
DISPARITY IN RISK FACTORS FOR URBAN RESIDENTIAL 

FIRE RELATED INJURIES AND DEATHS 

by 

Soojin Min 

APPROVED BY SUPERVISORY COMMITTEE: 

___________________________________________ 
Dr. Dohyeong Kim, Co-Chair 

___________________________________________ 
Dr. Richard K. Scotch, Co-Chair 

___________________________________________ 
Dr. Yongwan Chun 

___________________________________________ 
Dr. Euel W. Elliott 



Copyright 2018 

Soojin Min 

All Rights Reserved 



 

 

To my parents, my little sister, and GC



 
 
 

 

DISPARITY IN RISK FACTORS FOR URBAN RESIDENTIAL  
 

FIRE RELATED INJURIES AND DEATHS 
 
 
 
 

by 
 
 
 
 

SOOJIN MIN, BA, EdM 
 
 
 
 
 

DISSERTATION 

Presented to the Faculty of 

The University of Texas at Dallas 

in Partial Fulfillment 

of the Requirements 

for the Degree of 
 
 
 

DOCTOR OF PHILOSOPHY IN 
 

PUBLIC POLICY AND POLITICAL ECONOMY 
 
 
 
 

THE UNIVERSITY OF TEXAS AT DALLAS 
 

August 2018 



 
 
 

v 

ACKNOWLEDGMENTS 

I express my sincere gratitude to my dissertation committee Co-chairs, Dr. Dohyeong Kim and 

Dr. Richard K. Scotch, for their constant teaching, guidance, and wisdom. My PhD journey 

would not have been possible without their gracious support and patience. I am grateful to Dr. 

Yongwan Chun for his valuable advice on GIS methodology and constant encouragement. I also 

thank Dr. Euel W. Elliott for his insightful suggestions to my research and particularly, for his 

guidance on teaching courses.  

I am thankful to my two PPPE sisters, Patricia Chen and Cam Anh Pham, who have shared their 

great friendship and motivation.  

Finally, I am tremendously grateful to my loving parents, who fill our lives with endless support 

and prayers, to my sister, Hyunjin Min, who inspires me with her strength and determination, 

and to my better half, Garritt Conover, who has always been there for me every step of the way. 

June 2018   
 

 

 

 

 

 

 

 

 



 
 
 

vi 

DISPARITY IN RISK FACTORS FOR URBAN RESIDENTIAL  
 

FIRE RELATED INJURIES AND DEATHS 
 
 

Soojin Min, PhD 
The University of Texas at Dallas, 2018 

 
ABSTRACT 

 
 
 Supervising Professors:  Dr. Dohyeong Kim  
                                                    Dr. Richard K. Scotch 
 
 
 
 
The location characteristics of neighborhoods and balance in demand and supply capacity may 

play a role in determining the effectiveness of fire protection service delivery. Spatial 

accessibility to fire protection services integrates the location characteristics of neighborhoods 

and the dimensions of demand and supply capacity of fire protection services. Using the two-step 

floating catchment area (2SFCA) method and logistic regression, this study measures spatial 

accessibility to fire protection services and examines its association with unintentional residential 

fire related injuries and deaths in Dallas, Texas. This analysis uses annual public fire incident 

data from 2012 to 2015, obtained from the U.S. Fire Administration, and census. In addition to 

fire characteristics and neighborhood demographics, spatial accessibility to fire protection 

services was significantly associated with unintentional residential fire related injuries with a 

small effect size. The analysis results suggest that there is disparity in the spatial accessibility 

score between low-income and non low-income census block groups, mainly in northeast and 

southwest service areas. The findings can be used to help identify high-risk neighborhoods for 

implementing fire injury prevention programs and select locations of additional fire stations. 
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CHAPTER 1 

INTRODUCTION 

More Americans die from fire than from all natural disasters combined, and the U.S. has 

one of the highest fire death rates per capita among industrialized countries (Texas Department 

of Insurance, 2011). Although the overall trend in U.S. fire-related death rates decreased 66% 

from 1979 to 2007, the country’s fire death rate in 2007 was still higher than that of 

industrialized countries such as Germany, France, the U.K., and Canada. A recent study of 

residential fire rates in 24 nations listed the U.S. as the 10th highest at 12.4 per million in that 

year (U.S. Fire Administration, 2011). Domestically, Texas, California, and Pennsylvania lead 

the nation in number of fire deaths according to 2013 statistics by the U.S. Fire Administration.  

          Fires can be categorized into many different types, such as structure fires, natural or 

cultivated vegetation fires, outside rubbish fires, special outside fires, and vehicle fires, among 

others. Structure fires – most commonly residential – tend to result in the greatest amount of 

casualties and property loss. In aggregate, about 372,900 residential structure fire incidents 

caused 2,530 deaths, 13,125 injuries, and $7 billion in property loss per year nationwide between 

2011 and 2013 (U.S. Fire Administration, 2015). In 2015 77% of reported structure fires in 

Texas were residential fires, with as many as 16,325 incidents causing 111 deaths, 542 injuries, 

and more than $346 million in property loss, indicating that a residential fire occurred 

approximately every 32 minutes (Texas Department of Insurance, 2016). Considering the 

extensive impact on lives and property, residential fire is not only a man-made disaster but also a 

serious public health concern. 
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A vast amount of literature has investigated risk factors for residential fires and resulting 

injuries or deaths. Commonly associated risk factors involve demography, socioeconomic status, 

behaviors, and housing environments, often derived from spatially aggregated census data. Many 

risk factors illustrate characteristics endogenous to neighborhoods that are portrayed by census 

units as proxies such as median income, rate of minority residents, or vacancy rates in housing 

units.  

Since residential fire injuries or deaths occur as a result of fires, studies have additionally 

explored factors contributing to the degree of injury, such as fire characteristics, barriers to 

escape, and resident physicality (DiGuiseppi et al., 2002; Folk, Gales, Gwynne, & Kinsey, 2016; 

Thompson, Waterman, & Sleet, 2004; Wijayasinghe & Makey, 1997). However, researchers 

focused relatively less attention on risk factors for injuries or deaths that may not be endogenous 

to resident groups of neighborhoods.  

The effectiveness of fire protection service delivery can be defined in a number of 

different ways (Savas, 1978). In the context of fire injuries, it can be considered as an efficient 

way to control fire spread, which helps to alleviate the number and degree of fire injuries. One 

factor found to be associated with fire severity was fire department response distance (Ignall, 

Rider, & Urbach, 1978), which implied the importance of timeliness in the fire protection service 

delivery. Recognizing this issue, National Fire Protection Association (NFPA) provides 

guidelines for first response arrival time for fire incidents (National Fire Protection Association, 

2010a). While response distance is critical to the effectiveness of fire protection service delivery, 

other factors in the supply chain also need to be considered, such as the balance in demand and 

capacity (Lovelock, 1984). Spatial accessibility, a measurement of the spatial connection 
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between the supply and demand of services after taking into account travel distance or time, 

integrates the location characteristics of neighborhoods and the dimensions of demand and 

supply capacity of fire protection services. In addition to risk factors endogenous to resident 

groups of neighborhoods, spatial accessibility to fire protection services may provide additional 

information in terms of residential fire related injuries and deaths.  

The objectives of this study are: (a) to examine whether there is a significant difference in 

spatial patterns between intentional and unintentional urban residential fire incidents, (b) to 

determine where there is a significant difference in risk factors that are associated with 

unintentional residential fire incidents and resulting injuries and deaths, (c) to investigate the 

extent to which risk factors, including spatial accessibility to fire protection services, are 

associated with unintentional residential fire injuries and deaths in the city, and (d) to examine 

whether there is disparity in spatial accessibility to fire protection services in the City of Dallas, 

Texas. 

As such, this study tests the following hypotheses within the limits of the available data: 

(1a) Intentional residential fires are independent from unintentional residential fires in 

urban areas.  

(1b) Intentional residential fires are not a mere subset of combined intentional and 

unintentional residential fires in urban areas. 

(2) Significant risk factors associated with unintentional residential urban fires are not the 

same factors associated with fire related injuries and deaths at the census tract level.  

(3a) An unintentional residential fire in Dallas City is more likely to involve injuries or 

deaths in a census block group with relatively low spatial accessibility to fire protection services.  
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(3b) An unintentional residential fire in Dallas City is more likely to involve injuries or 

deaths in a census block group with high population increase rate in the recent five years (2010-

2015).  

 (4a) Uneven spatial accessibility to fire protection services across the City of Dallas, 

Texas is observed.  

 (4b) There is disparity in spatial accessibility to fire protection services between low-

income and non-low income neighborhoods among census block groups in the City of Dallas, 

Texas. 

 



 
 
 

5 

CHAPTER 2 

LITERATURE REVIEW 
 

2.1 Theories 

This research assesses risk factors for unintentional residential fire related injuries or 

deaths in terms of the characteristics of residents at the individual and neighborhood level, as 

well as the characteristics of neighborhood locations in relation to the provision of fire protection 

services. Theories generally fall within three domains. Fundamental Cause Theories help to 

understand relationships between social factors and individual health outcomes in 

epidemiological and sociological perspectives. Neighborhood Effects Theories provide 

explanations where neighborhoods that individuals reside in can influence residents’ health and 

behaviors. Finally, Location Theories offer mechanisms, which rely on the distribution of public 

service facilities.   

2.1.1 Fundamental Cause Theory 

As injuries and deaths by residential fire incidents are not outside the realm of public 

health, Fundamental Cause Theory sheds light on the underlying dynamics of socioeconomic 

disparity and its association with residential fire incidents and resulting injuries from 

epidemiological and sociological perspectives. The theory highlights the role of social factors in 

contracting diseases and illnesses that has been largely ignored while risk factors at the 

individual level such as poor diet, insufficient exercise, high levels of cholesterol, or high blood 

pressure remained the focus of epidemiological research (Link & Phelan, 1995). According to 

the theory, the term “fundamental causes” refers to social conditions, such as socioeconomic 
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factors, that are obstinately associated with illness or disease through numerous mechanisms in 

terms of exposure to disease developing risk factors. These conditions involve accessibility to 

resources, which may include nonmaterial resources such as social networks and support, 

knowledge, and privilege likely to help people avoid health risks. Some researchers suggest that 

the lack of positive social conditions is linked to multiple disease outcomes through many 

different risk factors, when repeated over time, makes this link persistent (Phelan, Link, & 

Tehranifar, 2010). As a result, social conditions fundamentally influence the extent to which 

people are subjected, voluntarily or involuntarily, to risks leading to adverse health outcomes. 

An empirical study researching the relationship between socioeconomic factors and 

mortality from less preventable causes supports Fundamental Cause Theory (Phelan, Link, Diez-

Roux, Kawachi, & Levin, 2004). The study hypothesized socioeconomic factors would be less 

likely to be correlated with mortality for less preventable causes of death compared to more 

preventable causes where relatively more information on prevention or treatment could be found. 

Researchers tested this hypothesis using the National Longitudinal Mortality Study, which 

followed the mortality of 370,930 respondents to the Census Bureau’s Current Population 

Survey for nine years. Results supported the hypothesis, suggesting that highly preventable 

causes of death have much greater risk ratios compared to less preventable cases, when 

associated with low socioeconomic factors.  

 Since residential fire related injuries and deaths can be considered preventable health 

outcomes to some extent, the Fundamental Cause Theory may help explain the potential 

relationship between residential fire injuries and social factors such as socioeconomic status. 
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2.1.2 Neighborhood Effects Theories 

Physical and social environments are related to the distribution of health outcomes (Sallis 

et al., 2009; Stokols, 1992). In addition to mounting attention to the causes and effects of 

residential segregation and poverty in urban areas, disparity in health outcomes among 

neighborhoods has emerged as a key public-health concern (Diez Roux, 2001). While numerous 

empirical studies illustrate the relationship between neighborhood characteristics and the health 

and behavioral outcomes of residents, there is no single universal theory which successfully 

explains their causal connections. Continuous scholarly efforts across disciplines, however, have 

supported fragments of neighborhood effects, establishing a theoretical framework for relevant 

subject areas such as Epidemic Theory for high school graduation rates and teenage pregnancy or 

Social Disorganization Theory for violence (Crane, 1991; Shaw & McKay, 1942).  

          It is important to conceptually comprehend the process of how communities and 

neighborhoods are shaped. The concept of community by the early Chicago school is based on 

“ecological segregation.” This proposition suggests that communities are constituted through 

competition in an unintentional and nonsocial process for survival, emphasizing solidarity and 

shared interests of members as a function of their common dwelling places (Neuwirth, 1969). 

Contrary to this view, Neuwirth introduced Max Weber’s Theory of Community, which 

considers competition for economic, social, or political benefits as the primary driving force of 

community formation. Solidarity is viewed as a result of responding to external pressures, where 

inter-community competition results in disparate relative positions of the members compared to 

other communities. Similar to Karl Marx’s idea of society where “constant strife” arises, Weber 

also shares the idea that positions among different social and economic classes formed by 
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“interaction, antagonism, and conflict” are fundamentally involved with social change. 

According to Weber’s Theory of Community, competition for economic, social, and political 

interests generates community as the number of competitors increases compared to available 

opportunities. Subsequently, certain characteristics, such as race, ethnicity, or property that 

enable community members to differentiate themselves from others eventuate, and those 

characteristics are used to control the number of members while this communal action 

strengthens their solidarity. On the other hand, those who are excluded by dominant communities 

and unable to form their own community are referred to as “negatively privileged status groups.” 

Neuwirth explains that dominant communities often use an ethnic background as a device to 

exclude potential contenders, as White Anglo Saxon Protestants in America did against 

immigrants from Southern and Eastern Europe. Community members are further divided into 

social classes, which are represented by socioeconomic or political status within the community. 

Gradually, “community closure” based on ethnicity and social class by dominant communities 

has pushed ethnic minority groups to become “negatively privileged status communities” 

(Neuwirth, 1969). Urban slums are the most obvious products of community formation based on 

competition for power and resources, followed by community closure by dominant segments of 

contenders. Theories on formation of communities or neighborhoods illustrate a tendency of 

each neighborhood to have homogenous groups of members in terms of socioeconomic status, 

ethnicity, or culture.  

          In addition to understanding the community formation system, a theoretical foundation for 

connections between community environments and health or behavioral outcomes of residents is 

essential to comprehending the risk factors for residential fire related injuries and deaths. 
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Although there is no universal theory suggesting causal links between a neighborhood or 

community and its members’ behavioral characteristics or health outcomes, a number of 

discovered mechanisms can be grouped into four different categories: social interactive, 

environmental, institutional, and geographical mechanisms (Galster, 2012). The social-

interactive mechanism indicates various social processes, such as social contagion, social 

cohesion and control, or social networks endogenous to neighborhoods, may intertwine with 

each other, influencing physical and mental health as well as behavioral aspects of residents. 

Social contagion is a social process where the behaviors of individual residents can be changed 

through interaction with neighbors (Jencks & Mayer, 1990). Social cohesion and control among 

neighbors who are willing to contribute to the common good, known as collective efficacy, can 

also influence resident behaviors (Jencks & Mayer, 1990; Sampson, Raudenbush, & Earls, 1997). 

Social networks play a role in hosting a range of social contagion processes (Ugander, 

Backstrom, Marlow, & Kleinberg, 2012). When measured collectively, they can be viewed as 

social capital, which is abundant in a cohesive society (Kawachi & Berkman, 2000). The 

association between individual residents’ health and social networks as well as social cohesion 

has been reported (Deindl, Brandt, & Hank, 2016).  

The environmental mechanism refers to undesirable environmental attributes formed in 

neighborhood space, such as exposure to toxins and a deteriorated built environment that may 

contribute to negative health outcomes for residents.  

Galster (2012) also suggests a third mechanism, the institutional mechanism, which is 

related to external parties’ influence on neighborhoods. One example is labeling communities or 

neighborhoods a certain way due to pre-established stereotypes, which renders residents 
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vulnerable to negative perceptions by outsiders. This may have an adverse effect on the 

psychological wellbeing of residents. Another example involves the distribution of local 

institutional resources and local market actors. A lack of public services or amenities in a 

community or neighborhood may have negative impacts on personal development and health 

outcomes. On the other hand, the excessive presence of local market actors that may encourage 

undesirable health practices, such as liquor stores, may have a negative influence on health 

outcomes of residents.  

This distribution of institutional resources and local market actors is closely related to the 

geographical mechanism in terms of accessibility. For example, limited spatial accessibility to 

grocery stores, often known as food deserts, is associated with unhealthy dietary behaviors for 

residents (Larsen & Gilliland, 2008). Previous studies suggested that low spatial accessibility to 

healthy food outlets is connected to socioeconomic or racial neighborhood characteristics 

(Gordon et al., 2011; Zenk et al., 2005). Primary care shortage areas (Bodenheimer & Pham, 

2010) also can be understood through a geographical mechanism that may influence the health 

outcomes of residents. For public services, spatial accessibility to parks is associated with 

obesity, as another example (Sister, Wolch, & Wilson, 2010). In addition, low accessibility to 

schools, day care facilities, police stations or fire stations in a community or neighborhood may 

have a negative effect on personal development and safety that are intertwined with physical and 

mental health. These four categories of neighborhood effect mechanisms provided better 

identification of the relationship between the types of mechanisms and their designated effects 

on residents, thus allowing development of the measuring concepts (Galster, 2012). 
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Research in criminology shows the most conspicuous connection to neighborhood effects 

on the basis of Social Disorganization Theory (Shaw & McKay, 1942). This theory argues that 

the ecological aspects of a neighborhood have a greater effect on crime rates than the 

characteristics of its individual residents. This was illustrated by a study which observed 

neighborhoods in Chicago, and found that the prevalence of delinquency persisted for a long 

time in places where the racial and ethnic structure of the neighborhoods have changed 

(Sampson, Morenoff, & Gannon-Rowley, 2002). In other words, poverty, ethnic heterogeneity, 

and loose social network are likely to disrupt the ability to promote community social 

organization, which is critical for maintaining public order, consequently contributing to the 

generation of variations in crime (Kubrin & Weitzer, 2003). Also, the Theory of Broken 

Windows (Wilson & Kelling, 1982) suggests that signs of damage and disorder in a 

neighborhood indicate unwillingness of its residents to respond to criminal activities, and that 

crimes are not discouraged. Although there have been discussions that noticeable traces of 

disorder could be mere indicators of crime phenomena, a number of studies suggest that visible 

neighborhood deterioration can bring about community disinvestment, migration of residents, 

and general disarray among residents (Sampson et al., 2002). While these theories mainly 

illustrate behavioral aspects of residents in neighborhoods, neighborhood environments can be 

shaped by a series of resident behaviors, and are closely connected to the quality of living 

conditions that can bring about adverse health effects to residents. 

In addition, theoretical approaches to understanding the nature of physical and social 

environments, and their influences on health and social problems, scholarly efforts sought to 

provide empirical evidence. Numerous studies examined how health and social outcomes of low-
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income minority children and youth are related to neighborhood characteristics where they grow 

up (Leventhal & Brooks-Gunn, 2000). In an attempt to address the question of how poverty 

concentrated neighborhoods are associated with the high rates of poor health outcomes of their 

residents, studies indeed need to take into account not only socioeconomic factors of residents, 

but also environments, locations, contributing behavioral factors and possible external risk 

factors outside the neighborhoods altogether. This is also the case for injuries and deaths by 

residential fire incidents, which are combinations of both the health and behavioral outcomes of 

residents, and the risk factors constituting mechanisms of neighborhood effects are not limited to 

one type of factors. As Diez Roux (2001) argues, advancing theories and hypotheses on the 

pathways through which factors of residents and their neighborhoods may conjointly affect 

certain health and behavioral outcomes are required in order to enhance inferences concerning 

the existence and extent of neighborhood effects. 

2.1.3 Location Theories 

Location Theory originated in the private sector and involves the analysis of where to 

locate resources to provide the most optimal benefit. This theory has been adapted to the public 

sector as well, incorporating the fields of economics, geography, and operations research (Rose, 

1984). From an economics perspective, goods to be traveled and delivered goods are discernable 

from each other in that the user benefits of delivered goods are dependent on distance, according 

to Rose. In geography, location analysis is a tenet of central place theory, under which the 

boundary scope of the market for public goods is determined by a trade-off between the costs of 

installation and the goods’ traveling costs. In operations research, analytical models are used to 

determine the location of new emergency service facilities. 
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Operations research models can be either continuous or discrete. In continuous models, 

potential locations are denoted by continuous points on a plane, while in discrete models, 

potential locations are listed as a finite set of points. The basic problem in location theory, 

referred to as Weber’s problem, is to determine a facility’s location in a way such that total cost 

(the sum of weighted distances between users and the facility) are minimized. However, key 

restrictions imposed on the facility’s locations are ignored (Floudas & Pardalos, 2013). Many 

current models acknowledge this problem and take into account reasonable constraints on the 

facility’s location by implementing a cap on the travel cost or utilizing a non-linear travel cost 

function. This minimization of total user costs could be seen as discriminatory, however, as it 

may be more beneficial to spatially clustered users than to scattered and isolated ones. When the 

idea of equity is introduced, minimizing the maximum cost generated by any user may be 

another option. In practice, determining a facility’s location ultimately involves a trade-off 

between efficiency and equity. Pareto Optimality has been useful in resolving this issue. 

Subsequently, the final location is selected from the opportunity set based on relative preferences 

for efficiency and equity by decision-making parties (Rose, 1984).  

           While the location theory model focuses on optimizing the trade-off between efficiency 

and equity, in some cases other external factors should be considered. Some of these include 

minimization of social cost and universality of service. In either case, the preferred choice may 

not be the ‘optimal’ choice suggested by the optimization model. For instance, in determining 

where to locate ambulances, the priority could be minimizing the weighted average response 

time or covering the target population within a certain amount of time or distance. The former 

approach is related to a p-median problem, while the latter refers to a covering problem known 
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as a Location Set Covering Problem or Maximal Covering Location Problem. In general, models 

determining the placement of public service facilities, including emergency services, either 

employ one or both of these models as grounds for the decision making process (Drezner & 

Hamacher, 2001). Regardless of the type of model, the public facility location issue often 

involves a compromise between efficiency and equity, as resources are considerably limited.  

2.2 Definition of Neighborhoods 

While abundant literature studies a wide range of neighborhood characteristics in 

different domains, there is no precise definition of a neighborhood. Perhaps, this is because of its 

intricate and not self-evident nature, as it is subject to redefinition and contention (Martin, 2003). 

Indeed, spatial delineation of neighborhoods is conceptualized by many residents socially and 

geographically before being generally recognized by outsiders over time. In the process, 

neighborhood boundaries can be altered or blurred, implying that the distinction of 

neighborhoods does not perpetuate. In addition, not all neighborhoods are equally identifiable. 

Places with conspicuous physical environment features such as highways and rivers or distinct 

social characteristics including ethnic groups are more likely to be precisely defined (Weeks, 

Hill, Stow, Getis, & Fugate, 2007). Due to the complexity in defining neighborhoods, most 

social science research has used discrete geographic boundaries of census units such as census 

tract or census block group as a proxy for neighborhoods (Hannon & Cuddy, 2006; Moore & 

Diez Roux, 2006; Ponce, Hoggatt, Wilhelm, & Ritz, 2005). Critiques of this approach emphasize 

the lack of theoretical grounds on defining spatial boundaries for neighborhoods (Dietz, 2002). 

There is a concern that discrepancy between residents’ perception and administrative units in 

terms of geographic boundaries may introduce bias to research on neighborhood effects 
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(Coulton, Korbin, Chan, & Su, 2001). On the other hand, there is an opinion that neighborhoods 

must be identified in a way to “optimize quality and availability of data” (Weiss, Ompad, Galea, 

& Vlahov, 2007). Often, empirical research depends on data produced for administrative 

purposes such as census data. Alternatives include surveying residents or measuring 

neighborhood boundaries through residents’ movements with GPS trackers. Unfortunately, these 

methodological strategies may not be feasible for many research projects due to limited 

resources. Although administrative units may not necessarily be consistent with neighborhoods 

in a way that residents apprehend, census tracts are designed to represent relatively homogeneous 

population characteristics, economic conditions, and living environments (U.S. Census Bureau, 

2001). While using census units may not be a definitive solution, more realistic attempts to 

define neighborhoods with the assistance of GIS may not be impossible. Until advanced 

methodological approaches that can utilize existing extensive data sources for social science 

research become widely available, how to delineate boundaries of neighborhoods for research 

will remain an ongoing topic for scholarly discussion. 

2.3 Risk Factors for Residential Fire Incidents and Resulting Injuries or Deaths 

Initially, studies on urban fire risk at residential structures mainly examined the demand 

for fire services by looking at fire incident rates, fire loss, or quantity of fire calls (Jennings, 

1999). In an ecological perspective, the risk factors for urban residential fire mainly involved 

housing environments and demographic aspects, since the main research interests were on 

analyzing the risk of residential fire incidents occurring. However, as epidemiological studies 

began to investigate mortality and morbidity rates from fires in residential buildings, behavioral 

and socioeconomic factors emerged as key risk factors for fatalities and injuries caused by fire 
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incidents (Jennings, 1999). While epidemiological research led to an expansion in the 

understanding of damage to and loss of human lives as a consequence of residential fire incidents, 

studies from other interdisciplinary fields furthered our understanding about the risk factors for 

fire injuries and deaths in residential structures, and the spectrum of risk factors widened to 

encompass demographic, socioeconomic, behavioral, and housing environment related 

components.  

          As research interests in injuries or deaths related risk factors increased, especially in the 

field of public health, it is necessary to differentiate “risk factors for residential fire” and “risk 

factors for injuries or deaths caused by residential fire.” A fire scenario refers to a successive set 

of fire events that are “linked together by the success or failure of certain fire protection systems 

or actions” and, particularly, a series of three fire scenarios – fire initiation, fire automatic 

extinction, and behavior – compose a sequence of stages for a residential building fire incident 

(Xin & Huang, 2013). This suggests that the range of risk factors related to injuries or deaths 

induced by residential fire may be different from those linked to the incidents themselves, since 

the fire initiation stage comes earlier than the stages where injuries or fatalities could occur. In 

other words, some risk factors, such as barriers or facilitators to shortening egress time or fire 

control, are connected to injuries or deaths but may not be directly associated with risk for 

ignition of residential fires, as illustrated in Figure 2.1. This implies that risk factors associated 

with a fire incident itself and those with fatalities and injuries caused by residential fire need to 

be treated differently, even though both are closely linked. The necessity to differentiate between 

those two types of associations is supported by an empirical study demonstrating discrepancy 

between socio-demographic determinants for residential fires and the known determinants for 
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fire mortality based on an analysis of household questionnaires (Nilson, Bonander, & Jonsson, 

2015). In the present study, the main interests are risk factors related to injuries and fatalities as a 

consequence of residential fire incidents, particularly in urban areas. 

 

Figure 2.1. Event Diagram of Fire Incidents and Resulting Injuries or Deaths 
 

2.3.1 Risk Factors for Residential Fires 

The leading direct causes of residential fires include cooking, heating, electrical 

malfunction and other careless behaviors (U.S. Fire Administration, 2017c). In addition to the 

direct causes, various types of risk factors indirectly contribute to fires.  

Early studies addressing fire risk can be found in the urban planning literature from the 

1970s to the early 1990s, which focused on housing conditions and neighborhood population 

density (Jennings, 1999). While these studies mostly examined urban fire rates and their 

association with risk factors from an ecological approach, their findings are informative to this 

study since urban residential fires account for most of the structure fires in urban areas and a 
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large part of city fires in general (Texas Department of Insurance, 2011). Significant risk factors 

reported include high density of population or properties, high rate of African American 

residents, high rate of senior residents, low education level, high poverty rate, low family 

stability, overcrowding, age of structure, and low rate of owner occupancy (Jennings, 1999). 

More recent literature specifically examining residential fires have shown similar 

associated risk factors, including rate of African American residents, level of education, and age 

of housing are significantly associated with fire rates (Lehna, Furmanek, Fahey, & Hanchette, 

2017). Studies suggest that old housing structures often have poor electrical systems, which can 

lead to overloading electrical outlets, creating a fire hazard (Shai, 2006). Also, old housing 

structures may have wiring and building materials vulnerable to fire ignition. One example is a 

type of wiring with excessive thermal insulation, which is susceptible to fire and was common in 

houses built prior to the 1940s (Babrauskas, 2001).  

Other risk factors related to housing environment include vacant property rate and 

proximity to vacant structures (Schachterle, Bishai, Shields, Stepnitz, & Gielen, 2012). While 

vacant properties are more likely to attract arsonists, vacant properties or housing units are 

vulnerable to non-arson fires as well, due to unattended combustible materials and a lack of 

automatic fire extinguishing equipment (Ahrens, 2009). 

In relation to behavior, studies suggest that smoking is one of the leading behavioral risk 

factors for residential fire incidents (Alpert, Christiani, Orav, Dockery, & Connolly, 2014; Ducic 

& Ghezzo, 1980). Fires associated with smoking tends to be substantially large in size (i.e. 

unconfined fires) (U.S. Fire Administration, 2012). 
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Additionally, studies found significant associations between residential fire rate and 

numerous risk factors at the neighborhood level, which may support the view that fire rates are 

primarily affected by neighborhood characteristics (Jennings, 1999). This perspective can be 

extended to research on risk factors for residential fire related injuries or deaths. In addition to 

risk factors observed at the individual level, characteristics of communities or neighborhoods 

may provide valuable information about injuries or deaths caused by residential fire incidents. 

2.3.2 Risk Factors for Residential Fire Related Injuries and Deaths 

Previous studies attempted to evaluate the risk factors for residential fire injuries or 

deaths through a number of different perspectives focusing on demographic, socioeconomic, 

behavioral, and housing environment related factors. In relation to demography, the elderly, 

young children, and minorities, particularly African Americans, are likely to become vulnerable 

groups to residential fire related deaths (Barillo & Goode, 1996; Diguiseppi, Edwards, Godward, 

Roberts, & Wade, 2000; Istre, McCoy, Osborn, Barnard, & Bolton, 2001; Warda, Tenenbein, & 

Moffatt, 1999). Also, low English proficiency by foreign-born residents shows significant effects 

on fire injury rates (Shai, 2006). 

          The association between socioeconomic status and residential fire injuries or deaths is well 

documented in the literature. Low-income and low level of educational attainment are found to 

be risk factors for residential fire related injuries or deaths (Istre et al., 2001; McCoy, 2004; Shai, 

2006; Shai & Lupinacci, 2003) Studies examining injuries and deaths among children indicate 

that low-income and single-parent households are also contributing factors to residential fire 

injuries or deaths (Istre, McCoy, Carlin, & McClain, 2002; Shai & Lupinacci, 2003).  
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Housing environments can also contribute to residential fire injuries or deaths. Age of 

housing, absence of smoke alarms, renting, and living alone have been reported as risk factors 

(Hannon & Shai, 2003; Istre et al., 2001; Marshall et al., 1998; Runyan, Bangdiwala, Linzer, 

Sacks, & Butts, 1992; Shai, 2006; Warda et al., 1999; Zhang, Lee, Lee, & Clinton, 2006). Some 

researchers point out that the presence of smoke alarms alone may not be sufficient for 

investigating its association with the reduction in fire related deaths (Parker et al., 2013; 

Stevenson & Lee, 2003). The functioning status of smoke detectors also needs to be taken into 

account for an accurate examination.  

Finally, behavioral factors are linked to residential fires. Fatal residential fires are more 

likely to occur when smoking and alcohol intoxication is involved (Ballard, Koepsell, & Rivara, 

1992; Diekman, Ballesteros, Berger, Caraballo, & Kegler, 2008; Marshall et al., 1998; Mobley, 

Sugarman, Deam, & Giles, 1994). While smoking and drinking may act as independent risk 

factors, some studies indicate that the two factors may be correlated, as smokers tend to be 

drinkers and alcohol intoxication is likely to be detected in smoking-related residential fires 

(Ballard, Koepsell, & Rivara, 1992; Taylor & Rehm, 2006). Although smoking is responsible for 

only a fraction of all types of residential building fires (2%), it is a leading cause of fire deaths, 

accounting for 14% of deaths by residential building fires from 2008 to 2010 (U.S. Fire 

Administration, 2012).  

Literature suggests that many risk factors are inextricably linked to each other. For 

example, the level of income is correlated with education, age of housing, possession of smoke 

alarms, and minority status. The lowest prevalence of installed smoke alarms was present in 

houses in the census tracts with the lowest median income (Istre et al., 2001). Also, the 
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interaction between old housing and low-income status of households was reported (Shai, 2006). 

This illustrates the complications associated with identifying socioeconomic risk factors for 

residential fire deaths and injuries; since the relevant risk factors are so highly intercorrelated, as 

is common with many socioeconomic factors, it is difficult to construct an efficient predictive or 

explanatory model (Peacock, Bland, & Anderson, 1995).  

          Correlation among risk factors highlights another issue – multiplicative interaction effects 

of the combined risk factors. A combination of low-income and high proportion of African 

American residents show a far higher level of fire death rates than that anticipated by simply 

adding those two risk factors together (Hannon & Shai, 2003). Studies indicate that racial 

disparities in income and the spatial concentration of layers of different disadvantages combine 

to generate multiplicative interaction effects. This suggests that there could be a disparity in risk 

factors for residential fire related injuries or deaths among neighborhoods. 

2.4 Exogenous Risk Factors 

While existing studies highlighted risk factors for residential fire related injuries and 

deaths related to the characteristics endogenous to resident groups in neighborhoods, potential 

exogenous factors, such as geographic location of neighborhoods can also constitute distinct 

characteristics of neighborhoods. It can be exemplified by different levels of accessibility to 

various types of private and public services, including grocery stores, hospitals, parks, schools, 

and public safety services. Accessibility to services can be indicated by a number of different 

measurements including travel impedance (i.e. distance or time), ratio between supply and 

demand of services or spatial accessibility to services that takes into account both aspects 

(Guagliardo, 2004). Disparity in spatial accessibility to services that are closely related to health 
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outcomes such as grocery stores and medical care facilities has been widely researched 

(Guagliardo, 2004; Luo & Qi, 2009; Michimi & Wimberly, 2010).  

In the context of accessibility to fire protection services, previous research pointed out a 

key role of effective delivery of fire protection services in mitigating fire damages, whereby 

prolonged response times may enlarge the scope of the fire exponentially, leading to fire deaths 

(Carter & Ignall, 1970; Gottuk, Peatross, Roby, & Beyler, 2002). Fire severity or size was 

correlated with fire department response distance or time (Challands, 2010; Ignall et al., 1978), 

implying the importance of timeliness in the fire protection service delivery. Recognizing this 

issue, NFPA provides guidelines for first response arrival time for fire incidents, which is within 

four minutes of travel time (National Fire Protection Association, 2010a). Travel time is a part of 

the total response time between “discovery of event” and “control and mitigate event,” (Figure 

2.2) (National Fire Protection Association, 2010b) and response time has been considered as a 

critical component to the effectiveness of fire protection service delivery. However, it is 

questionable whether it is appropriate to use response time directly as a risk factor in examining 

its relationship with fire injuries or deaths. Aside from that fire injuries or deaths occur as a result 

of joint effects of multiple risk factors, response time can be affected by other factors in the 

supply chain such as interactions between supply and demand, as well as by external factors such 

as distance to incident locations. If demand exceeds the supply capacity of emergency response 

services, it may result in ineffective delivery of the services (Ahn et al., 2010).  

Spatial accessibility, a measurement of the spatial connection between the supply and 

demand of services after accounting for travel distance or time, can integrate the location 

characteristics of neighborhoods and the dimensions of demand and supply capacity of fire 
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protection services. Therefore, in addition to risk factors that are endogenous to resident groups 

of neighborhoods, spatial accessibility to fire protection services, which reflect the characteristics 

of neighborhoods exogenous to resident groups, may provide additional information about risks 

to residential fire related injuries and deaths.  

 

Figure 2.2. Cascade of Events Chart (National Fire Protection Association, 2010) 
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CHAPTER 3 

DATA AND METHODS 
 

3.1 Data 

The analysis includes one exploratory and two parts of in-depth studies. The first part 

consists of residential fire pattern analysis. The second part includes comparative analyses on 

risk factors for unintentional residential fire and resulting injuries and deaths at the census tract 

level. Furthermore, it involves examining spatial accessibility to fire protection services and its 

association with unintentional residential fire related injuries and deaths as a potential risk factor. 

The data sources are the U.S. National Fire Incident Reporting System (NFIRS) by the U.S. Fire 

Administration, American Community Survey (ACS) 5-Year Estimates by the U.S. Census 

Bureau, and the 500 Cities Project by the Centers for Disease Control and Prevention (CDC). 

Collectively, these sources provide data on fire incidents, demographic and socioeconomic 

information, and behavioral risk factors. 

3.1.1 Fire Data Source 

Annual public fire incident data from 2012 to 2015, derived from the U.S. National Fire 

Incident Reporting System (NFIRS), was obtained from the U.S. Fire Administration (U.S. Fire 

Administration, 2017b). NFIRS is the largest national fire incident database in the world, and 

encompasses data on responses to fire, emergency medical services (EMS), and hazardous 

materials. Fire departments in all states are encouraged to participate in the system, and 

approximately 24,000 fire departments report more than 26 million incidents, including 1.2 

million fire incidents through NFIRS each year (U.S. Fire Administration, 2017a). In 2011, 62% 
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(20,680) of the 33,111 fire departments across the country reported to NFIRS, with state 

participation ranging from 25% in Arizona and Nevada to 98% in Ohio and West Virginia. Texas 

fell in the middle of the pack with 49% of fire departments in the state participating in the 

reporting system (U.S. Fire Administration National Fire Data Center, 2014). Because of 

voluntary participation, the NFIRS data does not represent 100% of the incidents responded to 

by fire departments in the nation. Therefore, studies must accept that analysis below the national 

level may face under-reporting of fire incidents (Butry & Thomas, 2017; Dudley, Creppage, 

Shanahan, & Proescholdbell, 2013). Furthermore, statistics at the national level may not truly 

represent the country’s fire problems due to non-randomly collected data (Butry & Thomas, 

2012).  

Despite these limitations, NFIRS data is widely used for fire protection related decisions. 

Incident and casualty information provides grounds in establishing priorities and targeting 

resources to local governments. Also, state legislatures are informed by the data when making 

decisions on budgets and bills on fire safety issues. Numerous federal agencies use the data with 

a wide range of purposes, from identifying problems in products such as automobiles or mobile 

homes to developing fire prevention and training programs and enhancing the safety of 

firefighters (U.S. Fire Administration National Fire Data Center, 2014).  

When a fire department records information after responding to an incident, it completes 

the applicable NFIRS modules. There are 11 modules that are designed to provide appropriate 

information on an incident (Table 3.1). The basic module provides general information on each 

incident. Information on the responding fire department, estimated damage values of property, 

and dates and times including alarm time, arrival time, controlled time, and last unit cleared time 
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can be found. Address information also allows for geocoding. In the fire module, numerous 

contributing factors for fire incidents such as property details, ignition related information, and 

whether a fire is confined or not are provided. If a fire incident is categorized as a structural fire, 

building information, fire origin and spread, and smoke detector and automatic extinguishing 

system related data can be found. The civilian fire casualty module stores information on injured 

individuals’ age, race and ethnicity, severity and cause of injury, and contributing factors to 

injury (U.S. Fire Administration National Fire Data Center, 2015).  

The state agency is responsible for gathering data from participating fire departments in 

the state and reporting the data to USFA. Data is released annually to the public in the form of 

Public Data Release (PDR) files.  

 

Table 3.1. NFIRS Modules (U.S. Fire Administration National Fire Data Center, 2014) 
Module Description 
Basic Module General information for each incident 
Fire Module Fire incident information 
Structure Fire Module Information on structure fires 
Civilian Fire Casualty Module Fire-related injuries or deaths to civilians 
Fire Service Casualty Module Injuries or deaths to firefighters 
EMS Module Medical incidents 
Hazardous Materials Module Hazardous materials incidents 
Wildland Fire Module Wildland or vegetation fires 
Apparatus and Resources Module Apparatus-specific information 
Personnel Module Personnel associated with apparatus 
Arson Module Intentionally set fire information 
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3.1.2 Demographic and Socioeconomic Data Source 

Demographic and socioeconomic information at the census tract and block group level 

from 2015 American Community Survey (ACS) 5-Year Estimates (U.S. Census Bureau, 2017a) 

are used, with population data dating back to 2010. Variables collected include resident volume, 

age, race and ethnicity, income, poverty, education, employment, and housing environments. 

Spatial shapefiles for matching census units to fire incidents are also obtained from U.S. Census 

Bureau (U.S. Census Bureau, 2017b).   

3.1.3 Behavioral Risk Factor Data Sources 

Census tract level data on health outcomes and behavioral risk factors were from the 500 

Cities project. As a result of a collaboration between the CDC, the Robert Wood Johnson 

Foundation, and the CDC Foundation, the 500 Cities project’s data at the city and census tract 

level allows for the monitoring of disease burden, geographic distribution of health outcomes, 

and numerous risk factors in the largest 500 cities in the country, which can be informative to 

varying levels of governments in designing public health interventions (Table 3.2) (Centers for 

Disease Control and Prevention, 2016). Since drinking and smoking behaviors have been 

suggested as risk factors for fire incidents, the prevalence of binge drinking and current smoking 

among adults (age over 17) at the census tract level are used. 

 

Table 3.2. Variables Available at the 500 Cities Project 
Prevalence 

Disease and risk factors Behavioral risk factors Health care utilization 
Arthritis, High blood pressure, 
Cancer, Asthma, Coronary 

Binge drinking, Smoking, No 
leisure-time physical activity, 

Current lack of health 
insurance, High blood 
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heart disease, Chronic 
obstructive pulmonary 
disease, Diabetes, High 
cholesterol, Chronic kidney 
disease, Obesity, Stroke, All 
teeth lost, Poor mental health, 
Poor physical health 

Sleeping less than 7 hours pressure control (medicine), 
Routine checkups, Cholesterol 
screening, Colorectal cancer 
screening, A core set of 
clinical preventive services for 
senior residents, Visits to 
dentist, Mammography, 
Papanicolaou smear use 

 

3.1.4 Study Area 

For the analysis on spatial distribution by fire type, the study area includes 11 cities in the 

Dallas–Fort Worth Metroplex: Arlington, Carrollton, Dallas, Denton, Fort Worth, Frisco, 

Garland, Irving, McKinney, Mesquite, and Plano (Figure 3.1). Dallas County and Tarrant 

County, which include the cities of Dallas and Fort Worth, respectively, are within the top three 

counties in terms of the number of structure fires in the state (Texas Department of Insurance, 

2016). The literature suggests that arson incidents in urban settings tend to spatially cluster, 

indicating the “near repeat phenomenon” where subsequent similar types of crime incidents 

occur in the vicinity of previous crimes, particularly those involving abandoned structures and 

cars, or buildings with specific purposes such as schools or churches (Grubb & Nobles, 2016; 

Prestemon, Butry, & Thomas, 2013). Significantly different patterns have been reported between 

residential and non-residential arson cases (Grubb & Nobles, 2016). Likewise, characteristics for 

residential fires that include arson and non-arson cases may appear different as well. When 

examining relevant risk factors, the difference between intentional and unintentional residential 

fires needs to be considered, which can be done through point pattern analysis. 1,094 
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unintentional and 280 intentional geocodable residential fire incidents in 2015 are distributed 

across the Dallas–Fort Worth Metroplex.  

The comparison between risk factors for unintentional residential fire versus the resulting 

injuries and deaths, is carried out in the same study area. Analyses including measuring spatial 

accessibility to fire protection services at the census block group level and examining its 

association with unintentional residential fire-related injuries and deaths are conducted in the 

City of Dallas, Texas. As the city is covered by one fire department, the chance of 

underreporting of fire incidents in the data can be minimized. There were 57 fire stations 

between 2012 and 2014, and a 58th station added in 2015, all of which are managed by the Dallas 

Fire-Rescue Department. Figure 3.2 is a map of population density at the census block group 

level in seven city service areas (Northeast, North central, Northwest, Central, Southeast, South 

central, and Southwest). The figure also shows the distribution of the 58 fire stations, illustrating 

that fire stations are generally located in densely populated areas. Service areas, which mirror 

police districts, are the administrative areas served by the city with various functions including 

garbage collection, street work, animal control, fire inspection, and numerous citywide projects 

(City of Dallas, 2008, 2016b). 

3.1.5 Data Procedures 

While the NFIRS reports unintentional fires as fires caused by human behaviors without 

any intention, in this study, this study defines unintentional fires more broadly to include fires 

caused by human behaviors, fault or defect of equipment and heat sources, or act of nature in 

contrast with arson (Ballard, Koepsell, Rivara, & Van Belle, 1992; Holborn, Nolan, & Golt, 

2003; Rasdall, 2005).  
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Figure 3.1. Intentional and Unintentional Residential Fire Locations in 11 Cities in DFW 
Metroplex in 2015 
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Figure 3.2. Distribution of City Fire Stations and Population Density Across Seven Service 
Areas in Dallas City, Texas in 2015 
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For the fire pattern analysis, 2015 fire data from 11 cities in the Dallas–Fort Worth 

Metroplex was used. Among 3,062 structure fire incidents reported, 1,126 unintentional fire 

incidents occurred in properties used for residential purposes, based on data codes (Table 3.3). 

Incidents in residential 1- or 2-family homes and multifamily dwellings such as apartments, 

condos or townhouses with no commercial use were selected. Among commercially-used 

residential buildings, only long-term residential dwellings such as assisted-care housing facilities 

were included; nursing facilities and other commercial properties were not included. Incendiary 

fires and fires with causes unknown or under investigation were excluded. Similarly, 291 

residential arson fires were found. Each incident was geocoded using the Census Geocoder (U.S. 

Census Bureau, 2017c) based on 2015 ACS and current address vintages. As a result, 280 arson 

cases (96.2%) and 1,094 unintentional fire cases (97.2%) were successfully geocoded.  

For the subsequent analysis, unintentional residential fire incidents from 2012 to 2015 in 

the same geographic areas were used. In 4,905 geocoded incidents, 196 injuries and deaths were 

reported (Table 3.4). The data was matched to 829 census tracts with a population greater than 

zero, and linked to census data and the 500 Cities Project’s variables. 

The dataset for the analysis limited to the City of Dallas included 1,020 census block 

groups within the City of Dallas with population and housing unit number greater than zero. 

From 2012 to 2015, residential fire incidents that occurred unintentionally in Dallas and reported 

with addresses that could be geocoded were investigated. In all, 2,142 incidents including 60 

cases involving injuries or deaths were identified. Only seven cases reported deaths. The dataset 

was organized at the individual incident level with census data at the census block group level. 
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Information on each fire’s characteristics was added, including whether a fire was confined at the 

object of origin or not, heat sources, and origin of fire (Appendix A). 

 

Table 3.3. Identifying Unintentional Residential Fire Incidents 
Structure 
Fire Code Description Applied 

111 Building fire. Excludes confined fires (113–118). ✓ 

112 

Fire in structure, other than in a building. Included are fires on or in 
piers, quays, or pilings: tunnels or under- ground connecting 
structures; bridges, trestles, or overhead elevated structures; 
transformers, power or utility vaults or equipment; fences; and tents. 

 

113 
Cooking fire involving the contents of a cooking vessel without fire 
extension beyond the vessel. 

✓ 

114 
Chimney or flue fire originating in and confined to a chimney or flue. 
Excludes fires that extend beyond the chimney (111 or 112). 

✓ 

115 
Incinerator overload or malfunction, but flames cause no damage 
outside the incinerator 

 

116 
Fuel burner/boiler, delayed ignition or malfunction, where flames 
cause no damage outside the fire box 

✓ 

117 
Commercial compactor fire, confined to contents of compactor. 
Excluded are home trash compactors. 

 

118 
Trash or rubbish fire in a structure, with no flame damage to structure 
or its contents. 

 

Property 
Use Code Residential Applied 

419 
1- or 2-family dwelling, detached, manufactured home, mobile home 
not in transit, duplex. 

✓ 

429 
Multifamily dwelling. Includes apartments, condos, townhouses, 
rowhouses, tenements. 

✓ 

439 Boarding/rooming house. Includes residential hotels and shelters. ✓ 
449 Hotel/motel, commercial.  

459 
Residential board and care. Includes long-term care facilities, halfway 
houses, and assisted-care housing facilities. Excludes nursing facilities 
(311). 

✓ 

460 Dormitory-type residence, other.  
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462 Sorority house, fraternity house.  

464 
Barracks, dormitory. Includes nurses’ quarters, military barracks, 
monastery/convent dormitories, bunk houses, workers’ barracks. 

 

400 Residential, other. ✓ 
Cause of 
Ignition Description Applied 

1 Intentional  
2 Unintentional ✓ 
3 Failure of equipment or heat source ✓ 
4 Act of nature ✓ 
5 Cause under investigation  
U Cause undetermined after investigation  

Fire descriptions and their codes source: (U.S. Fire Administration National Fire Data Center, 
2015) 
 

Table 3.4. 2012-2015 Unintentional Residential Fire Statistics at the Census Tract Level (N=829) 
in the 11 Cities 
 Total Minimum Mean Median Maximum 
Fire Incidents 4,905 0 5.92 5 34 
Deaths 15 0 0.02 0 2 
Injuries 181 0 0.22 0 6 
Deaths and Injuries 196 0 0.24 0 6 
 

3.2 Methods 

3.2.1 K-Function Method 

As this study is primarily interested in examining unintentional residential fire incidents, 

it is important for the method to allow assessment of potentially differences between intentional 

and unintentional residential fires.  

Ripley’s K-function is a tool which allows for analyzing spatial association in point 

patterns. It provides a description of spatial dependence over a wide range of scales and allows 
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for hypothesis testing, parameter estimation, and model fitting (Bailey & Gatrell, 1995; Dixon, 

2001; Ripley, 1977). The K-function is: 

𝐾 𝑡 = 𝜆!!𝐸[# 𝑒𝑥𝑡𝑟𝑎 𝑒𝑣𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑡 𝑜𝑓 𝑎 𝑟𝑎𝑛𝑑𝑜𝑚𝑙𝑦 𝑐ℎ𝑜𝑠𝑒𝑛 𝑒𝑣𝑒𝑛𝑡] 

where E is the normal expectation operator and 𝜆 is the density or mean number of events in the 

region of interest, which is assumed to be constant throughout the region (Bailey & Gatrell, 

1995, p. 92; Dixon, 2001, p. 1).  

The generalization of K(t) to more than one type of point processes is: 

𝐾!" 𝑡 = 𝜆!!𝐸[# 𝑡𝑦𝑝𝑒 𝑗 𝑒𝑣𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑡 𝑜𝑓 𝑎 𝑟𝑎𝑛𝑑𝑜𝑚𝑙𝑦 𝑐ℎ𝑜𝑠𝑒𝑛 𝑡𝑦𝑝𝑒 𝑖 𝑒𝑣𝑒𝑛𝑡] 

𝐾!" 𝑡 , where i is not the same as j, is known as the cross K-function, which can be used to 

examine relationships among different point processes. It is relevant to one of the two major 

themes when exploring a relationship between two types of events:  looking for independence as 

opposed to repulsion or attraction between the two types of events (Dixon, 2001, p. 6). Under the 

assumption of independence, locations of one type of event should be random with respect to 

those of the other type, regardless of the spatial distribution of both types of events. Therefore, 

the expected number of type 1 events within a distance (t) of a randomly selected type 2 event 

equals 𝜆 ∙ 𝜋 ∙ 𝑡!, which leads to 𝐾!" 𝑡 = 𝜋 ∙ 𝑡!. In the case of attraction, its value tends to be 

larger than 𝜋 ∙ 𝑡!, while it tends to be smaller than 𝜋 ∙ 𝑡!with a repulsion relationship (Bailey & 

Gatrell, 1995, p. 94). As the borders of a study area (R) are likely to be arbitrary, the issue of 

edge effects arises. Points located outside the study area are ignored when estimating K-function 

even though they are within distance t of a point. Due to possible biases originating from this, 

using an edge corrected estimator is suggested (Bailey & Gatrell, 1995, p 120; Dixon, 2001). 



 

36 

𝐾!" 𝑡 =
𝑅

𝑛!𝑛!
𝐼!(𝑑!")
𝑤!"

!!

!!!

!!

!!!

 

where 𝑛! and 𝑛! are the number of each type of event, and wij is the proportion of a circle around 

type 1 event i passing through type 2 event j. Ih(dij) becomes 1 if dij < t and 0 otherwise. The 

statistic that measures attraction (K12(t) > 𝜋 ∙ 𝑡!) or repulsion (K12(t) < 𝜋 ∙ 𝑡!) between two types 

of events can be denoted as: 

𝐿!" 𝑡 =
𝐾!" 𝑡
𝜋 − 𝑡 

This L-function is plotted against the distance (Bailey & Gatrell, 1995, p 121). Positive peaks 

indicate attraction while negative peaks illustrate repulsion. Since cross K-function assumes 

homogeneity in the intensity of a process, adjusting for inhomogeneity in the underlying 

population may be necessary if homogeneity is not supported (A. Baddeley, Rubak, & Turner, 

2015). By adopting a “correlation-stationary” assumption that the correlation between two points 

depends on their relative position, which also holds up in an inhomogeneous Poisson process, an 

inhomogeneous K-function can be defined as follows (A. Baddeley et al., 2015, p. 243; A. J. 

Baddeley, Møller, & Waagepetersen, 2000): 

𝐾!"!!" 𝑡 = 𝐸
1

𝜆(𝑥!)
1 0 < 𝑢 − 𝑥! ≤ 𝑡  | 𝑢 𝜖 𝐗

!!∈𝐗
 

All the paired points that are separated by a distance shorter than t will be weighted by 

1/(𝜆!)(𝜆!), and then all of these weights can be summed to estimate the inhomogeneous K-

function. By transforming this, an inhomogeneous L-function can be obtained similar to the way 

the original K-function was transformed. Its computation is enabled by the argument Linhom in 
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the spatstat package in R (A. Baddeley, 2018). It is appropriate to apply to residential fire 

datasets for examining independence between the two types of fires – intentional and 

unintentional residential – as the intensity of incidents may vary with housing density. 

Another theme taking into account heterogeneity in the underlying population is related 

to random labeling, through which one type of events is labeled as a “case” and the other as a 

“control.” Here, testing a hypothesis of clustering is the main interest. For this, comparing a 

process to complete spatial randomness (CSR) may not be viable, when intensity of a type of 

event (e.g. disease) is expected to vary with the characteristics of the underlying population (e.g. 

population density). Therefore, it is recommended instead to use a reference process (i.e. 

“controls” process), which is another type of event that may be representative of variations in 

population (Bailey & Gatrell, 1995). For example, if “cases” of a disease are observed in a study 

area, a random sample of locations for a “control” event can be obtained from the population at 

risk. Bailey & Gatrell (1995) highlight that designating one type of event as case and the other as 

control is in fact an act of random sub-setting of events from combined spatial processes. If no 

clustering of cases relative to controls is present, it indicates that cases are merely a random set 

of the combined group of cases and control events. 

In theory, K-functions are not varied regardless of random labeling. As a result, the 

formula below holds up: 

𝐾!! 𝑡 = 𝐾!! 𝑡 = 𝐾!" 𝑡 	

If cases are type 1 events and controls are type 2 events, a graph of 𝐾!! 𝑡 − 𝐾!! 𝑡  against 

distance t can be used to examine whether the case process deviates from being a random set of 

both types (Bailey & Gatrell, 1995, p. 128). This difference between K-functions can provide 
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empirical evidence on whether intentional residential fire incidents are a mere subset of all the 

residential fire incidents in the study area. If this is the case, the obtained graph will indicate no 

clustering of arson cases that occurred at residential buildings relative to the unintentional 

residential fires. The results can be obtained through an argument of kdest in the smacpod 

package (French, 2018).	

3.2.2 Eigenvector Spatial Filtering Method 

Spatial autocorrelation describes how observations of a variable within a relatively close 

range tend to have values more similar or dissimilar than those located further away. If this 

tendency persists in the residuals of statistical models constructed based on those observations, it 

violates the classical statistical assumption of independent observations (Griffith, 2013). This 

leads to a bias in the standard errors of the parameter estimates, which may lead to inaccurate 

statistical decisions by erroneously rejecting a null hypothesis of no effect (F Dormann et al., 

2007).  

One method for dealing with spatial autocorrelation is eigenvector spatial filtering (ESF), 

which can be efficiently applied in multiple applications including Poisson and negative 

binomial models (Chun, 2014). ESF employs the decomposition of matrix MCM (where 

Μ = Ι− 11! /𝑛 and 1 is a vector of ones), generating a set of n eigenvalues and their 

corresponding eigenvectors: (Chun, 2014, p. 167; Chun, Griffith, Lee, & Sinha, 2016, p. 69) 

MCM = EΛE!! = EΛE!  

Λ is a diagonal matrix where its diagonal elements are the n eigenvalues, 𝜆 = (𝜆!, 𝜆!,⋯ , 𝜆!)  

ordered from largest to smallest.  E = (E!,E!,⋯ ,E!) are the n corresponding eigenvectors, 
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which are mutually orthogonal and uncorrelated. These selected eigenvectors, acting as proxy 

variables, are capable of filtering spatial autocorrelation out of the regression residuals by 

capturing a stochastic signal component (Griffith, 2000; Tiefelsdorf & Griffith, 2007).  

An ESF model for cross-sectional data, assumed to follow a Poisson or negative binomial 

distribution, is depicted as:  

Exp Y = g!!(Xβ+ Eγ) 

where Y is a response dependent variable, Exp is the expectation operator, g is a natural 

logarithm link function for Poisson data, X is a design matrix with covariates and a vector of 

ones for the intercept, E are eigenvectors, and β and γ are vectors of the estimate parameters 

(Chun, 2014, p. 167). It is suggested that identification of a set of the Eigenvectors can be 

implemented in a stepwise manner, which allows the level of spatial autocorrelation to be 

minimized in each step of selection (Tiefelsdorf & Griffith, 2007).  

 

Figure 3.3. Moran's Scatter Plot 
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When examining the association between number of residential fires and a set of risk factors in 

census tracts in 11 cities of the Dallas–Fort Worth Metroplex, substantial spatial autocorrelation 

was detected in the dependent variable (Figure 3.3). Therefore, an ESF Poisson model was 

constructed using R (Chun & Griffith, 2013) to adequately account for spatial autocorrelation. 

3.2.3 Two-step Floating Catchment Area (2SFCA) Method 

Spatial accessibility to sources of services is a measurement of the spatial connection 

between the supply and demand of services after taking into account travel distance or time. It 

has often been applied when examining access to health care, particularly in the context of urban 

areas (Guagliardo, 2004; Wang, 2012). The two-step floating catchment area (2SFCA) method 

and its modified versions, such as the enhanced two-step floating catchment area (E2SFCA) 

method, modified two-step floating catchment area (M2SFCA) model, and integrated floating 

catchment area (iFCA) method have been widely used primarily to measure spatial accessibility 

to primary care service providers (Bauer & Groneberg, 2016; Delamater, 2013; Luo, 2004; Luo 

& Qi, 2009).  

The 2SFCA method is a special case of gravity models which considers a service 

provider in a closer range to be more accessible than a more distant one. It captures interactions 

between the supply and demand of services in and out of discrete geographic boundaries, such as 

ZIP Codes or counties, by using floating catchment areas instead of provider-population ratios 

(PPRs) in each discrete census unit (Luo & Wang, 2003). Circular catchment areas are defined 

by a chosen maximum travel impedance – either time or distance – and float from one population 

center to another, occasionally overlapping (Luo, 2004). As a result, 2SFCA provides a fine 

spatial resolution for measurements of spatial accessibility to services, thus enabling the 
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identification of varied patterns in spatial accessibility. 2SFCA consists of two steps which 

determine service provision capacity at a service catchment area and spatial accessibility at a 

population catchment area, respectively (Luo, 2004; Luo & Wang, 2003, p. 872): 

Step One: For each service provider location j, find all population locations (k) that fall in a 

catchment area at j that is determined by maximum travel impedance (𝑑!" ≤ 𝑑!"#). Find 𝑃!, 

population at a location k, and 𝑆!, the volume of service providers in a catchment area j. The 

provider-to-population ratio 𝑅! in a service catchment area can be calculated as: 

𝑅! =
!!

!!!∈{!!"!!!"#}
  

Step Two: For each population location i, find all service provider locations (j) that fall in a 

catchment area at i that is determined by the same travel impedance. A population location’s 

spatial accessibility 𝐴! can be obtained by summing up 𝑅! within a population catchment area.  

𝐴! = 𝑅!!∈{!!"!!!"#}  

When the 2SFCA method is used to evaluate spatial accessibility to primary care 

services, well-known limitations include the use of an identical catchment area size for all 

populations and services and an assumption that distance-decay effects associated with the 

utilization of services is ignored within a catchment (Luo, 2004).  However, these limitations 

may not be significant when examining spatial accessibility to fire protection services, due to 

characteristics unique to fire protection services. While consumers of health care services travel 

from their residences to service providers, fire protection service providers instead must travel to 

assigned consumer locations to respond to fire incidents. Additionally, a residence relatively far 

from a fire station does not imply any less demand or need for fire protection services. In this 
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regard, distance-decay effects in a catchment can be disregarded. Moreover, a uniform catchment 

area size for all populations and services can in this case be acceptable. Fire responding units are 

dispatched based on closest proximity in Dallas City (Campbell, 2009), and National Fire 

Protection Association (NFPA) standards state that the first unit must arrive to an incident 

location within 4 minutes travel time (National Fire Protection Association, 2010a). This limit 

can be used as guidance for maximum travel impedance for the nearest fire station’s catchment 

areas. Since the Texas Transportation Code sets a speed limit of 30 miles per hour in urban 

districts (State of Texas, 1995), 4-minute travel time is equivalent to 2 miles of Euclidean 

distance, or approximately 2.22 miles of road distance using the optimal Minkowski coefficient 

1.54 (Shahid, Bertazzon, Knudtson, & Ghali, 2009). Since 95.4 percent of the fire incidents 

examined in this study showed no more than 2.22 miles of road travel distance between the 

incident location and its nearest fire station, circular catchment areas with a 2-mile radius were 

used as threshold travel distance for first responders, as recommended by the NFPA standard. 

This does not necessarily mean that fire fighters do not travel beyond this distance. Since Dallas 

City has mutual aid agreements with surrounding cities, city fire stations and volunteer fire 

departments in 19 adjacent cities were considered when estimating spatial accessibility from 

population centers located near city borders.  

While each fire station has a fire engine, which pumps water, not every station has a fire 

truck, which supports firefighting activities by carrying ladders and other equipment (Dallas 

Fire-Rescue Department, 2018). Since a fire engine is a critical firefighting apparatus, the service 

capacity of fire stations was uniformly set to be 1 across the city. 
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Similar to studies employing the 2SFCA method to assess spatial accessibility to health 

care services, this study relied on data at the census block group level, which is the most granular 

unit publicly released with census demographic and socioeconomic data (Mao & Nekorchuk, 

2013; Nasseh, Eisenberg, & Vujicic, 2017). Using Esri’s ArcGIS 10.4, 2SFCA was applied to 

measure spatial accessibility (Vo, Plachkinova, & Bhaskar, 2015) to fire protection services 

based on centroids of census block groups and locations of fire stations in the study area. As the 

size of census block groups in the study area were sufficiently small, geographic centroids were 

used instead of population-weighted-centroids. Geocoding was carried out by using the Census 

Geocoder (U.S. Census Bureau, 2017c). 

3.2.4 Logistic Regression 

A multiple logistic regression analysis was used to examine which variables were 

independently associated with fire related injury or death in Dallas City, Texas. The outcome 

variable was whether an unintentional residential fire incident involved any injuries or deaths. 

The simple logistic model predicting the probability of the outcome is defined as 

𝑃 𝑥 = !"# (!!!!!!)
!!!"#(!!!!!!)

 and the model becomes linear in the predictor as follows: 

𝑙𝑜𝑔 !(!)
!!!(!)

= 𝛽! + 𝛽!𝑥, which indicates the log odds of the outcome, is related to x in a linear 

manner. The assumptions of the logistic model on the dependent variable include: (a) the 

outcome variable follows a Binomial distribution, and (b) the mean E 𝑦|𝑥 = 𝑃(𝑥), and (c) the 

outcome values are statistically independent (Vittinghoff, Glidden, Shiboski, & McCulloch, 

2011, p. 142).  
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Initial independent variables included fire characteristics: fire origination area, heat 

sources, whether the fire occurred at night-time, and whether the fire was unconfined. Heat 

source indicates whether a fire’s heat was driven by open flame, smoking materials including 

cigarettes and candles, operating equipment including spark, ember, flame and electrical arcing, 

or by other sources. An unconfined fire refers to a fire that was not contained at the object of 

origin (U.S. Fire Administration National Fire Data Center, 2015). Night-time fires are those 

whose alarms were received between 10:00 pm and 6:00 am. Demographic and socioeconomic 

factors at the at the census block group level were also included, such as above 75 percent non-

Hispanic African American residents, above 25 percent single-person households over the age of 

64, and above 25 percent recently built structures (after 2000). The inclusion of these variables is 

based on findings from other studies, where African American and elderly populations, as well 

as old housing structures, were indicated as significant risk factors for residential fire injuries or 

deaths (Hasofer & Thomas, 2006; Istre et al., 2001; Roberts & Diguiseppi, 1999; Texas 

Department of Insurance, 2015). The analysis was carried out using the glm (generalized linear 

model) function of the stats package in R version 3.3.3. 
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CHAPTER 4 

RESULTS 
 

First, spatial patterns of arson and non-arson incidents are examined. Census tract level 

analyses involve understanding the differences in risk factors for unintentional residential fire 

incidents versus the resulting injuries or deaths. The subsequent analyses examine spatial 

accessibility to fire protection services in the City of Dallas and investigate its association with 

unintentional residential fire related injuries and deaths as a potential risk factor. 

4.1 Spatial Distribution by Fire Type: Difference Between Intentional and 

Unintentional Residential Fire Patterns Analysis 

In order to examine whether the risk factors for intentional and unintentional residential 

fires differ from each other, point pattern analyses using the inhomogeneous L-function and the 

difference in K-function were carried out with data from 11 cities of the Dallas–Fort Worth 

Metroplex by using the Linhom function in spatstat (v1.55-1) and kdest function in smacpod 

(v2.0) packages of R, respectively.  

First, the bandwidth value for non-arson fires was used to determine density of non-arson 

incidents. Taking the inhomogeneous L-function of arson incidents and incorporating the 

intensity of non-arson fires shows that the function remains inside the confidence envelopes, as 

shown in Figure 4.1. This indicates that point patterns of arson cases are randomly distributed 

(i.e. independent, no attraction or repulsion) with the surface of non-arson fires integrated. 

Secondly, the difference of K functions for cases (arson) and controls (non-arson) which is 

defined as KD(r) = Kcases(r) - Kcontrols(r), was used to detect differences in patterns in the two-
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point processes. Using a Monte Carlo simulation, incidents were randomly labeled as cases and 

controls, and KD(r) was computed at a range of distances to test its null hypothesis which is 

KD(r)=0. The confidence envelopes were also generated. As shown in Figure 4.2, the line for 

empirical KD(r) falls well outside the confidence envelopes, indicating that there are significant 

differences in the K functions for arson residential fires (cases) relative to non-arson residential 

fires (controls). As KD(r) appears above the upper limit of the confidence envelopes, we can say 

that arson cases exhibit clustering, compared to non-arson fires (Ramis et al., 2015). The results 

suggest that the arson residential fires are not merely a random subset of all residential fires; they 

should be evaluated as separate events with unique risk factors. 

 

 

Figure 4.1. Inhomogeneous L-Function with Envelopes 
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Figure 4.2. Difference Between the K-Functions 
 

4.2 Census Tract Level Analyses on Risk Factors for Unintentional Residential Fires 

and Resulting Injuries and Deaths 

Table 4.1 shows the descriptive statistics of the variables. The initial numbers of 

unintentional residential fire incidents and resulting injuries and deaths identified were 4,905 and 

196, respectively, among 829 census tracts in 11 cities in the Dallas–Fort Worth Metroplex from 

2012 to 2015. Due to missing data, only 802 census tracts were included in the analysis, 

reflecting 4,835 fire incidents and 195 injuries and deaths. On average, 6.03 fire incidents were 

identified in each census tract with a minimum of 0 and a maximum of 34. Figure 4.3 illustrates 

the density distribution for fire incidents. In comparison, the mean number of injuries and deaths 

was 0.24 with a minimum of 0 and a maximum of 6. The density distribution for injuries and 
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deaths is shown in Figure 4.4. Natural log of population was used as an offset variable in the 

models. 

Table 4.2 illustrates the results by non-spatial Poisson, non-spatial negative binomial, and 

spatially filtered Poisson models. Overdispersion, where the variance is larger than the mean, is 

often present in empirical data employing Poisson-based models. It originates from spatial 

autocorrelation or other model specification problems (Chun, 2014). The overdispersion 

parameter, which if above 1 indicates serious overdispersion was obtained by computing the sum 

of squares of the n standardized residuals !
!!!

𝑧!!!
!!!  and then comparing to the distribution in 

𝜒!!!! 	distribution (Gelman & Hill, 2006). In the initial Poisson model, some degree of 

overdispersion was observed. A negative binomial model did not show much improvement. The 

overdispersion parameter decreased notably, however, in the ESF Poisson model, closer to 1. 

While the values of Moran’s I in the residuals for the Poisson and negative binomial models 

were statistically significant at 0.19 (P<0.001), its value in the ESF Poisson model became 

statistically insignificant. This indicates that the spatial filtering specification adequately 

accounted for spatial autocorrelation. Moreover, a substantially smaller value of AIC in the ESF 

Poisson model indicates that this model performed better than the other two.   

Unlike the non-spatial Poisson and negative binomial models, the ESF Poisson model 

indicates prevalence in smoking as a positively significant variable and prevalence in binge 

drinking as an insignificant variable. This difference on statistical decisions may have been 

influenced by unexplained spatial autocorrelation (Chun, 2014). Positive association between 

smoking rates and residential fires is consistent with the previous literature, and the findings 

from the ESF Poisson model are likely more reliable. Other significant variables in the ESF 
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Poisson model include vacant structure rate, rate of African American residents, and median 

structure age. In other words, unintentional residential fire incidents are more likely to take place 

in locations with a higher rate of vacant structures (0.021), a higher rate of African American 

residents (0.013), and a higher median structure age (0.012). This implies vacant structures are 

relatively more vulnerable to fire spread or electric faults (Schachterle et al., 2012). Old housing 

structures may be susceptible to fires, as old buildings tend to have dated building safety codes 

and deteriorated electrical and heating systems, which could lead to fires related to electric fault 

or heating equipment failure (Shai, 2006). Moreover, positive association between the number of 

fire incidents and the rate of African American residents indicates unintentional residential fires 

may be more likely to occur in disadvantaged communities (Istre et al., 2001). 

In relation to the number of injuries and deaths caused by unintentional residential fires, 

significant risk factors appeared differently. Figure 4.4 raises concern about the presence of 

excessive zeroes in the data. However, Vuong test results were mixed, and a zero-inflated 

negative binomial model did not improve overdispersion. Since a negative binomial model 

accounts for overdispersion in the Poisson model to some extent, it can be considered as an 

appropriate model. As there was no significant spatial autocorrelation detected in the dependent 

variable, ESF models were not constructed. Table 4.3 suggests only two variables (rate of 

African American residents and median structure age) were positively significant, indicating that 

community-level census data may not be sufficient to adequately identify risk factors for 

residential fire related injuries and deaths. A different approach for modeling and additional data, 

including fire characteristics of each incident and spatial accessibility to fire stations that 

represent location characteristics of neighborhoods, may provide more comprehensive 
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information. As such, spatial accessibility was measured and added to a model with other 

variables.  

Table 4.1. Descriptive Statistics (Observation Unit = Census Tract) 
Variable Obs. Mean   SD Min Max 
DV      
Number of fire incidents (N=4,835) 802  6.03   4.87 0.00 34.00 
Number of injuries and deaths (N=195) 802  0.24   0.64 0.00   6.00 
IV      
Binge drinking (%) 802 17.18   2.88 2.50 29.30 
Smoking (%) 802 17.62   5.39 4.70 34.50 
Rate of 1-person households older than 
64 (%) 

802   7.13   5.15 0.00 30.00 

Vacant structure rate (%) 802  8.60   5.59 0.00 32.00 
Rate of African American residents (%)  802 17.95 18.97 0.00 98.00 
Median structure age (year) 802 36.45 15.87 6.00 75.00 
Population (log) 802   8.40   0.50 4.26 10.12 
 

 

Figure 4.3. Density of Unintentional Residential Fires 
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Figure 4.4. Density of Unintentional Residential Fire Related Injuries or Deaths 
 

 

Table 4.2. Results for the Poisson, Negative Binomial, and Spatially Filtered Poisson Models: 
Association Between Risk Factors and the Number of Unintentional Residential Fire Incidents 

 
Poisson 

  
NB 

  
ESF 

Poisson   
 Coef SE P Coef SE P Coef SE P 

Intercept -7.352 0.202 <0.001‡ -7.337 0.273 <0.001‡ -7.625 0.251 <0.001‡ 
Binge 

drinking 
-0.032 0.008 <0.001‡ -0.03 0.011 0.007† -0.018 0.01 0.067 

Smoking 0.008 0.004 0.059 0.006 0.006 0.324 0.013 0.005 0.006† 
Rate of 1-

person 
households 

older than 64 

0.005 0.003 0.131 0.005 0.005 0.274 0.003 0.003 0.39 

Vacant 
structure rate 

0.022 0.003 <0.001‡ 0.021 0.004 <0.001‡ 0.021 0.003 <0.001‡ 

Rate of 
African 

American 
residents 

0.013 0.001 <0.001‡ 0.014 0.001 <0.001‡ 0.013 0.001 <0.001‡ 
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Median 
structure age 

0.014 0.001 <0.001‡ 0.014 0.002 <0.001‡ 0.012 0.001 <0.001‡ 

          
Overdispersio
n parameter 

1.84 
  

1.82 
  

1.35 
  

Moran’s I in 
residuals 

0.19‡   0.19‡   -0.09   

AIC 4211.02 
  

4013.
97   

3822.76 
  

Pseudo R2 0.85 
  

0.67 
  

0.93 
  

*P<0.05; †P<0.01; ‡P<0.001. The maximum VIF for Poisson model is 2.79. Nagelkerke pseudo R2 

measures are reported. 
 

 

Table 4.3. Results for the Poisson and Negative Binomial Models: Association Between Risk 
Factors and the Number of Unintentional Residential Fire Related Injuries and Deaths 

 
Poisson 

  
NB 

  
 

Coef SE P-value Coef SE P-value 
Intercept -9.375 0.869 <0.001‡ -9.176 1.098 <0.001‡ 

Binge drinking -0.07 0.036 0.053 -0.075 0.046 0.097 

Smoking -0.031 0.019 0.108 -0.037 0.024 0.129 

Rate of 1-
person 
households 
older than 64 

0.016 0.016 0.329 0.0114 0.02 0.575 

Vacant 
structure rate 

0.021 0.015 0.152 0.023 0.018 0.209 

Rate of 
African 
American 
residents 

0.012 0.004 0.005† 0.012 0.006 0.030* 

Median 
structure age 

0.018 0.006 0.002† 0.018 0.007 0.011* 
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Overdispersion 
parameter 

1.61 
  

1.58 
  

AIC 1010.8 
  

959.17 
  

Pseudo R2 0.12 
  

0.10 
  

*P<0.05; †P<0.01; ‡P<0.001. The maximum VIF for negative binomial model is 2.21. Nagelkerke 
pseudo R2 measures are reported. 
 

4.3 Analysis on Risk Factors for Unintentional Residential Fire Related Injuries and 

Deaths: Spatial Accessibility 

4.3.1 Distribution of Spatial Accessibility to Fire Protection Services 

Spatial accessibility to fire protection services within a 2-mile radius from each census 

block group in 2015, measured by the 2SFCA method, is shown in Figure 4.5. While a minimum 

population-to-provider ratio of 3,500:1 (Bureau of Health Workforce Health Resources and 

Services Administration (HRSA), 2018) has been used to identify physician shortage areas for 

primary care service, there is no standard way to determine such ratio for providing fire 

protection services. Accordingly, interpretation of the distribution of spatial accessibility should 

be made in relative terms. With the capacity of fire stations set to 1, spatial accessibility index 

scores were made for census block groups and further multiplied by 100,000 for the index to 

range from 0 to 20.3. The citywide mean index score was 4.9. Areas with relatively low spatial 

accessibility (index score below the city mean) mostly appeared in the southwest, southeast and 

northeast parts of the city. 
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Figure 4.5. Distribution of Spatial Accessibility to Fire Protection Services at the Census Block 
Group Level, Dallas City, Texas 
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4.3.2 Statistical Analysis on Spatial Accessibility as a Risk Factor for Unintentional 

Residential Fire Related Injuries and Deaths 

Since there were only seven cases reporting deaths in Dallas City, injuries and deaths 

were not distinguished in this analysis. As seen in Table 4.4, unconfined fire, fire origin area and 

higher than 25 percent elderly single-person households were statistically significant (p<0.05) in 

the initial model. The subsequent models included population change rates and spatial 

accessibility to fire protection services. 

Table 4.4 summarizes the multiple logistic regression analysis. Model 2, where average 

population change rate between 2010 and 2015 was added, demonstrated a statistically 

significant association with residential fire related injury (p<0.01). When an index score of 

spatial accessibility to fire protection services was added to Model 3, this also showed significant 

association (p<0.05). In this model, the rate of African American residents was additionally 

found to be a significant predictor (p<0.05). Its model fit also improved (𝜒!=4.29, df=1, p<0.05). 

Using Model 3, Table 4.5 shows the probability of injury or death in unintentional residential fire 

incidents. It indicates that fire factors including unconfined fire (OR=3.59), fire origination in a 

cooking area (OR=3.82), less than five bedrooms (OR=4.53), and common family area 

(OR=8.30) were significant independent predictors. Neighborhood factors at the census block 

group level such as greater than 75 percent African American residents (OR=1.99), more than 25 

percent single elderly-person households (OR=4.87), and population growth rate less than 25 

percent (OR=2.93) and above 25 percent (OR=3.74) were also significant predictors. Moreover, 

an increase of 1 in spatial accessibility score was expected to be associated with about a 10 
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percent decrease (OR=0.90) in the odds of an unintentional residential fire incident involving 

injury. 

The results from the logistic analysis indicate that fire characteristics need to be 

controlled for when examining the association between risk factors and fire related injuries or 

deaths. In addition, these risk factors may not be limited to demographic and socioeconomic 

factors of resident groups in neighborhoods; location characteristics not endogenous to the 

characteristics of residents appear to be significant risk factors as well, and can be represented by 

spatial accessibility to fire protection services. Integrating supply of services, demand for 

services, and the distances between the two, spatial accessibility adequately captures the spatially 

varied connections between neighborhoods and the services they depend upon. The distribution 

of spatial accessibility is informative for identifying areas where additional resources can 

adequately serve to reduce fire injury risks. Further implications of the study findings are 

discussed in the following chapter.   
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Table 4.4. Multiple Logistic Analysis: Association Between Risk Factors and Unintentional 
Residential Fire Incident Involving Injury or Death (N=2,142) 
Risk factor  Model1 Model 2 Model3 (SE) 

Fire factor  Unconfined fire  1.25*  1.26*  1.28 (0.54)*  

Fire at night time	 -0.13	 -0.11	 -0.08 (0.32) 

Fire originated area    

 Cooking area  1.34‡  1.35‡  1.34 (0.39)‡  

 Bedroom for less than five people  1.44‡  1.45‡  1.51 (0.43)‡ 

 Common family area   2.02‡  2.03‡  2.12 (0.46)‡ 

 Heat sources    

 Operating equipment  0.13  0.11  0.11 (0.36) 

 Open flame or smoking materials  0.22  0.19  0.17 (0.44) 

Demographic/ 

socioeconomic 

/housing factor 

Rate of African American residents 

(above 75%) 

 0.32  0.50  0.69 (0.33)* 

Rate of 1-person households older than 

64 (above 25%) 

 1.33‡  1.61†  1.59 (0.53)† 

 Rate of structures built since 2000 

(above 25%) 

-0.30 -0.47 -0.47 (0.40) 

Population  Population change rate (2010 – 2015)    

 change factor 0 – 25% ⎯  1.10†  1.07 (0.35)† 

 Higher than 25%  ⎯  1.32†  1.32 (0.41)† 

Spatial 

accessibility 

Spatial accessibility score  ⎯ ⎯ -0.11 (0.06)* 

AIC   527.2  516.7  514.4 

*P<0.05; †P<0.01; ‡P<0.001 
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Table 4.5. Odds Ratios for Multiple Logistic Regression Analysis on the Probability of Injury or 
Death in Unintentional Residential Fire Incidents 
Risk factor  Odds ratio 95% CI p 

Fire factor  Unconfined fire 3.59 1.41 – 12.16 0.017* 

Fire at night time	 0.93	 0.48 – 1.68	 0.810 

Fire originated area    

 Cooking area 3.82 1.82 – 8.63 <0.001‡ 

 Bedroom for less than five people 4.53 1.97 – 10.81 <0.001‡ 

 Common family area  8.30 3.34 – 20.90 <0.001‡ 

 Heat sources    

 Operating equipment 1.11 0.56 – 2.38 0.767 

 Open flame or smoking materials 1.18 0.50 – 2.87 0.705 

Demographic/ 

socioeconomic

/housing factor 

Rate of African American residents 

(above 75%) 

1.99 1.01 – 3.76 0.039* 

Rate of 1-person households older than 

64 (above 25%) 

4.87 1.54 – 12.86 0.003† 

 Rate of structures built since 2000 

(above 25%) 

0.63 0.26 – 1.31 0.248 

Population  Population change rate (2010 – 2015)    

change factor 0 – 25% 2.93 1.51 – 6.07 0.002† 

 Higher than 25%  3.74 1.67 – 8.58 0.001† 

Spatial 

accessibility 

Spatial accessibility score 0.90 0.80 – 0.99 0.048* 

*P<0.05; †P<0.01; ‡P<0.001; Likelihood ratio 𝜒!=60.96, df=13, p<0.001; Pseudo R2=0.11 
(McFadden); Hosmer-Lemeshow 𝜒!=9.77, df=8, p=0.28; Maximum variance inflation 
factor=1.07 
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CHAPTER 5 

DISCUSSION 
 

5.1 Residential Fire Incidents and Resulting Injuries and Deaths 

The findings from the analysis on risk factors for residential fire incidents at the census 

tract level show prevalence of smoking, vacant structure rate, rate of African American residents, 

and median age of structure are significant risk factors, which is consistent with the literature. 

However, in the analysis where the dependent variable was the number of injuries and death, 

only rate of African American residents and median age of structure were found to be significant 

variables. Since vacant structure rate has been known to be associated with fire incidents, not 

injuries and deaths, its insignificance in a model to investigate injuries and deaths seems to be 

reasonable. Neither of the prevalence of smoking and drinking appeared as a significant risk 

factor although smoking was positively associated in a bivariate analysis (Coef: 0.047, p<0.01). 

This insignificance in a multiple regression analyses is inconsistent with literature, particularly 

smoking. Studies indicate that smoking and drinking are significantly associated with fatal 

residential fires, although smoking may have a bigger impact on fire deaths than drinking does 

(Ballard, Koepsell, & Rivara, 1992; Diekman et al., 2008). Perhaps an effect of smoking variable 

may have been overwhelmed by other risk factors or more information in different modeling 

approaches might be necessary for further examination. The takeaway from the census tract level 

analyses is that risk factors for unintentional residential fire incidents and those for fire related 

injuries and deaths are fairly dissimilar to each other.  
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5.2 Spatial Accessibility as a Risk Factor 

This study measured spatial accessibility to fire protection services in the City of Dallas, 

Texas along with its association with unintentional residential fires involving injury or death. 

First, uneven spatial accessibility across the city was observed (Figure 4.5). This implies that the 

connection between demand and provision of fire protection services within the travel time 

threshold for first responders recommended by the NFPA standard was not uniformly distributed 

across the city. While the center of the city showed relatively high spatial accessibility, areas 

with index scores below the citywide mean in the southwest, southeast, and northeast parts of the 

city indicated two types of low spatial accessibility. The first type included areas with census 

block groups that had population densities higher than the city mean (3,818 per square mile in 

2015). In these areas, lower spatial accessibility (mean index score: 4.7 versus 5.2, p<0.01, t-test) 

was likely driven by a large number of populations to serve compared to the provision of 

services. The second type included areas with road network distances longer than 2.22 miles 

between the census block group centroids and the nearest fire station, aligning to the radius of 

our catchment areas. These areas also indicated lower spatial accessibility (mean index score: 3.7 

versus 5.0, p<0.001, t-test), reflecting low availability of fire stations due to distant locations.  

In the multiple logistic regression analysis, spatial accessibility measurements 

demonstrated a statistically significant negative relationship with unintentional residential fire 

related injury or death. Although the magnitude of odds ratios was relatively small compared to 

other risk factors, it highlights the possibility that improved spatial accessibility to fire protection 

services might play a role in decreasing the risk of residential fire related injury or death.   
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The analysis results for the risk factors related to fire characteristics, rate of African 

American residents, and rate of one-person household of senior residents were consistent with 

previous literature. Elderly populations have been known to be vulnerable to residential fire 

injury or death, and the results further illustrated the potential risks of living alone for seniors, 

likely caused by reduced mobility or physical impairment which may impede egress from a fire 

(Harpur, Boyce, & McConnel, 2014). On the other hand, while neighborhood population density 

has been found to be connected to fire occurrence risk in urban areas (Jennings, 1999), it did not 

show significant association with the risk of unintentional residential fire related injury or death 

in this research. However, rates of population change over the recent five years (2010-2015) 

indicated a statistically significant relationship. This may be due to a population influx leading to 

an increase in groups of population that are vulnerable to fire injury. As the city’s population 

grows, population change rate and distribution of spatial accessibility scores can jointly be used 

to identify potential areas in need of additional provision for fire stations. In Figure 5.1, census 

block groups with spatial accessibility scores lower than the city mean and average population 

growth rates higher than 25 percent were generally observed in the southwest and southeast 

service areas, as well as near city borders in the south central area.  

Furthermore, Figure 5.2 illustrates distribution of spatial accessibility to fire protection 

services and median income at the census block group level. The area median income (AMI) by 

the U.S. Department of Housing and Urban Development (HUD), used to determine affordable 

housing assistance eligibility, established $35,200 as a low household income limit in Dallas in 

2015, accounting for 41% of households (City of Dallas, 2015). Not all low-income census block 

groups demonstrate relatively low spatial accessibility to fire protection services. A mixed 
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distribution is observed across the city in general. Nevertheless, most of the low-income census 

block groups in northeast and southwest service areas showed relatively low spatial accessibility, 

indicating disparity in spatial accessibility between low income and non-low income 

neighborhoods in those areas.  

 

Figure 5.1. Areas with Low Spatial Accessibility Score and Average  
Population Change Rate from 2010 to 2015 
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Figure 5.2. Distribution of Spatial Accessibility and Median Income 
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5.3 Limitations 

The study findings should be interpreted in the context of the limitations of this study. 

While the presence of functional smoke detectors has been found to play a substantial role in 

preventing fire injuries (DiGuiseppi, Roberts, & Li, 1998; Istre et al., 2001; Mallonee et al., 

1996), the data did not contain sufficient information on this factor to include in our analysis. 

Additionally, the severity of injury, including and up to death, was not distinguished due to a 

considerably small number of cases resulting in injury or death. Thus, the analysis focused 

exclusively on whether or not a residential fire involved injury or death. In addition, the capacity 

of fire protection services in this study was represented by the presence of a fire engine at a fire 

station. Individual characteristics of firefighting apparatus or the size of firefighting staff are 

likely to be varied among adjacent cities, but this falls outside the scope of the analysis and was 

not considered when estimating spatial accessibility from population centers located near the 

study area border. Finally, generalizability is limited in that the findings were based on a sample 

within one city.  

5.4 Implications 

To the author’s knowledge, this is the first study to assess the distribution of spatial 

accessibility to fire protection services as a risk factor for injury or death caused by unintentional 

residential fire incidents. Although this study does not reveal specific causal links between low 

spatial accessibility to fire protection services and unintentional residential fire related injury 

risk, the findings can be useful in contributing to guidelines for city management regarding the 

identification of potential areas that additional fire stations and other resources can adequately 



 

65 

serve. The distribution of spatial accessibility scores (Figure 4.5) and population density (Figure 

3.2) across the study area indicate two types of areas with low spatial accessibility – sparsely 

populated areas with relatively long distance to the nearest fire station, and densely populated 

areas with relatively low service capacity, meaning a large serving population compared to the 

supply of services. Among those, areas with high rates of population increase over the recent five 

years, 2010-2015 (Figure 5.1), are more likely to have unintentional residential fires that involve 

injuries or deaths. Considering this risk factor, city management could provide additional 

resources, such as fire-fighting staff or apparatus, to areas with low spatial accessibility due to 

dense population, where the density of fire stations is relatively high and distance to the nearest 

fire station is not the critical determinant of spatial accessibility. Moreover, in sparsely populated 

areas where distance to the nearest fire station causes low spatial accessibility, additional fire 

stations can be constructed. 

Since injury and death risks are positively associated with African American residents 

and senior single-person households, city management may target areas with high rates of low-

income population and seniors living alone for implementing fire injury prevention programs. 

After census tracts with the lowest median income in the City of Dallas were reported to have the 

lowest prevalence of installed smoke alarms, a program was initiated to provide and install 

smoke alarms in those areas (Istre et al., 2001). Although homeowners can make a request to the 

city to install smoke alarms at no charge (City of Dallas, 2016a), education programs supporting 

the maintenance of functioning smoke alarms can be a helpful intervention. Finally, maintenance 

and functionality aside, living alone was significantly associated with a lower prevalence of 

smoke detectors altogether (Zhang, Lee, Lee, & Clinton, 2006). Since elderly residents are 
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particularly vulnerable to fire injuries, a program for distribution and maintenance of smoke 

alarms could also focus on elderly population living alone.     

In Figure 5.2, most of the low-income census block groups in the northeast and southwest 

service areas demonstrate relatively low spatial accessibility. This indicates disparity in spatial 

accessibility between low income and non-low income neighborhoods in those areas. While the 

disparity may not be present in all parts of the city, local government may make efforts to 

address this imbalanced spatial accessibility to fire protection services among neighborhoods.      

Overall, the study’s approach using spatial accessibility may help with making more informed 

decisions locating public service provisions such as fire stations by considering the distribution 

of spatial accessibility in addition to housing and population density information, which is 

generally the primary driver of such decisions.   
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CHAPTER 6 

CONCLUSIONS 

Unintentional residential fire related injuries and deaths are a serious public health 

concern. Previous studies focused on risk factors that are endogenous to the characteristics of 

residents in neighborhoods. Since the effectiveness of fire protection service delivery contributes 

to alleviating the number and degree of fire injuries and deaths, it also needs to be taken into 

account in examining risk factors for residential fire related injuries and deaths. Location 

characteristics of neighborhoods, an exogenous factor, with balance in demand and supply 

capacity, may play a role in determining the effectiveness of fire protection service delivery. 

Spatial accessibility, a measurement of the spatial connection between the supply and demand of 

services after taking into account travel distance or time, integrates the location characteristics of 

neighborhoods and the dimensions of demand and supply capacity of fire protection services. In 

addition to risk factors that are endogenous to resident groups of neighborhoods, spatial 

accessibility to fire protection services may provide additional information in terms of residential 

fire related injuries and deaths.  

The main questions addressed by this study are: is spatial accessibility to fire protection 

services associated with unintentional residential fire related injuries and deaths? Is there 

disparity in spatial accessibility to fire protection services in the study area? 

Before answering to those questions, a number of explanatory analyses are carried out 

based on fire data from the U.S. Fire Administration, census data, and 500 Cities Project data 

from CDC. Difference in incident patterns between intentional and unintentional residential fires 

was examined in 11 cities in the Dallas–Fort Worth Metroplex for 2015. The results indicate that 
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those two types of incidents are independent from each other, and demonstrate significantly 

different patterns where intentional residential fires are clustered, compared to unintentional 

fires. It is an indicator that the arson residential fires are not merely a random subset of all 

residential fires and that the two types of fires should be evaluated as separate events with unique 

risk factors. Another analysis supports that risk factors for residential fires and resulting injuries 

and deaths need to be distinguished from one another. At the census tract level in the same study 

area, two Poisson-based models demonstrate the difference in the composition of statistically 

significant risk factors, highlighting the different natures of fire incidents and related injuries or 

deaths.  

Since injuries or deaths occur as a result of fire incidents, fire characteristics are added to 

modeling in addition to neighborhood characteristics at the census block group level, including 

spatial accessibility to fire protection services, measured by the two-step floating catchment area 

(2SFCA) method. To answer to the first main question, annual public fire incident data from 

2012 to 2015, obtained from the U.S. Fire Administration, census data, and spatial accessibility 

scores are analyzed using logistic regression. The study area is limited to the City of Dallas, 

Texas. Compared to incidents without any injuries, fire incidents involving injuries are 

significantly more likely to include unconfined fire (OR=3.59), fire originating in a cooking area 

(OR=3.82), a bedroom for less than five people (OR=4.53) or a common family area (OR=8.30), 

census block groups with more than 75% African American residents (OR=1.99), more than 

25% elderly single-person households (OR=4.87), and positive population growth rates less than 

25% (OR=2.93) or more than 25% (OR=3.74). Incidents involving injuries are significantly less 
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likely to occur in areas with high spatial accessibility, as measured by spatial accessibility score 

(OR=0.90).  

Uneven distribution of spatial accessibility to fire protection services is observed across 

the city. While the center of the city showed relatively high spatial accessibility, areas with index 

scores below the citywide mean are observed in the southwest, southeast, and northeast parts of 

the city. In the consideration of low-income status of neighborhoods, a mixed distribution of 

spatial accessibility between two groups is observed. Not all low-income census block groups 

exhibit low spatial accessibility scores. Nevertheless, most of the low-income census block 

groups in northeast and southwest service areas show low spatial accessibility score, implying 

disparity in spatial accessibility between low income and non-low income neighborhoods in 

those areas.  

Within the limitations of the data and assumptions, spatial accessibility to fire protection 

services, in addition to fire characteristics and neighborhood demographics, is significantly 

associated with unintentional residential fire related injuries and death. The study findings can be 

used to help identify high-risk neighborhoods for implementing fire injury prevention programs 

and select potential locations of additional fire stations. 
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APPENDIX A 

FIRE CHARACTERISTICS AND CATEGORICAL VARIABLES 

Table A.1. Specification of Fire Characteristics and Categorical Variables 
Variable: Unconfined Fire  Factor N 
0 Confined to the object of origin 0 1,728 
1 Non-confined to the object of origin 1 414 
Variable: Night-time Fire	 Factor N 
0	 Alarm received outside between 10:00 pm and 6:00 am	 0 1,602 
1	 Alarm received between 10:00 pm and 6:00 am	 1 540 
Variable: Heat Source Variable Factor N 

Operating Equipment 1,257 
11 Spark, ember, or flame from operating equipment 1 
12 Radiated or conducted heat from operating equipment 1 
13 Electrical arcing 1 
10 Heat from operating equipment, other 1 

Hot or Smoldering Object 492 
41 Heat, spark from friction. Includes overheated tires 0 
42 Molten, hot material. Includes molten metal, hot 

forging, hot glass, hot metal fragment, brake shoe, hot 
box, and slag from arc welding operations 

0 

43 Hot ember or ash. Includes hot coals, coke, and 
charcoal; and sparks or embers from a chimney that 
ignite the roof of the same structure. 

0 

40 Hot or smoldering object, other. 0 
Explosives, Fireworks 

51 Munitions. Includes bombs, ammunition, and military 
rockets 

0 

53 Blasting agent, primer cord, black powder fuse. 
Includes fertilizing agents, ammonium nitrate, and 
sodium, potassium, or other chemical agents 

0 

54 Fireworks. Includes sparklers, paper caps, party 
poppers, and firecrackers 

0 

55 Model and amateur rockets 0 
56 Incendiary device. Includes Molotov cocktails and 

arson sets 
0 
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50 Explosive, fireworks, other 0 
Other Open Flame or Smoking Materials 393 

61 Cigarette 2 
62 Pipe or cigar 2 
63 Heat from undetermined smoking material 2 
64 Match 2 
65 Lighter: cigarette lighter, cigar lighter 2 
66 Candle 2 
67 Warning or road flare; fusee 2 
68 Backfire from internal combustion engine 2 
69 Flame/torch used for lighting. Includes gas light and 

gas-/liquid-fueled lantern 
2 

60 Heat from open flame or smoking materials, other 2 
Variable: Area of Origin Factor N 
14 Common area 2 750 
21 Bedroom 3 303 
24 Cooking area 4 145 
Others Other areas 1 944 
Variable: Rate of African American (Census Block Group) Factor N 
Above 75% 1 365 
Less than 75% 0 1,777 
Variable: Rate of 1-person Household Older Than 64 (Census 
Block Group) 

Factor N 

Above 25% 1 57 
Less than 25% 0 2,085 
Variable: Rate of Structure Built Since 2000 (Census Block 
Group) 

Factor N 

Above 25% 1 340 
Less than 25% 0 1,802 
Variable: Population Change Rate (2010-2015) (Census Block 
Group) 

Factor N 

Below 0% 1 849 
0 – 25% 2 919 
Higher than 25% 3 374 
Fire descriptions and their codes source: (U.S. Fire Administration National Fire Data Center, 
2015) 
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