders to rely on others for housing and 

transportation.  

Offenders have limited personal support, and relationships with friends and 

family members can deteriorate over the course of prison terms. Family members may be 

unwilling or unable to support offenders upon release (Hairston 2002; Petersilia 2003). 

Offenders also face social stigmas, as evidenced in the vast lexicon of pejorative slang 

(Hill and Banks 2018) and the lack of person-first descriptors for those with a criminal 

record (Denver, Pickett, and Bushway 2017). Such widespread discrimination against 

former criminals means offenders are relegated to the least desirable residential areas. 

These neighborhoods are often underdeveloped, limiting employment options and access 

to support services. In short, offenders are a unique segment of the population that is 
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subject to reduced economic opportunity, limited housing options, community 

ostracization, and routine scrutiny from law enforcement.  

Research Problem  

Hazards research is increasingly focused on ways in which specific demographic 

groups are affected by damaging events and how this contributes to variations in 

resilience and recovery at different spatial scales (Chakraborty, Tobin, and Montz 2005; 

Wood, Burton, and Cutter 2010; Montz, Tobin, and Hagelman 2017). The Gulf Coast 

states are home to large numbers of minorities, immigrants, elderly individuals, and 

migrant workers. Regarding disaster recovery, these groups share several significant 

factors with offenders, including mobility limitations, reduced socioeconomic status, and 

special risk communication needs. Studies have illustrated how these disadvantaged 

individuals are adversely affected during hazard events, as well as their unique 

impediments to resilience (Carter-Pokras et al. 2007; Rosenkoetter et al. 2007; Gares and 

Montz 2014). This research draws from these studies to characterize the vulnerability and 

resilience of the offender population to hazards. 

Objectives and Research Questions 

The purpose of this research is to measure the vulnerability and resilience of the 

offender population of the three counties of the Mississippi Gulf Coast. In particular, this 

thesis will analyze the spatial relationships among the offender population, their support 

services, local crime rates, and physically hazardous areas of the Gulf Coast. This project 

is based on the following research questions: (1) How does an impending disaster alter 

routine community corrections operations in Hancock, Harrison, and Jackson counties? 

(2) Where are the residential concentrations of supervised offenders in the Gulf Coast 
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counties of Mississippi? (3) Where are the most physically vulnerable areas regarding 

tropical cyclone activity? (4) Where are offender support services? (5) What are the 

spatial relationships among offender neighborhoods, physically vulnerable areas, support 

services, and local crime patterns.?  

Expected Outcomes  

This thesis will advance geographical hazards research by examining the 

vulnerability of a previously overlooked population and by designing a methodology 

applicable to other study areas. This study will contribute to the safety of marginalized 

populations and will shed light on how hazard vulnerability may relate to reentry 

outcomes. The results will be useful to emergency management and community 

corrections operations by characterizing the unique vulnerability of the supervised 

offender population. 
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CHAPTER II – REVIEW OF RELATED LITERATURE 

Overview 

This chapter first describes the concepts of vulnerability and resilience and 

provides a review of geographical studies examining marginalized groups, followed by a 

discussion of vulnerability in the offender population. Second, this chapter presents a 

review of the criminology literature informing the study of offender residential patterns. 

The chapter summary discusses the gap in literature that confirms a need for this 

research.  

Vulnerability and Resilience  

Disaster resilience and vulnerability serve as dual theoretical frameworks in 

hazards research. Their respective meanings vary across the literature, reflecting a 

diversity of perspectives and methodologies. In the broadest sense, vulnerability indicates 

the likelihood of being harmed or suffering loss from a hazard event. Vulnerability 

describes risk in the social, physical, and built environments from the perspective of 

underlying disaster risk drivers (Manyena 2006; Faas 2016; UNISDR 2017). Reduced 

socioeconomic conditions, biased development, infrastructure susceptibility, and the 

frequency or severity of an event all contribute to heightened vulnerability and variations 

in disaster outcomes across populations or within the same population. This research 

defines vulnerability simply as the risk of adverse effects from hazards.  

Disaster resilience describes the ability to withstand a hazard and to recover 

afterwards. It focuses on the inherent coping capacity of an individual or a system and 

their post-event actions to return to normal. The term describes preemptive measures to 

aid recovery and implies a continuation of pre-event conditions (Manyena 2006; Faas 
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2016). For emergency management, being disaster resilient means developing emergency 

plans that increase a population’s ability to respond to and recover from a hazard with 

minimal outside assistance (Haddow, Bullock, and Coppola 2014). This research uses 

disaster resilience to describe a group’s capacity to mitigate, withstand, and recover from 

a hazard event. 

While vulnerability and resilience are often represented as contrasting each other 

in the literature, they are not dichotomous. Increasing resilience does not imply a 

reduction in vulnerability. Human vulnerability describes the risk to personal safety and 

the post-disaster impacts to public health. Physical vulnerability is a function of 

proximity to a hazard and the severity or frequency of an event. Vulnerability in the built 

environment is the potential risk to residential property, utility and transportation 

networks, and government, economic, and cultural infrastructure (Borden et al. 2007). 

Social vulnerability describes how socioeconomic and demographic characteristics 

contribute negatively to disaster mitigation and recovery (Cutter, Boruff, and Shirley 

2003; Manyena 2006).  

Quantitative vulnerability research focuses on the development of indices and 

models that rely upon a wide range of socio-demographic, economic, and environmental 

variables. Deductive approaches use the established body of literature to develop 

standardized indices for comparing the vulnerability of geographic locations or social 

classes (Cutter, Mitchell, and Scott 2000; Wu, Yarnal, and Fisher 2002; Chakraborty, 

Tobin, and Montz 2005; Prasad 2012; Remo, Pinter, and Mahgoub 2016; Oulahen et al. 

2017). Inductive methods in vulnerability research use factor analysis to objectively 

determine contributors to variance within a study area. The result is a representation of 
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the overall vulnerability of a place (Cutter, Boruff, and Shirley 2003; Borden et al. 2007; 

Yoon 2012; Remo, Pinter, and Mahgoub 2016). Comparison among indices shows 

common variables among at-risk communities. 

Race, poverty, and infrastructure density are the largest contributors to hazard 

vulnerability (Prasad 2012; Yoon 2012). Recent geospatial research shows an increasing 

number of minorities and low-income individuals live in the most physically vulnerable 

areas (Chakraborty 2009; Burton 2010; Prasad 2012). For the Gulf Coast states, hydro-

meteorological hazards create physical vulnerability, while infrastructure value and 

residential density controls vulnerability in the built environment. Social vulnerability 

results from reduced socioeconomic status among large portions of the population. 

Additionally, longitudinal trends show these vulnerable populations are moving from 

coastal communities into high risk areas (Logan and Xu 2015). In coastal Mississippi, 

routine tropical cyclone activity, large minority populations, high population density, and 

the presence of oil and gas operations, and commercial ports increase overall place 

vulnerability (PEER 2006; Borden et al. 2007; Yoon 2012).  

Qualitative research via case studies provides additional understanding of a 

group’s unique vulnerabilities. Marginalized populations become disproportionately at-

risk to hazards through multi-dimensional processes such as biased economic growth and 

development, community ostracization, and social stigmas. Historically produced 

inequalities also result in a lack of resources such as limited employment, transportation 

access, and housing options (Peterson and Krivo 2010), thereby increasing vulnerability 

(Bolin, Grineski, and Collins 2005; Ueland and Warf 2006; Logan and Xu 2015; Faas 

2016).  
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A number of case studies have illustrated how marginalized groups can be at 

greater risk during hazards than neighboring populations. Gares and Montz (2014) 

captured the unique vulnerabilities of migrant workers. Reduced socioeconomic status, 

proximity to multiple hazards, and distrust towards authority figures means these 

individuals are disproportionately exposed to risk on a routine basis and in times of 

disaster (Gares and Montz 2014). Racially biased development has contributed to 

creating adverse conditions for African Americans and other minority groups, as poor 

neighborhoods are often concentrated in low-lying, flood prone areas (Ueland and Warf 

2006; Sayers, Penning-Rowsell, and Horritt 2018) or near existing environmental hazards 

(Bolin, Grineski, and Collins 2005; Chakraborty 2009; Grineski et al. 2012; McDowell 

2013; Collins et al. 2015; Pulido 2015). Low-income residents might also live in 

structurally vulnerable housing and lack insurance and mitigation capabilities (Burton 

2010; Walker and Burningham 2011). Access and functional needs contribute to risk in 

both routine and hazardous conditions. The elderly (Rosenkoetter et al. 2007), hearing 

impaired individuals (Wood and Weisman 2003), those with limited English proficiency 

(Carter-Pokras et al. 2007), rural residents (Prelog and Miller 2013; Cole and Murphy 

2014), and the homeless (Settembrino 2017) have all been identified as groups with 

exceptional vulnerabilities. 
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Large proportions of vulnerable groups reduce disaster resilience in a community. 

Social capital provides both routine support and opportunities for disaster resilience. 

Individuals in marginalized communities often boost their social capital through religious 

and civic organizations, shared cultural heritage, and kinship. Strong social ties via 

family and friends can provide physical capital such as housing and transportation. Weak 

social ties can offer networking benefits like access to employment opportunities 

(Murphy 2007). 

High social capital is linked to better resilience and recovery outcomes for both 

individuals and communities. Friends and family are a primary source for emergency 

information (Cochran and Kar 2016). Individuals look to their social networks when 

deciding to undertake mitigation measures (Wood et al. 2012; Wallace, Keys-Mathews, 

and Hill 2015) or respond to evacuation orders. Social capital determines collective 

efficacy in that close-knit groups share responsibility for disaster preparation, response, 

and recovery. Those with strong social networks report fewer post-disaster health issues, 

lower levels of post-traumatic stress disorder (Adeola and Picou 2012, 2014), and 

improved post-traumatic growth (Lee et al. 2018), even among those experiencing 

residential displacement (Tsuchiya et al. 2017). 

Offender Vulnerability  

Vulnerability among offenders results from limited housing and employment 

options and from reduced socioeconomic status. Mobility restrictions, including travel 

limitations and driver’s license prohibitions can constrain where offenders live and work. 

A criminal record can be more important than prior work experience and many 

employers are hesitant to hire offenders, even for entry-level positions (Pager 2003). 
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Supervision conditions can require individuals to seek employment, highlighting unique 

risks in times of disaster. Offender employment opportunities are often limited to low-

skill, low-wage jobs, such as those in retail services and manual labor (Petersilia 2003; 

Mears and Cochran 2015). Following Hurricane Katrina, the tourism industry saw an 

immediate spike in unemployed leisure/accommodations workers due to the interruption 

in business and the destruction of tourism and leisure facilities (Groen, Kutzbach, and 

Polivka 2017). Of those that remained employed, many saw a reduction in weekly wages 

(Vigdor 2008) and numerous manual laborers were subjected to unsafe working 

environments (Delp, Podolsky, and Aguilar 2009). Given their limited job prospects, 

offenders are particularly vulnerable to such hazard events.  

 There is little opportunity for offenders to advance professional careers. The 

federal government imposes a lifetime ban on all forms of student aid for drug offenders, 

eliminating college opportunities for over 40% of Mississippi parolees and probationers 

(Hattery and Smith 2010; MDOC 2018). Depending on the nature of their convictions, 

offenders might also be banned from public housing. State-level sanctions can impose 

additional penalties and limit offender access to public assistance and professional 

licensure. The state of Mississippi imposes no fewer than 1,700 such penalties, making it 

the most exclusionary state in the nation (Petersilia 2003; CSG Justice Center 2019).  

Much of the literature regarding the offender population examines the individual 

likelihood and external influences on recidivism rates. Within 5 years of release, over 

75% of former inmates will commit another crime or otherwise violate parole (Petersilia 

2003; Mears and Cochran 2015). Recidivism rates are higher among males, African 

Americans, and those with multiple prior convictions (Kubrin and Stewart 2006; 
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Wehrman 2010). Recidivism is also linked to neighborhood characteristics, including 

socioeconomic disadvantage (Kubrin and Stewart 2006; Hipp, Petersilia, and Turner 

2010), the availability of reentry support services (Hipp et al. 2011), the presence of 

community organizations (Wallace 2015), and living in proximity to other known 

offenders (Harding, Morenoff, and Herbert 2013; Stahler et al. 2013). 

Offenders tend to return to familiar communities, meaning former prisoners are 

spatially focused in economically disadvantaged neighborhoods (Kirk 2009, 2012; 

Brantingham and Brantingham 2010b; Hipp, Petersilia, and Turner 2010), and such 

neighborhoods are often in the most physically hazardous locations (Logan and Xu 

2015). Thus, offenders might have few options other than to reside in areas that are 

vulnerable to hazards and conducive to criminal activity. This suggests reducing hazard 

vulnerability could also impact reentry outcomes. Following Hurricane Katrina, 

residential displacement was shown to lower re-offense rates by removing parolees from 

criminogenic neighborhoods (Kirk 2009). In this way, situations representing resilience 

in the mainstream population (e.g. residential stability) could put offenders at risk in 

times of disaster and could be detrimental to prisoner reentry.  

Successful reentry is more likely for individuals utilizing community services, 

including employment agencies, life skills and workplace training, and treatment 

programs. These services help maintain the conditions of release while serving as 

advocacy groups and social capital for the formerly incarcerated (Hipp, Petersilia, and 

Turner 2010). Similarly, community supervision conditions require offenders to routinely 

visit local probation and parole offices. In some ways, the conditions of release can 

hinder an offender’s access to support services and their supervision officer. Shelters, 
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transitional centers, and affordable housing are often located in underdeveloped 

neighborhoods. These areas are unlikely to have public transportation or to accommodate 

pedestrian travel. Additionally, many convictions include driver’s license restrictions and 

supervision conditions can limit offender travel to their county of residence. The result is 

offenders living far from the necessary locations, with little means to travel (Petersilia 

2003; Hattery and Smith 2010).  

Friends and family members are the primary source of housing, transportation, 

and social capital for offenders. Maintaining these social ties through prison visits 

contributes to improved inmate behavior and positive reentry outcomes (Warr 1998; 

Hairston 2002). Incarceration, however, is deleterious to personal relationships as there 

are significant barriers to visitation (Clear 2007). Corrections facilities are typically 

located in remote areas. Disadvantaged families may lack the resources to travel 

overnight, make childcare arrangements, or take time off work (Cochran et al. 2016). 

Minority offenders tend to be incarcerated further from home and are generally less likely 

to receive visitors than white offenders (Cochran, Mears, and Bales 2017). At the end of 

their sentence, many inmates are left with no personal support. According to the 

Mississippi Offender Reentry Experience (MORE), as many as 700 parolees remain 

incarcerated every month because they cannot secure housing for their release (MORE 

2019). 

Routine Activity Theory 

Routine activity theory frames criminal activity as the result of situational, place 

based-opportunity. Crimes occur where there is a motivated offender, a suitable target, 

and absent capable guardians. The offender may actively choose to seek out a target or 
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identify a suitable opportunity during the course of non-criminal behavior (Cohen and 

Felson 1979; Brantingham and Brantingham 2010a). Routine activity occurs near anchor 

points, where offenders live, work, or otherwise have a familiar presence (Rossmo 2000; 

Bernasco 2010). For homeless or residentially transient offenders, the anchor point may 

be a close friend or family member’s home, public space, or local establishment (Rossmo 

2000; Brantingham and Brantingham 2010b). Travel sanctions and a lack of vehicle 

access further limit offender movement. 

Social barriers also constrain the activity space. Offenders are less likely to 

operate in neighborhoods that are racially or ethnically different from their own (Reynald 

et al. 2008). Offenders feel more conspicuous and unable to avoid detection in outlying 

communities (Wright and Decker 1997; Murray et al. 2013). Reynald and others (2008) 

described 8 years of urban crime trips in 94 neighborhoods of The Hague, Netherlands, a 

city well known for its geographic segregation of poor and minority communities. The 

results showed offenders tended to commit crimes in their own neighborhoods and 

nearby areas most socioeconomically and ethnically similar to their own (Reynald et al. 

2008). Bernasco and Block (2009) showed that African American offenders are more 

likely to commit robberies in areas where the majority of the population is also African 

American (Bernasco and Block 2009). Racially motivated gang activity also puts 

offenders at considerable risk in rival territory (Tita, Cohen, and Engberg 2005). The 

social limitations to activity space are especially pronounced in urban spaces, where 

racial and social neighborhood characteristics, and thus criminal opportunities, are 

concentrated in small geographic areas (Wehrman 2010). 
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Crime pattern research examines criminogenic land use. Generally, non-

residential land use contains locations for routine activity where offenders might find 

suitable targets (Browning et al. 2010). Crime generators are public spaces drawing large 

numbers of people during legitimate business hours, some of which are motivated 

offenders (Groff and Lockwood 2014). Shopping centers (Wilcox et al. 2004), parks 

(Boessen and Hipp 2018), schools (Bernasco and Block 2009), and transit stations (van 

Wilsem 2009; Zhang 2016) are often cited as crime generators (Hipp and Kubrin 2016). 

Crime attractors are locations with a high instance of susceptible targets, typically 

carrying cash. The presence of illicit activity, like drug dealing or prostitution, creates 

attractive robbery targets as victims are both carrying cash and unlikely to report the 

incident (Wright and Decker 1997). Legitimate businesses also serve as crime attractors. 

Casinos bring together tourists unfamiliar with the area, local offenders, and open 

displays of money (Stitt, Nichols, and Giacopassi 2003). Other crime attractors include 

ATMs (Deakin et al. 2007), pawn shops, (Bernasco and Block 2011), and fringe banks 

(Hipp and Kubrin 2016).  

Due to zoning regulations, the types of business that serve as crime 

attractors/generators are typically located in commercial areas. A 2009 study by Stucky 

and Ottensmann found violent crime increases with commercial density (Stucky and 

Ottensmann 2009). Anderson (2013) found that mixed-use zoning indicated higher crime 

when compared to exclusively residential neighborhoods (Anderson et al. 2013). 

Impoverished areas tend to have larger proportions of commercial land use (Small and 

McDermott 2006) than more affluent areas, meaning criminal opportunity is concentrated 
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in disadvantaged areas. Given offenders’ reduced socioeconomic status, they are likely to 

live near numerous criminal opportunities. 

Proximity to crime research examines the distance offenders travel to criminal 

opportunities. Geoprofiling is an investigative spatial analysis technique used to locate 

offenders. When multiple incidents are attributed to a single offender, or cluster of 

offenders, the spatial distribution of crime scenes can lead to probable offender anchor 

points (Rossmo 2012). Inversely, crime trip studies examine the distance known 

offenders have traveled to find suitable targets. Using the offender’s last known address 

and the incident location, geoprofiling and crime trip studies show common results across 

offense type and severity. 

Kent, Leitner, and Curtis (2006) analyzed several years of homicide data to 

calibrate a geoprofile of the Baton Rouge serial killer. The study found murder victims 

were targeted within 12 miles of the offender’s residence (Kent, Leitner, and Curtis 

2006). Groff and McEwen (2006) conducted a similar study over the Washington, D.C. 

metro area. Homicides occurred an average of less than 3 miles from the offenders’ 

homes (Groff and McEwen 2006). Bernasco (2010) showed thefts from vehicles tend to 

occur in the offender’s own zip code (Bernasco 2010). Integrating crime pattern research 

with routine activity theory reveals offenders often choose nearby, accessible targets. 

Collective Efficacy 

Collective efficacy theory describes how a sense of shared responsibility 

motivates citizens to address criminal behavior in their communities. Effective 

communities have strong social ties that include an established set of values and cultural 

norms. Social networks often exist within cultural, ethnic, or class barriers, meaning the 
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most cohesive groups tend be the most socioeconomically and demographically 

homogeneous. Similarly, large proportions of long-term residents and high home 

ownership rates indicate a vested interest in the neighborhood. This local 

interconnectedness sets the standard for acceptable behavior, creating informal social 

control over crime. Residents feel justified in reporting crimes and intervening when 

delinquent youth gather in public. In effective communities, residents, rather than law 

enforcement, are the primary capable guardians (Clarke and Felson 2008).  

Social Disorganization 

Social disorganization theory explains how neighborhood characteristics can 

reduce collective efficacy and contribute to crime. Concentrated disadvantage, residential 

instability, and ethnic heterogeneity can reduce capable guardianship by promoting 

anonymity among residents. In this way, disorganized communities lack the collective 

efficacy to prevent crime.  

Concentrated disadvantage describes resource deprivation in extremely poor 

urban communities. These neighborhoods are impoverished (Harding, Morenoff, and 

Herbert 2013), densely populated (Stucky and Ottensmann 2009), and have large 

minority populations (Sampson and Raudenbush 2004; Tita, Cohen, and Engberg 2005). 

These areas generally have low high school completion rates, high unemployment 

(Baumer et al. 2003; Hipp, Petersilia, and Turner 2010), and a prevalence of single-parent 

households (Krivo and Peterson 1996; Bouffard and Muftic 2006) receiving public 

assistance (Demotto and Davies 2006; Wehrman 2010).  

Disadvantaged families are unlikely to own a home and renters move more often 

than homeowners. Thus, disorganized communities have many short-term residents with 
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few social ties. Criminal activity may also contribute to residential mobility in that 

residents of criminogenic neighborhoods are likely to become victims themselves 

(Nieuwbeerta et al. 2008; Browning et al. 2010).  

Disorganized communities are racially and ethnically heterogeneous, meaning 

there is little cultural connectedness and among groups, as social ties are unlikely to cross 

socioeconomic and racial barriers. Poor, minority communities also tend to be spatially 

isolated from more affluent, white populations (Sampson, Morenoff, and Gannon-Rowley 

2002; Ueland and Warf 2006; Peterson and Krivo 2010). Social disorganization theory 

suggests that this spatial and social distance creates distrust and indifference among 

neighbors. Residents become disinvested with their neighborhoods, reducing community 

engagement and the productive use of public spaces.  

Citizens of all races assume the presence of minority populations equate with high 

crime, although whites tend to be more biased in that regard. In racially diverse 

neighborhoods, white residents are likely to believe the area is criminogenic, regardless 

of actual crime rates. Sampson and Raudenbush (2004) showed that this perceived 

disorder promotes criminal activity. Residents can become wary of public spaces, 

reducing capable guardianship over street crimes (Skogan 1992; Sampson and 

Raudenbush 2004; Clear 2007).  

Many social scientists have discussed how criminal activity results from a 

prevalence of unsupervised adolescents with negative peer influences (Warr 1998; 

Mennis et al. 2011). In neighborhoods with a high occurrence of single-parent 

households, youth may be left to their own devices while parents work (Wehrman 2010). 

Without positive role models, groups of adolescents are likely to engage in unproductive 
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and illegal behavior (Howell 1998). In urban neighborhoods, this manifests itself in 

groups of teens gathering on street corners and engaging in street crimes (Putnam 2000). 

In other cases, adolescents gather at the homes of inattentive or lenient parents. These 

groups of delinquent youth are unlikely to finish high school, obtain legitimate 

employment, and may in turn transition to adults who commit more serious offenses 

(Pettit and Western 2004; Tita, Cohen, and Engberg 2005).  

The stigma surrounding disadvantage and crime impacts the entire community. 

Businesses find these neighborhoods undesirable, limiting community development and 

nearby job opportunities (Clear 2007). Offenders who do find employment face scrutiny 

in the hiring process (Pager 2003) and feel they will be unduly terminated (Clear 2007). 

Employers are generally disinclined to hire residents from criminogenic neighborhoods, 

regardless of an individual’s criminal history (Anderson 1999; Wehrman 2010). The 

dearth of economic opportunity tends to further isolate disorganized communities from 

traditional society, altering social norms (Krivo and Peterson 1996). Met with few 

legitimate employment options, illicit activity provides a socially acceptable, often 

lucrative income (Anderson 1999; Wang and Minor 2002). 

Summary 

An extensive body of literature informs the geography of crime. Social 

disorganization theory explains how structural neighborhoods characteristics contribute 

to criminogenisis. Routine activity theory describes the basic elements necessary for a 

crime to occur: a suitable target, motivated offender, and a lack of capable guardianship. 

Crime pattern research examines how land use creates criminal opportunity, while 

proximity to crime and geoprofiling studies show offenders tend to commit crimes in 
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familiar areas. This research integrates these frameworks to model offender residential 

patterns and highlight the unique vulnerability of the offender population.  

Offenders are a highly disadvantaged group and tend to live in underprivileged, 

marginalized, criminogenic areas. Given such severe social and economic limitations, 

offenders have little capacity to prepare for or recover from disasters. Additionally, the 

offender population is under-represented in the hazards literature. There is currently little 

published research on the conditions of release and the socioeconomic status of 

offenders, or how local hazard conditions alter community corrections operations. It is 

not understood how community supervision standards affect hazard vulnerability, 

whether support services improve disaster resilience, or if the presence of the offenders 

pose additional risks to public safety during a disaster. Most significantly, there has been 

little examination of the spatial relationships among offender residences, physically 

hazardous areas, support services, and area crime patterns.  
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CHAPTER III  - STUDY AREA 

Overview 

This study examined the three counties of the Mississippi Gulf Coast: Hancock, 

Harrison, and Jackson. The area was chosen for its proximity to coastal hazards, high 

socioeconomic diversity, and large community corrections presence. During the Atlantic 

hurricane season, the region is routinely exposed to tropical cyclone activity. With the 

prospect of climate change, the frequency and intensity of severe weather is expected to 

increase in the coming decades. The presence of oil and gas infrastructure can produce 

anthropogenic hazards, as evidenced by the 2010 Deepwater Horizon Oil Spill (Lazarus 

2016). Above average poverty levels, large minority populations, and high population 

density contribute to social vulnerability and concentrated disadvantage. Additionally, a 

large proportion of Mississippi’s supervised offenders live in the coastal counties.  

Population Characteristics 

Hancock, Harrison, and Jackson counties stretch from west to east along the 

Mississippi Gulf Coast (Figure 2). Despite the impacts of Hurricane Katrina, the Gulf 

Coast population has grown steadily in recent years (Table 1). The 2010 US Census 

recorded the tri-county population as 370,702 and it was estimated at 385,448 in 2016. 

The coastal cities are densely settled, while the area north of I-10 is exclusively small 

towns and unincorporated places. Population density is low (< 50 people per sq. mile) to 

the north and exceeds 3,000 people per sq. mile in parts of Gulfport, Biloxi, Moss Point, 

and Pascagoula (Figure 3).
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 Study Area: Hancock, Harrison, and Jackson County, Mississippi
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 Study Area Population Density  

Block-group population density, quantile classification (US Census Bureau, 2016 ACS 5-year estimates). 
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Table 1  

Study Area Population Growth  

 Hancock Harrison Jackson 

2000 Census 42,967 189,601 131,420 

2007 ACS Estimates 41,567 181,764 130,863 

2010 Census 43,929 187,105 139,668 

2016 ACS Estimates 46,028 198,570 140,850 

Percent Population Growth 

2000-2016 
7.12% 4.73% 7.18% 

Study area population growth 2000-2016. Percentages are based on county population (US Census Bureau,2000/2010 Census, 

2007/2016 ACS 5-year estimates).  

The Mississippi coastal counties are culturally and socioeconomically diverse. 

Compared to state averages, residents tend to be wealthier, more educated, and less likely 

to be an ethnic minority (Table 2). Three-quarters of the population is Caucasian, median 

income is high, and overall unemployment is lower than that of Mississippi as a whole. 

Social vulnerability, however, is prevalent in coastal Mississippi. Finer-scale analysis 

highlights poor, minority neighborhoods throughout the tri-county area, many of which 

are still recovering from Hurricane Katrina. Household poverty rates exceed the state 

average in much of the study area (Figure 4) and 13.4% of the tri-county population does 

not have a high school diploma. There are significant Hispanic and Vietnamese 

immigrant populations, many of which suffer from a language barrier (Cochran and Kar 

2016). While urban growth has continued post-Katrina, approximately 12% of residential 

properties are currently vacant.  
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Table 2  

Study Area Population Characteristics  

  Hancock  Harrison  Jackson Mississippi 

Caucasian 
40,096  

(87.1%) 

136,866 

(68.9%) 

101,277 

(71.9%) 
59.0% 

African American 
4,407 

(9.6%) 

47,258 

(23.8%) 

30,621 

(21.7%) 
37.5% 

Other 
703 

(1.5%) 

6,637 

(3.3%) 

3,582 

(2.5%) 
2.3% 

Hispanic 
1,694 

(3.7%) 

10,569 

(5.3%) 

7,756 

(5.5%) 
2.9% 

Poverty 17.4% 19.3% 16.0% 22.3% 

Unemployment 8.8% 9.6% 8.7% 9.6% 

HS Completion 84.3% 86.3% 87.7% 83% 

Vacant Residential 

Property  
10.7% 11.7% 15.02% 11.8% 

Selected population characteristics for Hancock, Harrison, and Jackson Counites and the State of Mississippi. Percentages are based 

on county population (US Census Bureau, 2016 ACS 5-year estimates). 
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 Household Poverty Rates  

Block-group household poverty rates, Jenks classification (US Census Bureau, 2016 ACS 5-year estimates). 
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Physiographic Characteristics  

The inland tri-county area encompasses 1,781 square miles, with approximately 

44 miles of coastal shoreline (NOAA 2008). The coastline borders Mississippi Sound, 

which extends seaward to the barrier islands. There are numerous bays, bayous, estuaries, 

and marshes along the shore and wildlife preservation areas exist throughout the study 

area. The inland section of the region is largely agricultural or forested (Figure 5). 

Northern Hancock County consists of small farm communities and public 16th section 

lands leased for hunting and agriculture. DeSoto National Forest comprises much of 

northern Harrison County east of Highway 49. In northwestern Jackson County, there are 

extensive marshes and swamps surrounding the Pascagoula and Escatawpa Rivers. 

Coastal Mississippi features extensive stream networks and much of it lies within 

the 100-year floodplain (Figure 6). The largest drainage system in the region is the Pearl 

River of western Hancock County. During heavy precipitation events, the Pearl River 

brings flooding to marshes near the coast and along the Louisiana border (FEMA 2009a). 

In western Harrison County, the Wolf River flows southward to St. Louis Bay. The Little 

Biloxi River converges with the Biloxi River and drains into the Back Bay of Biloxi, 

along with the Tchoutacabouffa River. The marshes and lakes of the region, especially 

near the coasts, are subject to flooding during both heavy rainfall and coastal surge events 

(FEMA 2009c). In Jackson County, the primary riverine flood sources are the Pascagoula 

River and its tributaries Black Creek and the Escatawpa River (FEMA 2009d). The 

primary coastal flood sources are St. Louis Bay, Biloxi Bay, the Back Bay of Biloxi, and 

the bayous and marshes near the sound in Jackson and Hancock Counties (FEMA 2017a, 

2017b).  



 

 

2
9
 

 

 Agricultural Zoning, National Forest, and Wildlife Preservation Areas
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 1% Annual Chance (100-Year) Floodplain 

Spatial extent of the 100-year floodplain with selected flood sources labeled (FEMA 2017) 
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Hurricane Activity  

Coastal Mississippi is routinely exposed to tropical cyclones. During the Atlantic 

Hurricane season, the entire area is at risk of storm surge inundation, inland flooding, and 

damaging winds. Heavy rains associated with tropical cyclone landfall produce flash 

flooding upstream in the inland areas of coastal watersheds, while areas outside of the 

floodplain remain at risk of wind damage. The Mississippi Sound covers a shallow 

sloping near-coastal water body, increasing potential storm tide, while the concave shape 

of the coastline shape intensifies storm surge in bays along the coast. This effect was so 

pronounced during Hurricane Katrina, that most tide sensors malfunctioned, ceasing data 

collection prior to landfall (NOAA 2005). 

In 2005, Hurricane Katrina made landfall as a category 3 hurricane near the 

Louisiana border. Prior to landfall, Katrina produced substantial wave setup in 

Mississippi Sound. Water levels were 3 and 7 feet above the predicted levels in Biloxi 

and Waveland respectively. In Ocean Springs, water levels were over 11 feet above the 

predicted elevation. The orientation of storm track brought northward winds to the 

Mississippi coast, pushing the storm surge a significant distance inland (NOAA 2005). 

FEMA reports estimate high water marks reached 28 feet around St. Louis Bay and as 

high as 22 feet more than 10 miles inland in Jackson County. As a direct result of storm 

surge, 238 Mississippi residents were killed (Robertson 2015), while countless others 

were displaced. In total, over 69,000 homes were damaged or destroyed (DHS 2006).  
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Social Vulnerability in Coastal Mississippi  

Within the coastal cities of Mississippi, there are substantial numbers of 

impoverished and minority residents and some of them live in the path of coastal hazards. 

There are distinct geographic demarcations between poor, minority areas and more 

affluent neighborhoods in coastal Mississippi. Several block groups are home to large 

proportions of minorities, and these areas are situated near flood sources and around non-

residential zoning. The Vietnamese immigrant population is concentrated in communities 

near the coast and along Biloxi Bay (Figure 7). There are small, but growing Hispanic 

populations throughout the study area (Figure 8). In central Jackson County, large 

numbers of African Americans live along the Pascagoula River. In southeastern 

Pascagoula, minorities are concentrated near the oil refinery. Generally, the African 

American neighborhoods in the study area lie outside of city limits (Figure 9).  

Given that poor, minority communities are often relegated to underserved areas, 

their distribution has important implications for hazard vulnerability in coastal 

Mississippi. In coastal communities, waterfront property is more desirable, meaning the 

most marginalized communities live farther from the coast. While the northern tri-county 

area is removed from coastal flood hazards, tropical cyclone activity can still be 

devastating to the inland rural areas. During a hurricane, high winds threaten the 

structures of substandard, vulnerable housing and produce substantial debris. North of I-

10, most zoning ordinances allow for mobile homes, and traditional homes tend to be 

older than in coastal areas, placing residents at risk. 

The urban rural divide at I-10 also means vulnerable populations are removed 

from routine resources. Public transportation is sparse in even the most developed areas, 
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and nonexistent in the northern part of the coastal counties. This severely limits 

employment options and access to social services for individuals without a personal 

vehicle. In fact, there are no food pantries or free clinics north of I-10. In times of 

disaster, those vulnerable populations may have difficulty evacuating or be left with no 

supplies to shelter in place. 
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 Asian Population  

Asian population as percent of total block group population, Jenks classification (US Census Bureau, 2016 ACS 5-year estimates) 
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 Hispanic Population 

Hispanic population as percent of total block group population, Jenks classification (US Census Bureau, 2016 ACS 5-year estimates).  



 

 

3
6
 

 

 African American Population  

African American population as percent of total block group population, equal interval classification (US Census Bureau, 2016 ACS 5-year estimates). 
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CHAPTER IV – METHODS AND ANALYSIS 

Data Collection 

Given the sensitive nature of offender identities, individual residence data was not 

available for this study. This research modeled offender residential patterns using a 

statistical proxy with the best available data. The goal was to select variables from the 

literature indicative of social disorganization and its constituent concepts: concentrated 

disadvantage, residential instability, and ethnic heterogeneity. The chosen socioeconomic 

data were the 2016 US Census Bureau American Community Survey (ACS) block-group 

level estimates.  

Zoning maps and ordinances determined residential areas. Local GIS offices 

provided zoning district shapefiles (Table 3). The Mississippi Automated Resource 

Information System (MARIS), the Federal Emergency Management Agency (FEMA), 

Mississippi Geospatial Clearinghouse (MGC), the United States Census Bureau 2017 

TIGER/Line repository, and the US Fish and Wildlife Service (FWS) provided polygon 

shapefiles for undeveloped areas (Table 4). 

For both the coastal and riverine flood models, Hazus requires a user input digital 

elevation model (DEM), local stillwater elevations (SWEL), and wave setup. FEMA 

recommends a 1/3 arc second resolution DEM to optimize processing time and save disk 

space, while holding results statistically similar to finer resolutions (Scawthorn, Blais, et 

al. 2006; ASFPM 2009; Longenecker 2012; Remo, Carlson, and Pinter 2012). The United 

States Geological Survey (USGS) National Elevation Dataset (NED) provided four 1/3 

arc-second DEMs. The FEMA Flood Insurance Studies (FIS) list the 100-year SWEL and 

wave setup for the coastal flood model (FEMA 2009b, 2017a, 2017b).  
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Table 3  

Zoning Datasets  

Location Source 

Harrison County 
Harrison County Open Data Portal, Harrison County Tax 

Assessor  

Jackson County, Gautier  Jackson County Information Systems  

Hancock County  Gulf Regional Planning Commission 

Pass Christian, D’Iberville, 

Long Beach  

Geographic Information Services Department; Harrison 

County Board of Supervisors  

Biloxi City of Biloxi Department of Engineering  

Gulfport City of Gulfport  

Pascagoula City of Pascagoula 

Bay St Louis  Slaughter and Associates Urban Planning Consultants 

Ocean Springs City of Ocean Springs Building and Planning Department  

Waveland Waveland.ms.gov (Digitized) 

Moss Point Cityofmosspoint.org (Digitized) 

Northern D’Iberville Diberville.ms.us (Digitized) 

Gautier  Gautier-ms.gov (Digitized) 

Zoning datasets used to determine residential areas in the suitability analysis.  
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Table 4  

Spatial Datasets  

Dataset  Source Year 

Non-Residential Zoning Table 3 Various 

Floodways MARIS/FEMA 2017 

NHD Waterbodies MARIS 2018 

NHD Water Areas MARIS 2018 

Inland Water Bodies TIGER 2017 

NWI Wetlands US FWS 2018 

State Parks MARIS 1997 

Military Installations TIGER 2017 

National Forest MARIS 2017 

WMAs/NWRs MARIS 1997 

Hazus Non-Residential Blocks Hazus 2010 

Census Zero Population Blocks MARIS 2010 

Census Unit Shapefiles TIGER 2017 

Building Footprints MS GIS 2009 

DEMs USGS 2018 

Crime Index Scores ESRI 2018 

Aerial Imagery MARIS 2017 

Secondary spatial datasets for suitability analysis, Hazus-MH modeling, and crime mapping 
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This research used block-group level crime data from ESRI Demographics. The 

available dataset contained aggregated 2010-2017 FBI Uniform Crime Reports (UCR) 

incidents, compiled for each reporting jurisdiction, normalized for population, and 

reported as a relative index on a national scale. Each block group has an index score for  

personal, property, and total crime (AGS and ESRI 2018), shown in figures 10, 11, and 

12. As expected, collective rates of personal and property crime are highly correlated (r = 

0.84). For more detailed comparison with the social disorganization model, disaggregated 

block-group level crime data was available for seven UCR offenses types: murder, 

robbery, assault, sexual assault, burglary, larceny, and motor vehicle theft.  

For the purpose of this research offender support services are businesses or 

organizations that routinely provide resources for individuals on probation or parole. 

These include social services such as transitional housing and shelters, medical services 

including drug treatment and mental health services, and community resources like 

libraries, food pantries, and employment agencies. This research produced a list of 

offender support services based on the Mississippi Reentry Guide (FMS 2015), the 

United States Probation and Pretrial Services webpages (MSSP 2018b),and a cursory 

internet search.  
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 Total Crime Index Scores 

Block-group total crime index scores, quantile classification (ESRI Demographics, 2018) 
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 Personal Crime Index Scores  

Block-group personal crime index scores, quantile classification (ESRI Demographics, 2018) 
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 Property Crime Index Scores  

Block-group property crime index scores quantile classification (ESRI Demographics, 2018)
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Residential Suitability Analysis  

The smallest scale available for the chosen socioeconomic data is the block group 

level, but numerous local features impact development and thus the actual spatial 

distribution of residential property within the block group. To match the scale of the 

Hazus results, it was first necessary to determine which census blocks contain residential 

areas and eliminate the non-residential blocks within the study area.  

Local zoning ordinances determined non-residential areas. Most districts use 

traditional zoning designations (e.g. residential, commercial, or industrial), meaning 

zoning codes identified residential areas. SmartCode, Planned Unit Developments 

(PUDs), and Master Planned Communities (MPCs) contain mixed-use development. 

Residential areas in SmartCode districts contain all zones allowing for residential 

property (City of Pass Christian 2013; City of Gulfport 2015). Aerial imagery identified 

developed areas in PUDs and MPCs for digitization (Harrison County 2018; Jackson 

County 2018). Each jurisdiction was reclassified into residential and non-residential 

zoning and merged into a single shapefile, retaining the most recent data where overlap 

occurred. Figure 13 shows residential zoning in the study area and Appendix A shows the 

corresponding zone codes.  

Much of the study area is zoned residential but does not contain residential 

development. Zoning in the northern swath of the counties is largely agricultural and 

includes land devoted to farming, forestry, or animal raising, as well as expansive areas 

of undeveloped and unpopulated land. The tri-county area contains many wildlife 

management areas (WMA), three national wildlife refuges (NWR), several military 

installations, and large forested areas under National Forest Service ownership. Inland 
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water bodies, wetlands, and dense stream networks, which are all common in coastal 

locales, are prevalent in the study area and several FEMA designated floodways prevent 

encroachment of the riverine floodplain. Additionally, a large portion of western 

Hancock County is designated as an acoustic buffer zone surrounding the John C. Stennis 

Space Center.  

An ArcGIS model builder tool sequentially erased undeveloped areas. Beginning 

with the residential zoning shapefile, the erase tool removed polygon datasets for military 

installations, water features, national forests, WMAs, NWRs, state parks, and 

undeveloped wetlands from consideration. The explode function in ArcMap split disjunct 

polygons in the erase tool output. Select by location identified developed residential areas 

using the building footprints shapefile over the exploded output. Figure 14 shows the 

resulting suitable residential areas.  

Select by location identified census blocks intersecting the suitable residential 

areas. The final step in the suitability analysis was to delete census blocks having zero 

residential property in the Hazus General Building Stock (GBS) inventory. Additionally, 

there is limited socioeconomic data for some block groups in the study area. This analysis 

did not consider the block groups surrounding Kessler Air Force Base (KAFB), the Naval 

Construction Battalion Center (NCBC), or the Gulfport-Biloxi International Airport 

(GPT). Figure 15 shows the resulting residential census blocks used in the analysis. The 

suitability analysis reduced the inland study area from 14,239 to 6780 census blocks, 

retaining 264 block groups. 
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 Spatial Distribution of Residential Zoning in the Study Area  

Includes all zoning districts (residential, agricultural, and mixed-use) that allow for residential property.  
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 Suitable Residential Areas 

Residential areas identified in the suitability analysis  
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 Suitable Residential Areas Aggregated by U.S. Census Block 
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Social Disorganization Model  

Overview 

This section describes the methodology for creating a statistical model of social 

disorganization using neighborhood characteristics. This research modeled 

neighborhoods at the block group level, the smallest unit available for the chosen 

socioeconomic data. A literature review produced 15 socioeconomic and demographic 

indicators (Table 5). Twelve of the variables are block-group level population proportions 

from 2016 US Census Bureau American Community Survey (ACS) estimates. Racial and 

ethnic heterogeneity and income inequality calculations followed methods outlined in the 

literature. 

Pearson’s correlation tested the indicators for bivariate relationships and figure 16 

shows the correlation matrix. As expected, many of the socioeconomic indicators share a 

moderate to strong correlation (r > 0.3). A principal component analysis (PCA) 

consolidated the explanatory measures into a single Social Disorganization Index (SDI) 

for each suitable block group in the study area, where higher values indicate a more 

disorganized neighborhood.   
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Table 5  

Social Disorganization Indicators  

Variable Rationale  

Households in 

Poverty 

(Krivo and Peterson 1996; Kubrin and Stewart 2006; Wehrman 2010; 

Harding, Morenoff, and Herbert 2013) 

High School 

Diploma 

(Parker and Mccall 1999; Ratcliffe and Mccord 2007; Wehrman 

2010; Hipp and Kubrin 2016; Vogel and South 2016) 

African 

American/Minority 

Population 

(Sampson and Raudenbush 2004; Ratcliffe and Mccord 2007; 

Reynald et al. 2008) 

Food 

Stamps/SNAP 

(Tita, Cohen, and Engberg 2005; Demotto and Davies 2006; Wang 

and Arnold 2008; Stahler et al. 2013) 

Single-Parent 

Households 
(Baumer et al. 2003; van Wilsem 2009; Wehrman 2010) 

Female-Headed 

Households  

(Krivo and Peterson 1996; Tita, Cohen, and Engberg 2005; Ratcliffe 

and Mccord 2007; Groff and Lockwood 2014) 

Employed in 

Service Occupation 

(Pager 2003; Petersilia 2003; Pager, Western, and Sugie 2009; 

Mennis and Harris 2013) 

Renter Occupied 

Households 
(Morenoff, Sampson, and Raudenbush 2001; Wang and Arnold 2008) 

Households Moved 

w/in Last 5 Years 

(Morenoff, Sampson, and Raudenbush 2001; Bouffard and Muftic 

2006; Miller, Caplan, and Ostermann 2016; Wickes, Britt, and Broidy 

2017) 

Racial/Ethnic 

Heterogeneity 

(Hipp 2007; van Wilsem 2009; Prelog 2016; Wickes, Britt, and 

Broidy 2017) 

Income Inequality (Morenoff, Sampson, and Raudenbush 2001; Wang and Arnold 2008) 

Population Density (Morenoff, Sampson, and Raudenbush 2001) 
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 Correlation Matrix 

Pearson’s correlation matrix for the chosen social disorganization indicators. Moderate to strong correlations (r> 0.3) are highlighted in yellow.  
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Socioeconomic Variables 

Each variable was normalized over the block group. Poverty is the proportion of 

households with income below the poverty line in the last 12 months. The food stamp 

measure is the proportion of households receiving food stamps within the last 12 months. 

Educational attainment is the percentage of the population aged 25 and over without a 

high school diploma. The African American and Hispanic populations are the percentage 

of the total block group population. Female headed households is the proportion of 

female-headed households both with and without children. Single-parent households use 

the proportion of both male and female headed households with children under 18 and no 

spouse present. Renter occupancy rates are the proportion of rented households. The 

proportion of households having moved in last 5 years uses the proportion of total 

households, both renter and owner occupied, moving in 2010 or later. Service 

occupations uses the percent of employed individuals working in food service, healthcare 

support, personal care, and building maintenance, and excludes those in protective 

support occupations.  

Racial/Ethnic Heterogeneity  

To calculate racial heterogeneity, the block group populations were divided into 

four groups; White, African American, Asian, and Other (Hipp 2010; Bernasco and 

Block 2011). The Herfindahl Index (HI) uses the sum of the squared percentage of each 

race group (Hipp, Petersilia, and Turner 2010; Miller, Caplan, and Ostermann 2016). On 

the US Census form, race and ethnicity are not mutually exclusive. A second HI 

measures ethnic heterogeneity for the Hispanic and non-Hispanic population. In keeping 

with the literature, higher levels of homogeneity can indicate collective efficacy.  
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Subtracting the HI from 1 inverts the value so that it represents heterogeneity and 

can contribute positively to the social disorganization score. The maximum potential HI 

values are 0.75 for race and 0.50 for ethnicity (van Wilsem 2009; Hipp 2010; Prelog 

2016). Figure 17 shows the HI formula adapted from Hipp (2010) where HIBG is the 

Herfindahl index for each block group and Gj is the population proportion of each race or 

ethnicity (j) within that block group. Figures 19 and 20 show the spatial distribution of 

racial and ethnic heterogeneity in the study area.  

𝐻𝐼𝐵𝐺 = 1 − ∑ 𝐺𝑗
2  

 Herfindahl Index Formula 

Income Inequality 

Income inequality calculations followed the methods outlined in Wang and 

Arnold (2008). Localized Income Inequality (LII) uses the mean income for contiguous 

areas to assign a measure of relative wealth (Wang and Arnold 2008). This research used 

first order queen contiguity, meaning calculations were based on adjacent block groups 

sharing both common boundaries and vertices. Queen contiguity was chosen over rook 

contiguity (block groups sharing only linear boundaries) to increase the number of 

households used in the analysis. 

 The polygon neighbors tool determined queen contiguity for the study area. The 

results returned a table listing each block group and its neighboring block groups mean 

income, number of households, and weighted mean income. An Excel pivot table 

dissolved the results by block group to return the income values for the LII calculation. 

Figure 18 shows the block group LII formula. 
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𝐿𝐼𝐼𝐵𝐺 =
∑ 𝐼𝑛/𝑃𝑛

𝐼𝐵𝐺
  

 Localized Income Inequality Formula 

Localized Income Inequality (LII) formula taken from Wang and Arnold (2008). 

The LII is simply the ratio of neighboring block groups mean income to the focus 

block group income. The numerator is the sum of weighted mean income for all 

contiguous block groups (In) divided by the total number of contiguous households (Pn), 

while the numerator (IBG) is the focus block group mean income. LII values larger than 1 

represent a lower mean income than adjacent areas. For example, an LII value of 2 

represents a block group twice as poor as its neighbors. Figure 21 shows the spatial 

distribution of LII values in the study area.  

Principal Components Analysis 

Principal components analysis (PCA) consolidated the explanatory measures. 

First, a z-score conversion standardized the ACS, HI, and LII data. A Python script 

(Appendix B) converted the z-score data to a NumPy array, calculated the eigenvalues 

and eigenvectors of the covariance matrix, and returned the eigenvectors, factor loadings, 

and cumulative explained variance in the Python window.  

All of the input measures contribute positively to social disorganization. 

Following the methods in Cutter, Burton, and Wood (2010), negative eigenvectors were 

multiplied by -1. This allows the eigenvectors, and thus the factor loadings, to have the 

correct directional influence on the total social disorganization score. Kaiser criterion 

(eigenvalues > 1) and varimax rotation in XLstat determined the principal components. 

Significant explanatory variables have factor loadings greater than 0.5 following the 

varimax rotation (Wood, Burton, and Cutter 2010). 
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 Racial Heterogeneity 

Racial heterogeneity Herfindahl Index (HI). Jenks classification 
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 Ethnic Heterogeneity 

Ethnic heterogeneity Herfindahl Index (HI), Jenks classification 
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 Localized Income Inequality  

Block-group level Localized Income Inequality (LII) following methodology from Wang and Arnold (2008), Jenks classification  
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Components of Social Disorganization  

The PCA reduced the original dataset to 4 components explaining 72.33% of the 

total variance (Table 6). The first component explains 38.39% of the variance and 

represents concentrated disadvantage. The largest factor loadings are for single parent 

and female-headed households and percent African American and minority population. 

Given the spatial isolation of African American neighborhoods in the study area, 

component one may also indicate the prevalence of unsupervised adolescents residing in 

underserved neighborhoods. 

Both the percent Hispanic population and ethnic heterogeneity measures load 

highest on the second component, which explains 15.88% of the variance. There is a 

strong correlation (r = 0.98) between the Hispanic population and ethnic heterogeneity, 

isolating the two measures on the same component. The absence of an economic measure 

on the second component shows ethnic minorities in the study area tend to live in 

heterogenous, but not necessarily disadvantaged, neighborhoods. Regarding social 

disorganization, ethnic heterogeneity represents possible cultural, social, and class 

distance and reduced collective efficacy.  

Component three, residential instability, explains 9.42% of the variance. The 

highest factor loadings are for the proportion of renter occupied property, residents 

having moved within the last five years, racial heterogeneity, and population density. 

Regarding social disorganization, higher instances of residential mobility and racial 

heterogeneity can indicate reduced social ties and anonymity among residents. The 

inclusion of population density suggests urban neighborhoods are more associated with 

social disorganization.  
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Component four explains 8.65 % of the variance and represents economic 

inequality. There are five primary factor loadings; households in poverty, food stamp 

recipients, population without a high school diploma, percent of the workforce employed 

in service occupations, and income inequality. These indicators share moderate to strong 

correlations but have weaker relationships with the other explanatory measures. 

Statistically, this has the effect of isolating these measures on a single component. This is 

counterintuitive to the notion that poverty should contribute to concentrated 

disadvantage. The explanation lies in the spatial distribution of race and income in the 

study area. Minority populations are concentrated in block groups near the coast, but 

moderate to high poverty rates exists throughout the region. The inclusion of the income 

inequality measure on the fourth component suggests relative disadvantage exists in both 

the rural and urban portions of the study area. 
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Table 6  

PCA Eigenvalues, Factor Loadings, and Explanatory Variables 

Component (p) 
Eigenvalue 

(λp) 

Variance 

Explained 
Primary Variables 

Factor 

Loadings 

(Rkp) 

1. Concentrated 

Disadvantage  
5.758 38.386% 

Female-Headed 

Households 
0.8264 

      African American  0.7938 

      Minority Population 0.7778 

      Single Parent  0.6741 

2. Ethnic 

Heterogeneity  
2.382 15.880% Hispanic Population  0.9784 

      Ethnic Heterogeneity 0.9781 

3. Residential 

Instability 
1.412 9.416% Renter Occupied  0.8653 

      Moved in Last 5 Years  0.8629 

   Racial Heterogeneity 0.5626 

   Population Density  0.5069 

4. Economic 

Inequality 
1.297 8.646% Poverty 0.7820 

   No HS Diploma 0.7493 

   Food Stamps  0.7346 

   Income Inequality 0.7000 

   
Service Occupations  0.5549 

Principal components for the Social Disorganization Index (SDI) determined via Kaiser Criterion and varimax rotation.   
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The method outlined in Jensen (2005), transformed the original dataset into a 

single Social Disorganization Score for each block group. The transformation formula 

shown in figure 22 represents the projection of the original dataset onto each 

component’s axes. The new block group social disorganization score (SDBG) is simply the 

sum of the eigenvectors (akp) for each component multiplied by the original value for 

each indicator (BV). The inclusion of eigenvectors in SDBG calculation serves to weight 

each variable by its contribution to each component. The sum of the SDBG values is a 

linear aggregation of the original dataset and is a unitless, social disorganization score 

(Jensen 2005; Wood, Burton, and Cutter 2010). A max-min rescaling converted these 

scores to the Social Disorganization Index (SDI). SDI values range from 0 to 1, with 

larger values indicating higher levels of social disorganization. 

𝑆𝐷𝐵𝐺 = ∑ 𝑎𝑘𝑝 BV  

 Transformation Formula for Principal Components Analysis 

Transformation formula to project the original dataset onto the principal components’ axes. Adapted from Jensen (2005). 

Hazus-MH  

Hazus-MH Overview  

Hazus-MH 4.2.1 (Hazus) is a hazard modeling software developed by FEMA for 

use in ArcGIS. The Hazus General Building Stock (GBS) inventory contains census 

block level infrastructure and land use data. The GBS inventory incorporates statistics 

from the US Census Bureau, the US Department of Commerce, the US Department of 

Energy, and Dun & Bradstreet. Among other information, the GBS contains estimates of 

building square footage, proportion of structure and land use types, and demographic data 

from the 2010 US Census (FEMA 2012a).  
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Hazus model results can provide loss estimates for several hazards including 

hurricane winds and coastal and inland flooding. Executing a model over a user defined 

study region returns results for infrastructure damage, debris generations, short-term 

shelter needs, and the number of displaced persons, among other parameters. US Army 

Corps of Engineers (USACE) damage functions calculate loss estimates in the GBS 

inventory. Hazus allows the user to perform increasingly detailed analysis to improve 

accuracy in the loss estimates. In a Level 2 or 3 analysis, the user can modify the GBS to 

reflect actual replacement costs or local tax values and the results are useful in 

expenditure justification such as cost-benefit assessment of mitigation measures (Shultz 

2017). Level 1 analysis with the default damage functions uses floodwater depth, wind 

speed, and land cover to estimate the percent damage to various structure types within a 

census block. The results of a level 1 analysis results are useful for comparative purposes 

within a region (Scawthorn, Flores, et al. 2006; Remo, Carlson, and Pinter 2012). 

Remo, Pinter, and Mahgoub (2016) performed a level 1 analysis to create a 

comparative Flood Vulnerability Index within the state of Illinois. The authors used 

infrastructure loss estimates to rank jurisdictions in terms of flood risk and created a 

social vulnerability index using principal components analysis. The total loss estimates 

and social vulnerability scores were highest around Chicago, where population and 

infrastructure density are greatest. Proportional flood vulnerability, however, was most 

extreme in rural areas. Thus, the socioeconomic impacts may be more severe and longer 

lasting in small communities (Remo, Pinter, and Mahgoub 2016). These results are 

especially relevant to coastal Mississippi, a region with a striking rural-urban divide and 

high socioeconomic diversity. 
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Hurricane 

The probabilistic hurricane model uses a 100,000-year simulated hurricane 

database and returns loss estimates for seven return periods/probabilities. Hazus searches 

the simulated storms affecting the study area for the maximum damage event at each 

return period. The wind speeds from these events and land cover are used to model loss 

estimates at the census tract level. It is possible that larger return period events may 

produce slower maximum wind speeds than more frequent events, although this is 

primarily an issue for large study regions (FEMA 2012b).  

This research executed a probabilistic hurricane model for Hancock, Harrison, 

and Jackson Counties. The models returned residential loss estimates as the percentage of 

square footage at or above each damage state in each census tract. Figure 23, from the 

Hazus technical manual, shows the qualitative descriptions for each damage state. 

Moderate damage indicates some roof and window failure and the associated water 

damage to living quarters (FEMA 2018). This research used the used percentage of 

residential square footage in each census block with “At Least Moderate” damage. 

 

 Hazus-MH Damage States for Residential Property  

Damages states descriptive table taken from the Hazus-MH Hurricane Model Technical Manual (FEMA 2012). 
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Riverine Flood 

Hazus generates a synthetic network of stream reaches by calculating flow 

direction over the DEM. Flow accumulation assigns a stream drainage area to each 

riverine segment. The user selects a minimum drainage area for analysis, between 0.25 

and 400 square miles. Selecting a smaller drainage area increases precision in the model 

at significant expense of processing time (FEMA 2012a). To reduce processing time and 

spurious precision in stream density, this research used the default drainage area of 10 sq. 

mi. (Muthukumar 2005; Qiu, Wu, and Chen 2010). Figure 24 shows the modeled stream 

reaches.  

Coastal Flooding  

The coastal flood model uses data from 100-year flood events as initial conditions 

and outputs models for several return periods. Hazus requires the user to segment the 

study area shoreline into areas of similar physical characteristics such as rocky bluff, 

sandy beach, or open wetland (FEMA 2012a). Figure 25 shows the user dialog box for a 

shoreline segment. Required parameters are the 100-year SWEL, wave setup, and 

significant wave height. The transect that is closest to the center of each county shoreline 

provided the 100-year SWEL values used in the models (ESRI 2018). The user can enter 

a significant wave height or use the default depth-limited value calculated in Hazus. The 

Harrison and Jackson County FIS list significant wave heights for each transect and do 

not include wave setup in the 100-year SWEL (FEMA 2009a, 2017a, 2017b). The 

Hancock County FIS does not report the significant wave height or wave setup.
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 Hazus-MH Riverine Model Stream Reaches 

Synthetic stream reaches used in the Hazus-MH riverine flood model.
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 Hazus Shoreline Characteristics User-Input 

Example user-input dialog box for the Hazus coastal flood model.  

Figure 26 shows the wave setup formula from the Hazus technical manual used to 

calculate the Hancock County parameters. SWEL is the 100-year still-water elevation, Ws 

is the wave setup, and Hs is the depth limited significant wave height calculated in Hazus. 

The degree of shoreline exposure dictates the coefficient in the Hs formula, meaning 

increasing exposure increases the modeled wave height at the shoreline. The coastal flood 

model used the recommended maximum exposure parameter, “Exposed, Open Coast” 

(fetch > 50 miles) parameter and a reference elevation of 0ft NAVD 88 (FEMA 2012a).  

𝐻𝑠 = 0.49(𝑆𝑊𝐸𝐿 − 𝑊𝑠)  

 Wave Setup Formula 

Wave setup for Hancock County was calculated using the significant wave height formula from the Hazus technical manual. 
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Table 7 shows the descriptive statistics for the 1% annual chance (100-Year) 

SWELs and the chosen model parameters. Given the small variation in SWELs within 

each county, the coastal flood models used a single shoreline segment for each county.  

Table 7  

Descriptive Statistics for 100-Year SWELs 

Statistic Hancock  Harrison  Jackson 

Total Transects  38 68 55 

Maximum 18.5ft  18.7ft 17ft 

Minimum 17.1ft 16.2ft  11.1ft 

Mean 17.8ft 17.8ft 14.7ft 

Standard Deviation 0.46ft 0.59ft 1.16ft 

Model SWEL 17.8ft 18.2ft 11.1ft 

Significant Wave 

Height  
8.7ft 7.7ft 4.5ft 

Descriptive statistics for the 100-year SWEL values taken from FEMA FIS. All elevations are in feet NAVD 88.  

The coastal and riverine flood models return the Flood Depth Grids (FDG) as a 

raster dataset. Integer values in the FDG are the modeled water depth above the reference 

elevation (0ft NAVD88) for each cell. Figure 27 shows the spatial extent of the FDG. 

Hazus uses the FDG in the USACE damage functions to model residential damage. The 

flood models return results as the number of residential square footage per census block. 

Figures 28, 29, and 30 show the percent of residential square footage with “At Least 

Moderate” damage in each suitable census block. 
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 Riverine and Coastal Models 100-Year Flood Extent 

Spatial extent of the 100-year probabilistic flood depth grid for both the riverine and coastal flood models.  
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 Hurricane Model Damage Estimates 

Hazus-MH hurricane model residential damage estimates within suitable census blocks, Jenks Classification. Percentages are the proportion of residential square footages with “At Least 

Moderate” damage.  
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 Riverine Flood Model Damage Estimates  

Hazus-MH Riverine flood model residential damage estimates within suitable census blocks, Jenks Classification. Percentages are the proportion of residential square footages with “At Least 

Moderate” damage.  
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 Coastal Flood Model Damage Estimates  

Hazus-MH coastal flood model residential damage estimates within suitable census blocks, Jenks Classification. Percentages are the proportion of residential square footages with “At Least 

Moderate” damage.  
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Offender Support Services  

A Python script (Appendix C) obtained business name and addresses from the 

Mississippi Reentry Guide (FMS 2015) and wrote those locations to a.csv file. The 

United States Probation and Pretrial Services office in Gulfport provides similar 

information for federal offenders as a pdf (MSSP 2018). An internet search cross-

referenced the addresses to check for business closures, address formatting errors, and 

additional service locations. Geocoding the addresses with the ArcGIS World Geocoding 

Service in ArcMap resulted in a 98% match rate and returned 89 offender support 

services in the study area. A second python script (Appendix D) projected the point 

shapefile and reclassified the offender support services into nine categories based on the 

type of service provided: Probation and Parole Offices, Food and Clothing, Criminal 

Justice, Education and Life Skills, Employment, Health, Public Libraries, Shelter, and 

Substance Abuse Treatment. 

The conditions of probation and parole require offenders to visit their community 

supervision officer on a regular basis. In areas like coastal Mississippi with sparse public 

transportation, travel presents an issue for offenders without access to a personal vehicle. 

In examining the availability of offender support services, this research measured the 

distance from disorganized neighborhoods to local community supervision offices. The 

feature to point tool in ArcMap identified block group centroids within each county. The 

near tool found the closest community supervision office and calculated the Euclidean 

distance. This research used Manhattan distance to approximate travel route distance 

from each disorganized neighborhood.  
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Methodology Summary 

The goals of this research were to model offender residential patterns and 

physically vulnerable areas and to test the spatial relationship to offender support services 

and neighborhood crime rates. This chapter first described a vector data-based suitability 

analysis to identify residential census blocks. This chapter next presented the 

methodology for creating a statistical proxy of social disorganization using neighborhood 

characteristics. The third section detailed using hurricane and flood models in Hazus-MH 

to estimate the proportion of residential damage for the 100-year returned period. The 

final section described geocoding offender support services in the study area. The next 

chapter details the results of these analyses. 
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CHAPTER V – RESULTS 

Overview 

This chapter first discusses the results of the social disorganization model as a 

proxy for offender residential patterns and describes the spatial distribution and 

socioeconomic characteristics of disorganized neighborhoods. The second section details 

the Hazus-MH results and discusses the spatial distribution of modeled residential 

damage in the study area. The third section describes the location and availability of 

offender support services in each of the three counties. Finally, the chapter describes the 

spatial relationships between disorganized neighborhoods, physical vulnerability, and 

local crime rates.  

Social Disorganization Model 

This research used natural breaks (Jenks) classification of the SDI to identify 

disorganized neighborhoods. Jenks creates class breaks at the largest differences between 

values, highlighting inherent clusters within the data. Figure 31 shows the spatial 

distribution of the SDI using Jenks classification. Most of the study area exhibits low or 

medium social disorganization. The low SDI class contains 135 block groups, the 

medium classification has 88 block groups, and the high SDI class contains 41 block 

groups. In relating neighborhood characteristics to the presence of offenders, the upper 

SDI class represents the most disorganized neighborhoods. Of these neighborhoods, 24 

block groups are in Harrison County and 17 block groups are in Jackson County. 
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 Social Disorganization Index  

Social Disorganization Index (SDI), Jenks Classification.  



 

76 

 In total, 54,408 people live in disorganized neighborhoods. Social 

disorganization is exclusive to the coastal section of the study area, although the 

proportion of the population living in disorganized neighborhoods varies considerably. 

Table 8 details the affected population within each of the coastal cities. 

Table 8  

Disorganized Neighborhood Populations 

City 
Disorganized 

Block Groups 

Disorganized 

Neighborhood 

Population 

Total City 

Population 

Percent of Total 

City Population 

Gulfport 13 17,056 71,265 23.93% 

Biloxi 8 9,478 45,271 20.94% 

D’Iberville 3 6,139 10,829 56.69% 

St. Martin 3 5,630 8,245 68.28% 

Ocean 

Springs 
2 1,859 17,547 10.59% 

Gautier 1 1,263 18,541 6.81% 

Moss Point 3 3,766 13,652 27.59% 

Pascagoula 8 9,217 22,163 41.59% 

Total 41 54,408 207,513 26.22% 

 Affected populations for the upper SDI class using Jenks classification. (US Census Bureau, 2016 ACS 5-year estimates).  
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Gulfport  

Figure 32 shows the spatial distribution of disorganized neighborhoods in 

Gulfport. Social disorganization in northern Gulfport is present four block groups north 

of Interstate 10 and east of Highway 49. The area is largely residential, and households 

are 38.6% renter occupied, with 37.6% having moved in 2010 or later. Female-headed 

households are 29.6% of the total, although the rate of single-parent households is much 

lower at 19.0%. The average poverty rate is 18.6%, 16.9% of residents do not have a high 

school diploma, and 16.3% of employed persons work in service occupations. There is 

little income inequality with surrounding block groups (LII = 1.05). Racial heterogeneity 

is high (HI = 0.48) as minorities are 45.8% of the total population.  

In coastal Gulfport, social disorganization appears in block groups adjacent to the 

NCBC. This area has a high proportion of female-headed households (38.2%), and a 

large minority population (79.6%). High school completion rates are better than the state 

average, but 19.9% of employed people work in service occupations. Households are 

equally renter and owner-occupied, although 50.8% of residents have moved within the 

last five years. The poverty rate is 37.2% and 21.2% of households receive food stamps.  

South of GPT, four block-groups show high social disorganization. There is no 

income inequality (LII= 0.98) although the poverty rate is 21.5% and 21.2% of 

households receive food stamps. High school completion rates are above the state 

average and 19.9% of employed people work in service occupations. The area is mostly 

single-family homes, although there are some mobile home communities and apartment 

complexes. Renter occupied households are 61.5% of the total with the same proportion 

having moved in 2010 or later.  
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 Gulfport Social Disorganization Index  
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In the block group south of Big Lake, income inequality is slightly higher than in 

the area around GPT (LII = 1.35). The poverty rate is 20.0%, 16.0% of residents do not 

have a high school diploma, and 10.1% of employed persons work is service occupations. 

Apartments near the Mississippi Gulf Coast Community College (MGCCC) Jefferson 

Davis Campus likely influence residential instability rates. In this area, 93.2% of 

households are renter occupied and 81.3% have moved within the last 5 years. 

Biloxi 

Figure 33 shows the spatial distribution of disorganized neighborhoods in Biloxi. 

The most disorganized neighborhood in Biloxi is also adjacent to the MGCCC campus. 

Most indicators are on par with the county average, although there is some income 

inequality with adjacent block groups (LII = 1.27). Residential instability is the largest 

contributor to social disorganization. There are numerous apartment complexes in this 

neighborhood and all the households are renter occupied with 88.7% of residents have 

moved within the last five years. This is likely due to the presence of students, rather than 

military residents as active duty service members are only 1.1% of the total block group 

population.  

High SDI values are present in 6 block groups around KAFB. The block group 

south of Bayou Laporte has high residential instability as 83.2% of households are renter 

occupied and 71.0% moved in 2010 or later. This is in part due to the large proportion of 

military members residing in this neighborhood. The 224 active duty service members in 

this block group represent only 14.9% of the total population but make-up as many as 

44.5% of the total households. The remaining five disorganized block groups near KAFB 

have no military residents, yet the majority (65.5%) of homes are renter-occupied and 
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53.9% of residents moved within the previous five years. Collectively, income inequality 

is moderate (LII = 1.22) but the average poverty rate is 34.9%, and 34.4% of households 

receive food stamps.  

A single block group in eastern Biloxi has a high SDI value. The neighborhood 

has low residential instability as only one-third of homes are renter occupied or moved 

within the past five years. Instead, a large minority population (89.4%) and a prevalence 

of female-headed households (39.2%) contribute social disorganization.  

 

 Biloxi Social Disorganization Index  
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D’Iberville and St. Martin 

Figure 34 shows the spatial distribution of disorganized neighborhoods in 

D’Iberville and St. Martin. Social disorganization occurs in 6 block groups near the I-10 

and I-110 corridors. These neighborhoods have small minority populations (33.7%) but 

moderate racial heterogeneity (HI = 0.48). There is some residential instability as renter 

occupied households are 44.4% of the total and 46.9% of households moved within the 

last five years. The average poverty rate is comparatively low at 15%, although 23.3% of 

households receive food stamps. High school completion rates are high, but 23.0% of the 

population works in service occupations. LII values range from 0.71 to 1.44, indicating 

that mean income varies significantly between adjacent block groups. 

 

 D’Iberville and St. Martin Social Disorganization Index  
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Ocean Springs 

Figure 35 shows social disorganization in Ocean Springs. There are two 

disorganized block groups in the area south of Highway 90. Female-headed households 

are 25.2% of the total, 8.5% are single parent households, and 10.9% receive food 

stamps. The poverty rate is relatively low at 10.9%. Racial minorities are 32.2% of the 

total population and there is no Hispanic population. Renter occupancy rates are 

moderate (38.1%) and 42.1% of households moved in 2010 or later. Mean income here 

exceeds $53,000, but the LII value is 1.39. Social disorganization here results from 

moderate levels of economic inequality, driven by a six-figure mean income in a nearby 

block group. 

 

 Ocean Springs Social Disorganization Index  
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Gautier 

Social disorganization near Shepard State Park in Gautier results from a 

prevalence of all 15 indicators (Figure 37). Student apartments near the MGCCC Jackson 

County campus likely influence the socioeconomic characteristics of the block group. Of 

the total households, 47.4% live below the poverty line, greater than 45% are female-

headed or single-parent, and 65.8% receive food stamps. Residential instability is high as 

76.8% households moved within the last five years and 65.5% of homes are renter 

occupied. African Americans comprise 53.2% of the total population. Ethnic 

heterogeneity is high (HI = 0.48) as 42.5% of residents are Hispanic.  

 

 Gautier Social Disorganization Index  
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Moss Point 

Social disorganization in Moss Point is present in three block groups north of 

Highway 90 (Figure 38). Of the total households, 25.6% are female-headed, but less than 

8% are single parent. The poverty rate is 29.4% and income inequality is low (LII = 

1.03). High school completion rates are better than the state average and 13.3% of 

employed people work in service occupations. A large minority population and 

residential instability contribute to social disorganization in this area. Racial 

heterogeneity is low (HI = 0.07) because 96.0% of the population is African American. 

Renter occupied homes are 37.6% of the total and 39.8% of residents moved after 2010.  

 

 Moss Point Social Disorganization Index  
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Pascagoula 

Figure 39 shows disorganized neighborhoods in Pascagoula. Concentrated 

disadvantage and residential instability contribute to social disorganization around 

Pascagoula High School (PHS). The neighborhoods here have a prevalence of female-

headed (31.6%) and single-parent (20.1%) households. Renter occupied homes are 56.6% 

of the total and 41.6% of residents moved within the last five years.  

Social disorganization is present around the Lakeside Naval Support Facility 

(LNSF) on Chicot Avenue. Residential instability is high as 48.9% of households are 

renter-occupied, and 51.3% have moved in 2010 or later. The poverty rate of 17.4% is on 

par with the county averages, although 26.7% of households receive food stamps. The 

presence of a military facility is unlikely to impact the neighborhood socioeconomic 

characteristics, as less than 1% of permanent residents are active duty military members.  

The block group bordering Pascagoula Bay has a prevalence of single parent 

households (24.6%), although only 13.5% are female-headed. The poverty rate is 28.7% 

and 28.5% of households receive food stamps. Racial heterogeneity is high (HI = 0.61), 

and 32.6% of the population is African American. Residential instability results from the 

presence of several apartment complexes. Renter occupied households are 47.9% of the 

total and 49.0% of residents moved within the previous five years. 

 Social disorganization around Cherokee Elementary School (CES) results from 

economic inequality. Although high school completion rates are high and only 11.4% of 

employed persons work in service occupations, the poverty rate is 48.45%. Income 

inequality (LII=1.74) results from a mean income three times higher in neighboring block 

groups. 
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 Pascagoula Social Disorganization Index  
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Hazus-MH Models  

To match the scale of the socioeconomic data, the damage estimates and the total 

residential square footage were dissolved to the block group. To account for possible 

spurious precision in the damage estimates, “affected” block groups are considered to 

have at least 0.1% damage. Table 9 shows the descriptive statistics for each of three 

model results in the affected block groups. As expected, hurricane winds impact the 

entire study area, while flooding is present in fewer block groups.  

Table 9  

Descriptive Statistics for Block-Group Level Hazus-MH Damage Estimates 

Statistic Hurricane Riverine  Coastal  

Affected Block 

Groups  
264 91 30 

Maximum 78.83% 49.48% 0.50% 

Minimum 0.23% 0.10% 0.11%  

Mean 31.34% 3.31% 0.21% 

Standard  

Deviation 
23.04% 6.06% 0.11% 

Block-group level damage estimates for the percent of residential square footage with “At Least Moderate” damage 

This research used Jenks classification of the Hazus damage estimates to identify 

the most at-risk areas. Table 10 details the residential damage intervals for each of the 

three models. Figures 40, 41, and 42 show the spatial distribution of the damage 

estimates using Jenks classification. 
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Table 10  

Hazus-MH Residential Damage Estimates, Jenks Classification 

Residential 

Damage  
Hurricane  Riverine  Coastal  

Low 0.23% - 18.75% (93) 0.0% - 4.71% (249) 0.0% (234) 

Medium 18.76 % - 46.53% (97) 4.72 % - 20.67% (14) 0.01 % - 0.23% (22)  

High > 46.53 % (74) > 20.67% (1) > 0.23 % (8) 

Low, medium, and high residential damage estimates for the Hazus-MH model results, Jenks Classification. The number of block 

groups in each class are shown in parentheses.  

Hazus returned hurricane loss estimates for the entire study area (Figure 40). 

Damage ranges from 0.23% to 78.8%. The highest damage estimates (> 46.5%) are in 

neighborhoods along the coast in Harrison and Jackson Counties. Damage is low in 93 

block groups in both the rural and urban portions of the study area.  

Riverine flood damage estimates are present in 91 block groups (Figure 41). In 

Harrison County, damage is minimal along the Wolf River (3.5%), the Little Biloxi River 

(.54%), and the Back Bay of Biloxi (4.1%). In northern Gulfport and Biloxi, damage 

along the Biloxi River ranges from 8.0% to 9.1%. Residential damage is moderate 

(13.2%) surrounding the southward flowing reach of the Tchoutacabouffa River, near the 

Jackson County line. South of Bernard Bayou in Gulfport, the damage estimate is 20.1%. 

In northern Jackson County, flood damage is minimal (1.5%) around Black Creek, and 

slightly higher (8.5%) near the Pascagoula River. Flooding along the Escatawpa River 

produced damage in parts of Helena (13.1%) and in eastern Moss Point (10.7%). The 

maximum riverine damage (49.48%) is in Hancock County along the Jordan River.  



 

89 

The coastal flood model returned damage in 30 of 264 block groups (Figure 42). 

Damage estimates from the coastal flood model are generally low and show little 

variation throughout the study area. This is unsurprising, as residential development in 

coastal flood zones is typically mitigated to NFIP regulations. The largest percent of 

residential damage in the study area occurs in Hancock County, west of Bay St. Louis in 

the Shoreline Park community (0.50%), outside of Waveland around Bayside Park 

(0.41%), and in the rural area around the Jordan River between Kiln and Diamondhead 

(0.37%). 



 

 

9
0
 

 

 Hurricane Model Damage Estimates, Block Groups  

Hazus-MH hurricane model residential damage estimates aggregated to block groups, Jenks Classification. Percentages are the proportion of residential square footage with “At Least 

Moderate” damage  
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 Riverine Model Damage Estimates, Block Groups 

Hazus-MH hurricane model residential damage estimates aggregated to block groups, Jenks Classification. Percentages are the proportion of residential square footage with “At Least 

Moderate” damage 
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 Coastal Flood Model Damage Estimates, Block Groups  

Hazus-MH coastal flood model residential damage estimates aggregated to block groups, Jenks Classification. Percentages are the proportion of residential square footage with “At Least 

Moderate” damage 
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Offender Support Services 

There are nine categories of offender support services: Probation and Parole 

Offices, Food and Clothing, Criminal Justice, Education and Life Skills, Employment, 

Health, Public Libraries, Shelter, and Substance Abuse Treatment. Food and clothing 

providers include faith-based organizations, food pantries, and thrift stores. The criminal 

justice category is the local police departments. The education and life skills category 

includes local organizations such as Families First for Mississippi (FFFM) that provide 

GED preparation, career counseling, and basic adult education. Shelters include domestic 

violence refuges and day shelters. Substance abuse treatment includes inpatient and 

outpatient service providers. The health category includes community health centers, free 

clinics, and mental health providers. Of particular interest is the availability of support 

services within each county and the travel distance to local community supervision 

offices. Supervision conditions can prevent offenders from traveling outside their county 

of residence and travel to area community supervision offices presents significant 

challenges for offenders without access to a personal vehicle. Table 11 details the number 

of services by category in each of the three counties.  

The MDOC Hancock County Probation and Parole Office is in Bay St. Louis. 

There are no shelters or treatment centers in Hancock County but there are health services 

available in Bay St. Louis. There are no employment agencies although there are five 

public libraries with computers available for public use. The Hancock County Library 

System also provides free life skills classes and tax preparation (HCLS 2019a). The 

FFFM in Bay St. Louis provides parenting, life skills, workplace training, and anger 
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management classes (FFFM 2018). Regarding food and clothing, the local Goodwill is in 

Waveland and the Hancock County Food Pantry is in Bay St. Louis.  

The Harrison County Probation and Parole Offices are in Gulfport and Biloxi, an 

average of 3.67 Manhattan miles from disorganized neighborhoods. There are community 

health centers throughout the county. Mental health services are available in Gulfport and 

Biloxi, and there is a substance abuse treatment center in Gulfport. The day shelter and 

women’s domestic violence center are both in Biloxi. The Harrison County Library 

System has seven public libraries with public computer access and routinely offers free 

community events (HCLS 2019b). The FFFM centers in Gulfport and Biloxi provide life 

skills classes and a computer lab for client use (FFFM 2018). There are eight food and 

clothing providers in Gulfport and Biloxi including two faith-based organizations, food 

pantries, and Salvation Army and Goodwill stores. 

The Jackson County Probation are Parole Office is in Pascagoula, meaning 

offenders in Gautier and St. Martin must travel a significant distance to meet with their 

community supervision officer. There are community health centers in Pascagoula, Moss 

Point, and Vancleave. The food pantries in Jackson County are in Pascagoula and Ocean 

Springs. The day shelter is in Moss Point and the women’s domestic violence center is in 

Pascagoula. A faith-based, inpatient, substance abuse treatment facility is in Vancelave. 

The free clinic is in Ocean Springs and the local health department is in Pascagoula. The 

FFFM center in Moss Point provides life skills and childcare classes (FFFM 2018). The 

Jackson George Regional Library System has seven locations, each providing community 

events and computer access (JGRLS 2019). 



 

95 

Table 11  

Offender Support Service Availability by County  

  Hancock  Harrison  Jackson Total 

Health  2 23 7 32 

Food & Clothing 2 8 3 13 

Criminal Justice 2 8 5 15 

Education & Life 

Skills  
1 5 1  7 

Employment  0 3 1 4 

Public Libraries  5 7 5 17 

Substance Abuse 

Treatment  
 0 1 1 2 

Shelter   0 3 3 6 

Probation & 

Parole Office  
1 2 1 4 

Offender support services by type and county (FMS, MSSP 2018) 

 

Crime Rates  

This research asked whether disorganized neighborhoods have a higher instance 

of criminal activity. Block group level data was available for seven FBI Uniform Crime 

Report (UCR) offenses: murder, robbery, assault, sexual assault, burglary, larceny, and 

motor vehicle theft. Figures 43-49 show the spatial distribution of each crime type using 

Jenks classification.
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 Study Area Murder Rates  

Block -group level murder rates, Jenks Classification (ESRI Demographics 2018). 
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 Study Area Sexual Assault Rates  

Block -group level sexual assault rates, Jenks Classification (ESRI Demographics 2018). 
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 Study Area Robbery Rates  

Block -group level robbery rates, Jenks Classification (ESRI Demographics 2018). 
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 Study Area Assault Rates  

Block -group level assault rates, Jenks Classification (ESRI Demographics 2018). 
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 Study Area Burglary Rates  

Block -group level burglary rates, Jenks Classification (ESRI Demographics 2018). 
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 Study Area Larceny Rates  

Block -group level larceny rates, Jenks Classification (ESRI Demographics 2018). 
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 Study Area Motor Vehicle Theft Rates  

Block -group level murder motor vehicle theft, Jenks Classification (ESRI Demographics 2018).
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Spatial Relationships 

Social Disorganization and Hazard Vulnerability  

A primary goal for this research was to measure whether offenders tend to live in 

areas at risk from coastal hazards. Pearson’s correlation tested the Social Disorganization 

Index (SDI) for bivariate relationships with the Hazus damage estimates. The results 

show the SDI has a small inverse relationship with coastal (r = -0.18) and riverine 

flooding (r = -0.20), and a small, positive (r = 0.22) relationship to hurricane damage.  

Flood risk is negligible in most of the disorganized neighborhoods in the study 

area. Most block groups show minimal or nonexistent coastal damage estimates, although 

four neighborhoods are at moderate risk. Riverine damage estimates are missing or 

insignificant in all but one disorganized neighborhood. In northern Gulfport, around the 

Flat Branch distributary of the Bernard Bayou, riverine damage is moderate. Low 

hurricane damage is present in 12 block groups, 10 are at moderate risk, and 19 

disorganized neighborhoods are at high risk. Table 12 details the affected population. 

Figures 50 - 52 display the SDI and damage estimates on a bivariate choropleth map. 

Table 12  

Coastal Hazards - Affected Population in Disorganized Neighborhoods 

  Hurricane  Riverine  Coastal  

Low 14,246 51,525 48,467 

Medium 12,664 2,883 5,941 

High 27,498 0 0 

Affected population in disorganized neighborhoods for each damage class. 
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 Bivariate Choropleth Map, SDI and Coastal Damage Estimates   

Bivariate choropleth map of the Social Disorganization Index (SDI) and Coastal Damage Estimates, Jenks classification. 
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 Bivariate Choropleth Map, SDI and Riverine Damage Estimates   

Bivariate choropleth map of the Social Disorganization Index (SDI) and Riverine Damage Estimates, Jenks classification. 
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 Bivariate Choropleth Map, SDI and Hurricane Damage Estimates  

Bivariate choropleth map of the Social Disorganization Index (SDI) and Hurricane Damage Estimates, Jenks classification. 
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Social Disorganization and Neighborhood Crime Rates 

Pearson’s correlation tested the Social Disorganization Index (SDI) for bivariate 

relationships with each of the UCR offenses. Table 13 shows the detailed results 

including correlation coefficients, t-test statistics, and associated p-values for each crime 

type. Figures 53-59 display the SDI and crime rates on a bivariate choropleth map. At the 

tri-county scale, the SDI is moderately related to rates of sexual assault, burglary, and 

larceny and there is a small relationship to rates of murder, robbery, assault, and motor 

vehicle theft.  

Table 13 Social Disorganization and Neighborhood Crime - Pearson’s Correlation  

Offense Type  
Pearson’s Correlation 

(r) 
t-test Statistic  p-value 

Murder 0.16 2.57 0.011027 

Sexual Assault 0.39 6.89 <.00001 

Robbery 0.16 2.68 0.007884 

Assault 0.29 4.87 <.00001 

Burglary 0.30 5.18 <.00001 

Larceny 0.30 5.07 <.00001 

Motor Vehicle 

Theft 
0.13 2.21 0.28178 

Results of Pearson’s correlation tests for the Social Disorganization Index (SDI) and seven crime types. 
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 Bivariate Choropleth Map, SDI and Murder Rates 

Bivariate choropleth map of the Social Disorganization Index (SDI) and murder rates, Jenks classification.  
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 Bivariate Choropleth Map, SDI and Sexual Assault Rates 

Bivariate choropleth map of the Social Disorganization Index (SDI) and sexual assault rates, Jenks classification. 
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 Bivariate Choropleth Map, SDI and Robbery Rates 

Bivariate choropleth map of the Social Disorganization Index (SDI) and robbery rates, Jenks classification. 

  



 

 

1
1
1

 

 

 Bivariate Choropleth Map, SDI and Assault Rates 

Bivariate choropleth map of the Social Disorganization Index (SDI) and assault rates, Jenks classification. 
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 Bivariate Choropleth Map, SDI and Burglary Rates 

Bivariate choropleth map of the Social Disorganization Index (SDI) and burglary rates, Jenks classification. 
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 Bivariate Choropleth Map, SDI and Larceny Rates 

Bivariate choropleth map of the Social Disorganization Index (SDI) and larceny rates, Jenks classification. 
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 Bivariate Choropleth Map, SDI and Motor Vehicle Theft Rates 

Bivariate choropleth map of the Social Disorganization Index (SDI) and motor vehicle theft, Jenks classification. 
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CHAPTER VI – DISCUSSION AND CONCLUSIONS 

Overview 

This chapter first discusses the results presented in the previous chapter and 

provides the conclusions and implications of this research. The second section 

acknowledges the limitations to this project. Finally, this chapter describes the avenues of 

future research resulting from this thesis.  

Discussion 

Assessing a group’s unique vulnerability to hazards is an established paradigm in 

human geography. The heart of geographical vulnerability research is the concept that 

hazardous events disproportionately impact certain individuals and communities. The 

social vulnerability literature has identified numerous marginalized groups with unique 

impediments to recovery, including minorities and those with reduced socioeconomic 

status. External factors, such as biased development and long-term societal ostracization, 

often place these communities in the most-at risk areas.  

This study highlights the unique vulnerability of the offender population. 

Offenders have reduced socioeconomic status and live in marginalized neighborhoods. 

The conditions of probation and parole may exacerbate limited opportunity by imposing 

mobility restrictions. During a hazard event, offenders have legal considerations 

regarding their evacuation. Mapping social disorganization as a proxy for offender 

residential patterns is thus useful to both emergency management and community 

corrections operations.  

The spatial and social disparities in vulnerability and resilience have important 

implications for emergency management. This research has shown that disorganized 
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communities are home to socially vulnerable populations. Identifying disadvantaged 

neighborhoods helps officials develop community-specific risk reduction strategies. In 

areas with reduced socioeconomic conditions, the homes may need structural mitigation 

and residents often lack the resources to recover from a hazardous event. For residents 

with mobility limitations, emergency mangers can employ localized evacuation 

assistance. In culturally diverse neighborhoods, residents may have a language barrier or 

unique risk perception that impacts the effectiveness of crisis communication. Mapping 

ethnic heterogeneity shows emergency managers where to develop targeted risk 

communication plans. Hazard modeling helps emergency managers predict local hazard 

conditions and develop specialized mitigation strategies for underprivileged 

communities.  

 Understanding offender vulnerability has significant applications for community 

corrections operations. Poverty, race, reduced social capital, lack of gainful employment, 

and living in an underserved neighborhood all contribute to increased vulnerability, 

reduced resilience, and a greater likelihood of recidivism. This means addressing hazard 

vulnerability may also lead to more positive reentry outcomes.  

The first goal of this research was to document how the supervision conditions 

change during a state of emergency. In regard to state-supervised offenders, this 

information was not available during the timeline of this research. The United States 

Probation and Pretrial Services office in Gulfport provides a publicly available EOP for 

federal probationers. The federal supervision conditions require offenders to provide the 

address of a friend or family member who may temporally provide shelter. During an 

evacuation, offenders must report their new location to their supervising officer within 24 



 

117 

hours, even if they are subject to electronic monitoring. Should that officer prove 

unavailable, the offender must report their presence to the closest federal probation 

office. The federal EOP also states violent and sex offenders must notify local law 

enforcement and emergency shelter management of their arrival (MSSP 2018a).  

This project sought to identify offender residential patterns using the 

socioeconomic characteristics of social disorganization. Principal component analysis 

(PCA) created the Social Disorganization Index (SDI) for block groups in the study area. 

The results identified 41 disorganized neighborhoods where offenders are likely to reside. 

These communities occur exclusively in the coastal cities and exhibit reduced 

socioeconomic conditions.  

This research next identified the areas most at-risk from coastal hazards and 

examined general trends in the relationship of social disorganization to physically 

vulnerable areas. Hazus-MH hurricane wind and coastal and riverine flood models 

estimated residential damage for the 100-year return period. There is some relationship to 

the level of social disorganization and hurricane damage in the study area. This is 

primarily because hurricane damage is greatest in the coastal areas, although there is little 

variation in risk throughout the study area. Burton (2010) found similar results when 

modeling the effects of Hurricane Katrina in coastal Mississippi, although this is 

primarily due to the scale of analysis. Hurricane wind speeds, and thus modeled damage 

estimates, are unlikely to vary significantly within the tri-county area.  

Several authors have shown disadvantaged populations are disproportionately at 

risk from flooding. Ueland and Warf (2006) found minorities in the US south tend to live 

near riverine floodplains, but outside of coastal flood zones. Walker and Burningham 
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(2010) showed women and those living in poverty suffer more adverse health risks and 

take longer to recover from floods. Sayers, Penning-Rowsell, and Horritt (2018) showed 

flood risk is geographically isolated to disadvantaged communities in both coastal cities 

and rural areas. The results of the present study show mixed agreement with the extant 

literature, instead finding that disorganized neighborhoods are at a lower risk of floods, at 

least along the Mississippi Gulf Coast. This divergence from the literature can best be 

explained by local flood zone regulations and development patterns.  

Comparison of SDI and flood damage estimates reveals there is little risk from 

coastal or riverine flooding in disorganized neighborhoods. Generally, there is a negative 

relationship between costal flood risk and social disorganization. The NFIP regulations 

require structures in the coastal flood zone to be elevated above the 100-year stillwater 

elevation, protecting waterfront property from damage during 1% annual chance flood 

events. Ueland and Warf (2006) showed that minorities tend to live outside the coastal 

flood zone, as the lowest lying residential areas are also the most desirable. In beachfront 

communities like those of the Mississippi Gulf Coast, underprivileged populations are 

unlikely to reside in waterfront neighborhoods.  

Comparison of the SDI to riverine damage estimates also shows an inverse 

relationship. Primarily, the NFIP regulations prevent encroachment of residential 

property into the 100-year floodplain, meaning damage is minimal during 1% annual 

chance events. Disorganized neighborhoods in coastal Mississippi are located near the 

coast, but riverine flood damage is possible throughout the study area, meaning urban 

populations are not at disproportionate risk. Regarding local development, riverfront 

neighborhoods in coastal Mississippi are often home to wealthier populations. 
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This research next asked whether disorganized neighborhoods have a higher 

instance of reported criminal activity. The crux of community supervision standards is 

the fact that most offenders recidivate. Routine activity theory states offenders more often 

pursue the nearest criminal opportunity. Relating social disorganization to neighborhood 

crime rates can help community supervision officials assess recidivism risk in the 

offender population. More importantly, offenders who live in criminogenic 

neighborhoods are likely to become victims themselves.  

Pearson’s correlation of the SDI and seven crime types produced mixed results. 

At the tri-county scale, the SDI is moderately related to rates of sexual assault, burglary, 

and larceny, and has a small relationship to murder, robbery, assault, and motor vehicle 

theft. Generally, this means crime rates increase with social disorganization, although the 

spatial distribution of the SDI and local development patterns explain most of the 

variation in these relationships. Several latent factors outside the scope of this research 

also influence neighborhood crime rates. Land use type, the level of police activity, or the 

presence of illegal markets can all effect criminal activity. 

Disorganized neighborhoods are exclusively in the coastal cities, as are the 

highest rates of burglary, robbery, and larceny. Property crimes are more ubiquitous in 

commercial areas and the highest rates in the study area occur in developed areas near the 

coast. At the tri-county scale, the proportion of commercial property in a block group 

strongly relates to an increase in total property crimes. Similarly, the presence of casinos 

and other crime generators along the waterfront may increase the number of attractive 

robbery targets. Property crime patterns in coastal Mississippi are most likely a function 

of development, rather than the presence of nearby residences of offenders. 
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Motor vehicle theft is the least prevalent of all crime types and the highest rates 

are in eastern Biloxi. Only one block group in the area exhibits social disorganization, 

meaning motor vehicle theft likely results from the presence of crime generators, rather 

than neighborhood characteristics. Casinos along Highway 90 provide criminal 

opportunity by attracting large numbers of patrons, many of whom will leave their cars 

unattended for extended periods of time.  

Rates of sexual assault have the strongest relationship to social disorganization. 

Given that most sexual assault goes unreported, it’s likely the correlation is much 

stronger. Female-headed households are a key contributor to the SDI, meaning there are a 

larger number of potential victims in disorganized neighborhoods. At the tri-county scale, 

there is no relationship (r = 0.08) between rates of sexual assault and the proportion of 

female-headed households. This suggests female residents of disorganized neighborhoods 

may be significantly more likely to become victims of sexual assault.  

The highest rates of murder and assault are present in both rural and urban areas, 

limiting the relationship to the SDI. Crime attractors and generators have less influence 

on murder and assault than property crimes, as violent crime usually results from some 

existing personal relationship. Regarding neighborhood characteristics, much of the tri-

county area has poverty rates above the state average. The criminology literature has 

continually identified a correlation between poverty and violet crime within numerous 

study regions and at different spatial scales. Coastal Mississippi is no exception, as 

poverty has a strong bivariate relationship to murder and assault at the tri-county scale.  

This research also examined whether offenders have access to support services 

within their county of residence. Local libraries can be invaluable to offenders by 
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providing computer access for employment applications. Fortunately, there are libraries 

throughout coastal Mississippi, including the rural areas around Saucier, Kiln, and 

Hurley. Food and clothing resources are slightly less prevalent, requiring offenders to 

travel to Bay St. Louis, Gulfport, Biloxi, Ocean Springs, or Pascagoula to visit a food 

pantry or free/reduced cost clothing opportunity. Community supervision conditions 

often require life skills courses including anger management, parenting, or GED classes. 

This research revealed few locations for these services, although it is assumed 

community corrections offices would provide their caseloads with such information. 

The conditions of probation and parole require offenders to attend regular 

meetings with their supervision officer. This research examined the distance to local 

probation and parole offices from disorganized neighborhoods. The results show 

offenders are likely to live a significant distance from their supervisory office. On 

average, offenders do not live within walking distance of the nearest location, leaving 

them to rely on friends and family or public transportation.  

The Coast Transit Authority (CTA) has bus routes throughout Harrison County, 

providing ample public transportation for residents of disorganized neighborhoods. CTA 

also provides free transportation to emergency shelters during a hurricane evacuation. 

While there is a bus route through St. Martin and Ocean Springs, it appears there is no 

public transportation in Gautier, Moss Point or Pascagoula. Offenders in Jackson County 

are thus left to rely on friends and family when traveling to supervision meetings, 

required classes, or support services.  
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Limitations  

This thesis focused on identifying hazardous locations and a socially vulnerable 

population. In analyzing demographic variables, the scale of analysis is limited to 

available data. The Modifiable Areal Unit Problem (MAUP) impacts the spatial 

distribution of socioeconomic variables because descriptive statistics can vary at different 

spatial units or scales of analysis. This research used data from the US Census Bureau 

2016 block-group level ACS estimates, meaning the scale of analysis is limited to the 

enumeration unit. Similarly, geographic phenomena are not confined to geopolitical 

boundaries. This research considered the three counties of the Mississippi Gulf Coast. 

Conducting this analysis with different aggregation levels or within a different study 

region may produce variation in the results.  

Block-group level crime data was taken from ESRI demographics and uses 

statistics from the FBI Uniform Crime Reports (UCR). For incidents to be included in the 

UCR measure, the victim must report it to the authorities and that law enforcement 

agency must participate in the UCR program. Criminologists routinely acknowledge the 

“Dark Figure of Crime” as the discrepancy between the number of crimes that occur and 

those that are reported. The dark figure of crime decreases with the seriousness of the 

offense, meaning the proportion of reported incidents for some crimes (e.g. murder) is 

higher than others (e.g. property crimes). The block-group level crime indices are useful 

for comparative purposes within the study region, as finer scale crime analysis was 

outside the timeline and focus of this research.  

Due to numerous logistical and ethical limitations, communication with offenders 

was outside the scope of this research. Community supervision officers are the primary 
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source of information regarding offender responsibilities both routinely and during a 

disaster. Proposed primary data collection was in-person interviews with community 

supervision agents. The University gave IRB approval (Appendix E) and a detailed 

research application was submitted to the Mississippi Department of Corrections. MDOC 

was ultimately unable to fulfill this request within the timeline of the research.  

Future Research  

Community supervision officers have routine interactions with their caseloads and 

an amicable offender/officer relationship leads to better reentry outcomes. It is possible 

this relationship could lead to positive resilience outcomes. For risk communication, 

officers may become trusted information sources for preparedness information such as 

maintaining shelter in place kits. Future research will investigate how the offender-officer 

relationship and relates to offender resilience and recovery. 

Successful reentry is more likely for offenders who use social services and 

participate in community organizations. It is unclear which services and organizations 

offenders utilize, and to what degree. This is important to understand, as these types of 

services could also offer resources during a disaster. Future research will survey 

probationers and parolees to determine the local services they use and follow up with 

those services to discuss the resources they provide. 

There is a need for a study of offender risk perception and hazard awareness. 

Most offenders are young, African American males, a group shown to have reduced risk 

perception concerning hazards. It is unclear if offenders are aware of their legal 

responsibilities ahead of a disaster or whether those responsibilities would influence an 

evacuation decision. Regarding previously incarcerated offenders, prisons and jails are 
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often located in rural areas, far from the coast. Its possible offenders may experience risk 

attenuation while incarcerated. Future research will survey probationers and parolees to 

gain the offenders’ perspective regarding hazardous events. 
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 – Residential Zoning Codes 

Table A1. Residential Zoning Codes by Zoning District 

Area 
Ordinance 

Year 
Residential Zoning Codes 

Hancock 

County 
2017  A1, R-1, R-1A, R-2, R-2A, R-3 

Waveland 2010 R-1, R-2,R-3,CO-1,CO-2,M1 

Bay St Louis 2010 R1, R-1A, R-2, R-3,R-4 

Harrison 

County 
2016 A-1, R-1, R-2,R-3 

Pass Christian 2013 SmartCode: T2, T3E, T3R, T4+, T4L, T5C, T5H 

Long Beach 2013 R-1, R-2, R-3,R-4,R-0 

Gulfport 2015 
A-1, R-E, R-UE, R-1-15,R-1-10, R-1-7.5,R-1-5, R-2, R-3, 

R-4, R-O, R-BSmartCode:T3,T4L, T4+,  

Biloxi 2018 
A, AR, RE, RER, RS-5 SF, RS-7.5 SF RS-10 SF, RM-10, 

RM-20, RM – 30, RMH 

D’Iberville 2015 AG, RE, R-1, R-2, R-3,R-4, R-4A,R-5,R-0  
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Table A1 (continued).  

Jackson 

County 
2017 A-1, A-2, A-3, R-1, R-1A, R-1B, R-2, R-3, R-4, R-5 

Gautier 2016 A-1, R-E, R-1, R-2 R-3 

Ocean 

Springs  
2016 R-1, R-1A, R-2, R-3, R-4, R-5  

Moss Point  2017 A-1, R-1A, R-1B, R-1C, R-2, R-3, R-4 

Pascagoula 2017 MR3, SFR6, SFR8, SFR10 

Zoning codes were taken from local zoning ordinances and include all districts (residential, mixed-use, and agricultural) that allow for 

residential property. 
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 – Python Code for Principal Components Analysis 
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 – Python Code to Collect Offender Support Services from the Mississippi 

Reentry Guide 
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 – Python Code to Project Point Shapefile and Reclassify Offender 

Support Services 
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 – IRB Approval Letter 
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