
ABSTRACT 

IFEDIORA, BYRON C. Disaster Nonprofit Relief, and Housing Recovery, Using GIS 

Techniques (Under the direction of Dr. Bethany Cutts). 

 

 

North Carolina Volunteer Organizations Active in Disasters (NCVOAD) is the North 

Carolina chapter of National Volunteer Organizations Active in Disasters (NVOAD) and is 

responsible for coordinating volunteer-based support of response and recovery efforts following 

disaster.  Like the national organization, NCVOAD aims to connect non-profit organizations 

with strong volunteer bases to communities.  To make volunteer labor helpful to recovery, they 

act to improve coordination, communication, collaboration, and cooperation among non-profit 

groups.  Collectively, NCVOAD organizations aspire to go the “last-mile” to serve diverse 

communities in ways that state and local emergency management personnel cannot.  However, it 

is not clear how effective NCVOAD is at coordinating its member organizations or if the 

communities they serve are those in most need.  

To inform NCVOAD efforts toward coordinating services for a quick response and full 

recovery from disaster, I apply geospatial analytics to data on the disaster response and recovery 

work coordinated by NCVOAD following Hurricane Florence in 2018. My first paper addresses 

the current literature around disaster recovery, disaster nonprofits coordination, and the 

application of geospatial analytics in the evaluation of nonprofit performance and disaster 

recovery.  My second paper identifies and analyzes the spatial and temporal trends in disaster 

recovery assistance requests filled by North Carolina Volunteer Organizations Active in 

Disasters’ (NCVOAD) member organizations. Results quantify the association between requests 

for recovery assistance made to NCVOAD following Hurricane Florence and the time it took to 

fill each request. By identifying response clusters, I show that regions reached by NCVOAD 



member organizations quickly were served by multiple nonprofits.  This study found that when 

multiple member organizations responded to an area, one organization addressed majority of 

cases overall.  This suggests that certain member organizations have increased capacity, which 

could allow them to be the leading organization in an area. Subsequently, NCVOAD can direct 

member organizations with limited capacities to collaborate, communicate and coordinate with 

leading organizations to reduce duplication of effort and recovery in communities.  My third 

paper identifies the structural factors (socioeconomics, resilience, and hazard risks) that 

influence NVOAD effectiveness. Using Geographic Temporally Weighted Regression (GTWR), 

results indicate the coordination efficiency (i.e., the length of time cases remained open) in 

census tracts was associated with differences in the relative size of racial and linguistic minority 

populations, expected hurricane loss, and the proportion of requests for debris removal. These 

factors explained both space and temporal disparities in VOAD work.   

Taken together, the chapters of this dissertation demonstrate that geospatial analytics is 

useful for emergency response and situational awareness in addition to measuring performance 

of nonprofit organizations (NPOs) by identifying metrics and outcomes.  This dissertation 

highlights NCVOADs potential to coordinate and respond to areas of need quickly, while serving 

both socially vulnerable communities and physically vulnerable communities effectively.  

Furthermore, spatial-temporal evaluation of efforts to coordinate volunteers provides necessary 

feedback on the extent that action aids response, leads to recovery and enables resilience.  

Finally, this dissertation offers a geospatial approach scholars and practitioners can follow to 

identify disaster nonprofit equity and to measure impact. Geospatial analytics can be used to 

identify characteristics of populations that are served.  The challenge of using geospatial 

analytics to determine if NCVOAD's actions align with their mission is identifying metrics, 



gathering supplemental data, and identifying the target communities/population they serve.  

Lastly, measuring the timeliness of service delivery using a sensible time step indicative of 

response and recovery is critical to understanding capacity. 
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CHAPTER 1 

INTRODUCTION AND LITERATURE REVIEW 

Introduction 

After natural disasters, nonprofits often repair or replace damaged infrastructure, however there 

is very little evaluation of the efficacy or equity of their work. Specifically, National Volunteer 

Organizations Active in Disasters (NVOAD) grew in what was perceived as slow or lack of 

response by the government to Hurricane Camille in 1969. Organizations involved in providing 

resources and services to survivors and communities post disaster, came together to address their 

mutual concern about their frequent duplication of services. As a result, NVOAD formed as an 

association of organizations combined with a shared goal to mitigate and alleviate the impact of 

disasters, provide a forum promoting cooperation, communication, coordination, and 

collaboration and fosters more effective delivery of services to communities affected by disaster 

(Egan & Tischler, 2010; Eller et al., 2015). Today, 61 distinct state-level umbrella VOAD groups 

working at the state, District of Columbia, or Trust Territory levels belong to NVOAD. North 

Carolina VOAD (NCVOAD) consists of both locally based organizations and local 

representatives of National organizations. NCVOAD’s mission is to strengthen the capabilities of 

organizations working together in our state to respond to communities affected by disaster. 

Evaluating the efficiency of disaster nonprofit network coordination work after disasters is a 

central goal of VOADs and one of national significance. Relief supplies must be delivered 

quickly in sufficient amounts. Distribution decisions that are uncoordinated or ad hoc, which 

may lead to inefficient use of resources, low response, and inadequate or inequitable relief 

deliveries (Huang et al., 2012). The purpose of the study is to examine the extent to disaster 

networks are successful in promoting fairness and inclusiveness in the provision of disaster relief 
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services, and to identify any potential challenges or barriers that may be hindering their efforts. 

The aim of this examination is to fill the gap in the understanding of the practices of disaster 

nonprofits and their ability to support their mission of promoting equity and efficiency in disaster 

response through the application of geospatial analytics. 

Literature suggests several possible reasons nonprofit organizations may not provide effective 

delivery of public goods and services (i.e., debris removal, muck out, roof tarping, housing 

rebuilds, and tree removal). As a result, nonprofits appear to not be combating or reducing 

inequalities but maintaining and exacerbating them (Ohana & Meyer, 2016). The literature 

review examines nonprofit interorganizational coordination and how geospatial analytics could 

be used as a measure following a disaster. (Objective 1). Chapter two identifies and analyzes the 

spatial and temporal trends in disaster recovery assistance requests filled by nonprofit 

organizations (Objective 2). To do this, I will quantify the association between requests for 

recovery assistance made to North Carolina Volunteers Active in Disasters following Hurricane 

Florence and the time it took participating members of non-profit organizations to fill each 

request by work type (muck, debris, tree, tarp and rebuild). Using space-time scan statistics, I 

will identify spatio-temporal concentration of filled requests and the member organizations that 

responded and their capacities. This analysis will provide insight into key VOAD goals, 

including further supporting NVOAD’s mission of effective cooperation and coordination to 

serve communities in need. Chapter three compares the influences of social, economic, and 

environmental factors over where requests are made to nonprofit organizations and when they 

are filled (Objective 3). To do this, I quantified the association between differences in the social 

vulnerability, built and natural environment characteristics in locations flooded during Hurricane 

Florence and the time it took members of non-profit organizations participating in the North 
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Carolina Volunteer Organizations Active in Disaster to fill requests for recovery assistance. 

Using geographically and temporally weighted regression (GTWR), this analysis will provide 

insight into key VOAD goals, including: Does NCVOAD equitability distribute relief goods and 

services? (i.e.  Do households in census tracts defined as most vulnerable receive assistance in a 

timely manner?  Do households in census tracts defined as less vulnerable receive assistance 

faster than more vulnerable census tracts? 

In sum the specific objectives of the investigation area captured in the following proposed 

hypothesis: 

1. Using a spatial scan statistic, I will identify spatial and temporal dimensions of how soon 

requests for volunteer assistance were created and completed to determine whether 

requests for volunteer assistance are filled following (a) first come/first approach (b) a 

greatest need approach, or (c) some other process. The working hypothesis is that 

requests for disaster relief services are completed on a first come, first-serve basis. If true, 

the data will illustrate significant clustering of requests within a short period of time 

following the initial request.  

2. Using geographic and temporally weighted regression (GTWR) to compare and 

underlying social and environmental phenomena that characterize who made requests for 

recovery assistance and how soon those requests were closed and completed. The 

working hypothesis is that there is no difference between populations who made 

requests and the days before action was completed. 

This chapter reviews four areas of the research literature. The first part of the chapter discusses 

interorganizational network coordination and performance. The second section introduces the 
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concept and attributes of disasters and the response and recovery phase of disaster management. 

Moreover, it discusses nonprofits and their role in the United States as a human service provider. 

The third section discusses geographic information systems and its use in disaster recovery. It 

will also discuss exploratory spatial data approach, and geographic temporally weighted 

regression model.   

2. Literature Review 

2.1 Interorganizational Networks and Coordination 

 

Interorganizational networks form when a group of organization that follows explicit rules and 

procedures to achieve specific goals and tasks that cannot be achieved by a single organization 

(Kapucu & Hu, 2020). Interorganizational network organizations tend to be both formal and 

informal.  Formal organizations are hierarchical in nature, have centralized authority and 

coordination is achieved by information flowing vertically from the top to the bottom (Smith & 

Birkland, 2012). These networks have established roles, rules, and structures that can enhance 

members’ commitment and contribute to networks’ functional stability and effectiveness (Isett et 

al., 2011, Kapucu & Hu, 2020).  In contrast, informal organizations coordinate activities 

horizontally among organizations that are essentially ad hoc in terms of interorganizational 

structure, functions, or processes (Stoll et al., 2010; Zenger, 2001).  The most successful 

interorganizational networks finds balance between formal and informal structures to optimize 

performance (Kapucu & Demiroz, 2017). 

 

Interorganizational network coordination involves the alignment and the integration of activities 

resources and decisions among multiple organizations to achieve common goals and objectives 

(Herranz, 2006, 2010). This coordination is typically facilitated by regular communication and 
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collaboration among network members as well as the establishment of shared norms rules and 

governance structures (Bachmann, 2003; Kapucu et al., 2018). Effective interorganizational 

network coordination requires a high level of trust and mutual respect among network members 

(Bachmann, 2003; Bunger, 2013; Varda & Retrum, 2015). It also requires a willingness to 

compromise and adapt to changing circumstances as well as commitment to ongoing learning 

and innovation (Bryson et al., 2006). 

 

2.1.1 Interorganizational Network Performance 

Interorganizational network performance refers to the effectiveness and efficiency of an 

interorganizational network in achieving its goals and objectives. Performance is important 

because it directly impacts the ability of the network to achieve its goals and deliver value to its 

members and stakeholders. High performance networks are more likely to be successful in 

tackling complex challenges and opportunities, and in driving innovation and growth within 

industries or sectors. Furthermore, performance can be measured in a variety of ways, including 

the number and diversity of organizations involved in the network, the extent of collaboration 

and coordination among members, the level of innovation and impact generated by the network, 

and the sustainability and resilience of the network over time.  

 

2.1.2 Performance Indicators 

Not all interorganizational networks will achieve desired outcomes. The use of networks can 

create problems and challenges, and sometimes result in negative consequences or outcomes 

(Bryson et al., 2006; McGuire & Agranoff, 2011; Provan & Lemaire, 2012). In the context of 

interorganizational coordination, performance measurement and outcomes often use a variety of 
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metrics and indicators to track their progress, assess their performance, and to identify areas for 

improvement. These measures and indicators can be quantitative, qualitative or both and may be 

focused on a range of outcomes including timeliness in service delivery, customer satisfaction, 

employee engagement, and social impact (Herranz, 2010). By tracking and analyzing a range of 

metrics and indicators, interorganizational organizations can ensure that they are making 

progress towards their goals and delivering value to their stakeholders. 

 

2.1.3 Interorganizational Networks and Information Systems 

Interorganizational networks rely on information systems to support a range of activities and 

decisions. These systems enable organizations to share information, collaborate, and coordinate 

effectively, and to access the expertise and resources of other network members. Information 

systems can also support network planning and decision making by providing data and insights 

on network performance, trends, and external factors (Kapucu & Hu, 2020b). Additionally, 

information systems can help to overcome barriers to coordination, such as distance and 

language differences, by enabling remote communication and collaboration (Bustos, 2020). 

Overall information systems played critical role in enabling interorganizational networks to 

operate effectively and achieve their goals. Yet, the importance of information systems becomes 

even more critical in disaster nonprofit networks where quick and efficient communication is 

vital in coordinating response efforts and alleviating the impact of disasters. 

 

2.2 Disaster Nonprofit Networks 

 

2.2.1 Disasters 

A disaster is a sudden, unplanned event that causes widespread destruction, damage, and loss of 

life (Peacock et al., 2018). Disasters can take many forms, including natural disasters, such as 
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earthquakes hurricanes and floods, and man-made disasters, such as fires industrial accidents and 

terrorist attacks. The impacts of disasters can vary greatly depending on the location and the 

specific characteristics of the event. Some factors that can affect the impacts of disasters include 

type and severity of disaster, vulnerability of the affected area, and the preparedness of the 

affected communities. Areas may be more vulnerable to the impacts of disasters due to factors 

such as their location, the quality of their infrastructure, or the susceptibility of their people to 

certain types of disasters (Peacock et al., 2018; Sutley & Hamideh, 2018; Zhou et al., 2014). For 

example, an area that is prone to flooding or is in the earthquake prone zone may be more 

vulnerable to the impacts of those disasters (Contreras et al., 2017). The preparedness of the 

affected community it also states the impacts of this last communities that are more prepared, 

with their business infrastructure, may be able to respond more quickly and effectively to 

disasters, living limiting the overall impact of the event (Cheng et al., 2015). 

 

 

2.2.2 Disaster Response and Recovery Phases 

Disaster response and recovery refer to the activities that are undertaken in the aftermath of a 

disaster to address the immediate and long-term needs of an affected individuals and 

communities. Disaster response involves the immediate actions taken to address the need to 

affect the individuals and communities, such as search and rescue efforts, providing emergency 

shelter and medical care, and establishing communications with affected areas. Disaster recovery 

involves the long-term rebuilding and restoration of affected communities and infrastructure, 

such as repairing damaged buildings and infrastructure, provided financial assistance to affected 

individuals and businesses, and support mental health and well-being of affected communities. 
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Disaster response and recovery are important because they help to address the immediate needs 

of affected individuals and communities and support the rebuilding process following the 

disaster effective disaster response and recovery efforts can help to minimize the impact of 

disasters on communities and help affected individuals and businesses get back on their feet as 

quickly as possible. In addition, disaster response and recovery efforts can help reduce long-term 

economic and social impacts of disasters, by supporting the rebuilding the infrastructure and 

ensuring that affected communities are able to return to their normal lives as quickly as possible. 

 

2.2.3 Nonprofit Organizations  

Disaster nonprofit organizations are uniquely positioned to play a key role during the initial 

phases of recovery through strong interorganizational networks. A nonprofit is an organization 

that operates without the aim of making a profit. Instead, they focus on providing services or 

support for a specific cause or group of people. Nonprofits are recognized by the IRS as a tax-

exempt organization under section 501(c)(3) of the tax code.  Consequently, they are eligible to 

receive tax-deductible donations, which provide an important source of revenue for their 

charitable work. Any profits generated by these organizations are not distributed to shareholders 

or owners.  Additionally, organizations are prohibited from directly or indirectly participating in, 

influencing, any political campaign. Nonprofits help the United States government by going the 

last mile and providing services and support for various causes and communities. Nonprofits 

vary by type and include associations involved in the arts, health care, human services, 

education, environment, and religion. Still, social service groups such as food banks, homeless 

shelters, youth services, sports organizations, family, and legal services account for over a third 

(35.2%) of all public charities (NCCS, 2020).   



   

9 

 

2.2.4 Nonprofit Organizations Role in Disaster Recovery 

Disaster nonprofit organizations serve an intermediary or boundary-spanning function, linking 

the needs of communities and disaster victims with the national, regional, or local organizations 

that have additional resources to meet their needs (Du et al., 2020) . One way that nonprofits aim 

to build resilience to natural disasters is by expediting the recovery process for vulnerable 

populations and communities.  A vulnerable population is a demographic class that is especially 

sensitive to the consequences of a natural disaster or uniquely excluded from preparation, 

response and recovery designed to serve the largest numbers of people.  The role of a disaster 

nonprofit and disaster response and recovery is to provide immediate assistance to those affected 

by disaster. This can include providing food, water, shelter, and other necessary. Additionally, 

the National Disaster Recovery Framework emphasizes the importance of collaboration and 

coordination between government agencies, nonprofits, and other stakeholders to support 

successful disaster recovery efforts (FEMA, 2016).  

 

2.2.5 National Volunteer Organizations Active in Disasters (NVOAD) 

The National Volunteer Organizations Active in Disaster (NVOAD) is a coalition of nonprofit 

member organizations work together to support disaster response and recovery efforts in the 

United States. NVOAD is organized into a board of directors and the steering committee, which 

includes representatives from member organizations. The mission of NVOAD is to provide 

coordination and support to voluntary organizations that are active in disaster response and 

recovery period this includes sharing information and resources, coordinating efforts, and 

advocating for the needs of disaster affected communities. NVOAD serves disaster-affected 

individuals and communities, as well as the voluntary organizations that support them. 
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NVOAD has collaborated with the government in several ways, including providing support for 

federal disaster response efforts, participating in national and regional disaster planning, and 

advocating for policies and programs that support disaster response and recovery period info and 

works closely with the Federal Emergency Management agency (FEMA) and other government 

agencies to coordinate and support disaster response and recovery efforts. This underscores the 

importance of interorganizations' role in disaster management by their ability to unite and 

coordinate diverse organizations to achieve common goals to delivering relief goods and 

services. Nevertheless, the integration of geographic information systems can enhance their 

capabilities by integrating and visualizing data, developing insights for improved decision-

making, and measuring the impact of the actions of interorganizations throughout space.  

 

 

2.3 Geographic Information Systems (GIS) 

 

2.3.1 Interorganizational Networks and Geographic Information Systems 

Interorganizational networks can use geographic information systems (GIS) to support a range of 

activities and decisions. For example, GIS can be used to visualize and analyze the geographic 

distribution of network members, and to identify opportunities for collaboration and coordination 

based on location (Ban et al., 2019; Nedović-Budić & Pinto, 2000). GIS can also be used to 

assess the impact of geographic barriers and other spatial factors on network performance, and to 

identify strategies for overcoming these barriers (Bustos, 2020). Additionally, GIS can be used to 

support network planning and decision making by providing information and insights on market 

trends, demographics, and other factors that may have say in network operations. Overall GIS 
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can help interorganizational networks to better understand and respond to the spatial dimensions 

of their operations and challenges.  

 

2.3.2 Geographic Information Systems and Disaster Nonprofits 

Geographic information systems (GIS) are tools used to capture, store, manipulate, analyze, and 

display spatial data (Tomaszewski, 2021). In the context of disaster response and recovery, GIS 

can be used in multiple ways to include develop evacuation plans and tracking the movement 

and distribution of emergency response teams, supplies, and equipment. This can help ensure 

that resources are being used efficiently and effectively. Additionally, GIS can analyze and 

model the spread of a disaster, such as wildfires (Parente et al., 2016) . This can help emergency 

managers make informed decisions about how to respond and where to allocate resources. 

Further, communicating information about the disaster, such as road closures and evacuation 

orders, to the public this can help ensure that people are aware of the situation and can take 

appropriate action to protect themselves (Tomaszewski, 2021). Lastly, facilitating post disaster 

assessments, such as disaster assessments and needs assessments. Overall, GIS technology can 

play a crucial role in disaster response and recovery by providing timely, accurate, and relevant 

information to Emergency Management managers and decision makers (Opdyke et al., 2017). 

This information can help make sure response efforts are coordinated, effective, and efficient, 

and can help communities recover more quickly from their impacts of a disaster (Hu et al., 2022; 

Tatham & Spens, 2011). 

 

2.3.3 Exploratory Spatial Data Analysis 

Within a GIS, exploratory spatial data analysis (ESDA) is a set of techniques used to explore and 

analyze spatial data, with the goal of identifying patterns, trends, in relationships in the data. 
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ESDA typically involves the use of statistical and spatial analysis tools, such as spatial 

autocorrelation and spatial regression, to uncover hidden insights and informed decision making. 

ESDA is commonly used in a range of fields, including, public health, urban planning, and social 

science (Cao et al., 2019; Park et al., 2021; Yang & Jensen, 2015). For example, an ESDA 

analysis might be used to identify clusters of disease in a particular area, or to explore the 

relationship between income and crimes rates in a city (Kalinic & Krisp, 2018). 

 

One of the key characteristics of ESDA is that it is an iterative and interactive process, in which 

the analyst explores the data, generates hypothesis, test those hypotheses, and then repeats the 

process to refine their analysis. This approach allows the analyst to uncover complex patterns 

and relationships in the data that might not be immediately apparent through the traditional 

statistical analysis. Overall, ESDA is a valuable tool for anyone working with spatial data, as it 

allows for discovery of hidden insights and patterns that can inform decision making and support 

evidence-based policy making. Given the complexities of disaster response and recovery, it is 

important to understand interorganizational network relationships and collaborations involved, 

which can be analyzed using exploratory spatial data analysis. 

 

2.3.4 Space-time Permutation Scan 

Space-time permutation scan statistics is a method used in epidemiological and public health to 

identify clusters of disease or other health outcomes within a defined geographic area and over a 

specific time (Kulldorff et al., 2005, 2009). This method uses statistical algorithms to scan the 

area in time and identify clusters of the outcome of interest that are statistically significant.  This 

method is an extension of the spatial scan statistics, as it considers both spatial and temporal 
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factors in the analysis it is commonly used in outbreak investigations to identify potential 

clusters of disease and target interventions to those areas in time periods (Gruebner et al., 2017; 

Kirby et al., 2017). It is used in environmental health research to identify clusters of 

environmental exposures and their potential health impacts overtime. 

 

2.3.6 Geographically and Temporally Weighted Regression (GTWR) 

Incorporating both spatial and temporal parameters into regression models can significantly 

improve accuracy and predictive capabilities by capturing complex relationships between 

variables and trends over time.  Geographic Temporally Weighted Regression (GTWR) is a 

statistical modeling approach that considers the temporal and spatial aspects of data when 

making predictions. The model was first developed as an extension of traditional regression 

models to address the complex relationships between spatiotemporal variables (Fotheringham et 

al., 2015; Huang et al., 2010). GTWR is designed to capture dynamic interactions between 

variables over space and time, considering the influence of neighboring observations and their 

spatial-temporal relationships between data points. This approach has been applied to various 

fields such as environmental research, epidemiology, and urban planning (Chu et al., 2015; Park 

et al., 2021; Shi et al., 2022).   
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CHAPTER 2 

 

OPEN AND SHUT: IDENTIFYING ACTIVITY PATTERNS BY VOLUNTEER 

ORGANIZATIONS ACTIVE IN DISASTER USING SPACE-TIME PERMUTATION 

SCAN STATISTICS  

 

 

Abstract 

After a catastrophic flood, the pace of residential cleanup is an important precondition of 

community resilience. When the process is fast, cleanup reduces additional health or economic 

risks by preventing structural or electrical damage from escalating. Mobilizing volunteers to 

complete cleanup work quickly is a challenge that the U.S. Natural Disaster Recovery 

Framework has assigned to the non-profit sector.  Nonprofit coordination networks – such as 

those convened through Volunteer Organizations Active in Disaster (VOAD) in the United 

States – aim to create systems of communication that improve the efficiency and equity of post-

disaster cleanup. However, the process of coordination and the conditions that encourage quick 

action remain understudied. The aim of this paper is to identify the impacts of network 

coordination on the timeline of post-disaster cleanup using geospatial analytics. To do this, we 

apply a space-time permutation scan statistic (STPSS) to data on the speed at which 

organizations from the North Carolina Voluntary Organizations Active in Disaster (NC VOAD) 

closed requests for volunteer assistance following Hurricane Florence in 2018. STPSS results 

identify clusters of requests that were filled at different speeds through space and time. In total, 

we identified six space-time clusters indicative of coordinated cleanup. Exploration of clustered 

data helps to generate new questions about why coordination sometimes happened months after 

the disaster and suggests ways to use data exploration to inform network function and to leverage 
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the unique capacities of individual nonprofits while also prioritizing housing resilience in 

socially vulnerable communities.  

Introduction 

Disasters that are large-scale events transcend political jurisdictions, disrupting household, 

economic and government activities. After a catastrophic flood, survivors in near of cleanup 

assistance must receive help quickly to prevent structural and electrical damage from escalating 

(Charles 2022). The pace of residential cleanup is an important precondition of community 

resilience. This cleanup work includes the following actions: clearing water and mud (muck), 

transporting ruined materials and refuse (debris) to waste facilities, cutting, and moving damaged 

vegetation (tree removal), installing temporary weatherization to damaged buildings (tarping), 

and reconstruction project (rebuilds). When the process is fast, cleanup reduces additional health 

or economic risks by preventing structural or electrical damage from escalating (Charles et al. 

2022). Faster cleanup can have the added benefit of reducing the extent that individuals are 

displaced and enhance community continuity (Sledge and Thomas 2019).  Both are important 

considerations regarding the housing resilience of socially vulnerable communities (Peacock et 

al. 2014; Mayer 2019).  

The purpose of this paper is to examine the impact of nonprofit coordination on effort to 

complete cleanup actions resulting from wind and water damage generated by Hurricane 

Florence (2018) across eastern North Carolina USA. In this paper, we identify hotspots in space 

and time using a space-time permutation scan statistic (STPSS) (Kulldorff et al. 2005).  The 

STPSS statistics data integrates data on location, spatial extent, and timing to identify clusters of 

cleanup assistance that occur at similar speeds in the same location. We use these clusters to 

explore the implications of nonprofit coordination on the speed of cleanup.   
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Background 

The capacity of the nonprofit sector to facilitate housing recovery and resilience is explicitly 

integrated into the U.S. Natural Disaster Recovery Framework (NRDF). The National Disaster 

Recovery Framework clearly defined roles and responsibilities are a foundation for unity of 

effort among all recovery partners to jointly identify opportunities, foster partnerships and 

optimize resources (FEMA 2016). The NDRF encourages NVOAD and to facilitate partnerships 

that (1) deliver recovery resources and support services to vulnerable and underserved groups 

individuals and communities as necessary, (2) supply housing repair, reconstruction and 

rehabilitation services that comply with applicable building codes and standards, zoning 

regulations and design standards, (3) promote partnerships among all nongovernmental 

organizations (NGOs) conducting disaster recovery work (4), and establish metrics to establish 

recovery progress and the achievement of nonprofit disaster recovery objectives (NDRF 2016). 

However, the process of coordination and the conditions that encourage quick cleanup in service 

of housing recovery remain understudied. For the purposes of this study, we define housing 

resilience as access to safe housing and community-based social bonds during cleanup and 

reconstruction, home and community infrastructure reconstruction that reflect the culture, 

beliefs, and aspirational goals of pre-disaster residents, and intentional and community-led 

decisions concerning relocation (Allen 2013; Schmid 2013).   

Government and private sector organizations can be extremely effective at managing cleanup for 

many public spaces as well as physically and economically vulnerable locations (Tierney 2015). 

However, neither the government nor the private sector has proven to have the capacity to 

organize, train, and mobilize volunteers to fully account for housing losses – especially in more 

socially vulnerable communities (Egan and Tischler 2010, Egan 2010). Additionally, socially 
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vulnerable communities – or communities that are more severely affected by disaster such as 

lower income communities and those that include larger populations of systemically minoritized 

racial and ethnic groups – have been historically underserved by government and private sector 

entities and therefore are harder to reach (Sledge and Thomas 2019; Zhou et al., 2021). 

Therefore, there is a need for the nonprofit sector to provide leadership toward more equitable 

post-disaster housing recovery and, ultimately, housing and community resilience. 

One nonprofit coordination initiative poised to make substantive change in how nonprofits serve 

communities recovering from disaster is the Volunteers Organizations Active in Disaster 

(VOAD) network. In the US, the National VOAD is integral to federal disaster response 

protocols (Egan 2010, NDFR, 2016). Founded in 1969, National VOAD grew out of concern 

about their frequent duplication of services and recognition that nonprofit organizations could 

often build trust with disaster survivors and deploys resources more quickly than government 

agencies. Beneath National VOAD, 61 state, territory, and special district-level VOADS engage 

hundreds of other organizations (Chen, 2022; Eller et al., 2018)  

The impact of different levels of VOADs or other nonprofit coordination during recovery 

remains understudied.  The extensive networks of nonprofit organizations across multiple 

organizational scales (e.g., national to local) has the potential to deploy to disaster sites and 

enable cleanup that would otherwise not be prioritized (Smith 2011; Eller et al. 2015, Ozanne 

and Ozanne 2021). To date, empirical evidence suggests that coordination yields mixed results – 

and many efforts do not benefit socially vulnerable communities (Lee 2020, Cochoran et al. 

2014). There is a need to better understand the dynamics linking disaster, community, and 

nonprofit coordination. Evaluating the capacity of the collective effort of VOAD organizations is 
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paramount to creating incentives that facilitate and improve collaboration and to enhance social 

equity during disaster cleanup (O’Donovan 2019).  

Spatial analytics can be an important tool to help understand the organization, network, and 

recovery implications of non-profit coordination. Non-profit coordination can be analyzed 

through most of these same methods, each with a different strengths and limitations to data 

representation, analysis, and interpretation. A full review of spatial and spatio-temporal statistics 

is beyond the scope of this manuscript. To choose the methods most useful to the problem of 

nonprofit coordination after disaster, we selected methods based on a systematic review 

completed recently for the field of epidemiology (Lam and Demelle 2023) and other preceding 

reviews of software (Robertson and Nelson 2010) and space-time analytics (Roberston et al. 

2010). 

Clustering statistics generally are based on the premise that, with distance, correlation decreases 

(Schabenberger and Gotway 2017). Therefore, without other contextual factors intervening, we 

might expect clusters of similar levels of activity and nonprofit coordination to emerge. 

Intuitively, this makes sense in terms of volunteer deployment: once you reach a location, it is 

more efficient to keep working where you are to make best use of volunteers. Therefore, 

effective coordination would result in activity clusters in space. Analysis of global spatial 

patterns can help to understand whether, overall, activity level and activity locations are related: 

that is, whether activity is clustered, occurs randomly, or is systematically dispersed. Global 

Moran’s I values indicate statistically significant clustering when I>0 (Moran 1950).  

In addition to global statistics, there are several local spatial clustering statistics. Local clustering 

statistics identify the location and extent of individual clusters (Pfeiffer et al. 2008). Several 
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alternative statistics that can be used to detect local spatial clusters (see review in Lam and 

Delmelle 2023). Relevant to our analysis is Kuldorff’s spatial scan statistic (Kulldorff 1997). The 

statistics identify clusters based on scanning data using a circular (and sometimes elliptical) scan 

window. For nonprofit coordination, clusters are defined by the significance of the maximum 

likelihood ratio for all reports of nonprofit case closure. Clusters are assigning a relative risk 

value to indicate whether the estimated probability of events within the cluster are higher or 

lower than expected by chance (i.e., whether there is an unexpected absence/abundance of 

activity). 

Spatial scans statistics are an important geospatial analytic in measuring nonprofit coordination 

after disasters because they can identify clusters or spatial patterns. In comparison to other local 

spatial autocorrelation indicators, spatial scan statistics are compatible with data on rare 

outcomes, as they consider both the frequency of the outcome and the spatial distribution of 

cases within the study area. Importantly, spatial scan statistics are capable of being extended to 

account for time in addition to accounting for spatial clustering (Kuldorff 2005, Lan and Demelle 

2023). In a post-disaster context, time is a key component of whether response and aid are likely 

to enable resilience. In space-time extensions, both the search radius (area) and search height 

(time) are considered cluster selection. Slow clusters (multiple weeks) and be detected alongside 

fast clusters (single days). Early clusters (just after a disaster) and Late clusters (months after a 

disaster) can also be differentiated.  

Spatial analytics of any kind remain relatively rare in nonprofit research (McIndoe and Oakley 

2022). Outside of non-profit activity, disaster research have used spatial-temporal scan statistic 

to effectively to model uneven effects of disaster on crime and mental health (Stevenson et al. 

2010; Leitner and Helbich 2011; Gruebner et al. 2017; Dai and Wang 2020; Huang et al. 2011; 
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Stimers et al. 2022). In these studies, STPSS have provided essential insight into ways disaster 

response and recovery can better coordinate resources across locations and surveil and identify 

at-risk populations following disaster. This suggests that STPSS has the potential to provide 

valuable insight into the influence of nonprofit coordination after disaster.  The number and 

timing of requests for cleanup assistance and the length of time it takes for nonprofits in a 

VOAD network to close the cases can yield valuable information about where the network is 

trusted and how organizations share responsibilities for delivering services, and how quickly 

cleanup occurs – all of which inform housing recovery and, ultimately resilience. A postmortem 

can help VOAD network organizers evaluate the maturation of the network over time and sets of 

disaster impacts (Coupet and Berrett 2019).  

One promising method for identifying and differentiating high-performing coordination from 

coordination that stymies resilience is Kulldorff’s scan statistic (Kulldorff 1997; Kulldorff et al. 

2005). Kulldorff’s scan statistic is a state-of-the-art space-time permutation scan statistics for the 

detection and evaluation of spatial, temporal, and spatio-temporal clusters (Kulldorff 1997; 

Kulldorff et al. 2005). By examining the clustering of randomly positioned points, the number of 

points in each scan window is then compared against the expected value to identify areas with 

higher-than-expected concentrations of observations (Kulldorff 1997; Xie et al. 2017, Chen et al 

2021). This enabled the detection of census tract groupings and time periods where there is a 

disproportionately high number of case closures. The aim of this paper is to identify the impacts 

of network coordination on the timeline of post-disaster cleanup using geospatial analytics. To 

do this, we apply a space-time permutation scan statistic (STPSS) to identify and characterize the 

coordination speed of North Carolina Voluntary Organizations Active in Disaster (NC VOAD) 

after Hurricane Florence. In North Carolina, a statewide VOAD (NC VOAD) was chartered in 
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1999. After the unprecedented disaster associated with Hurricane Matthew in 2016, NC VOAD 

made substantive changes to their operations and logistics. These took effect just prior to 

Hurricane Florence making landfall in eastern North Carolina and included developing best 

practices in using centralized systems to report requests for volunteer assistance (Zhao et al., 

2020).  

Study Area 

In 2018, Hurricane Florence resulted in an estimated $17 billion in damage to homes, businesses, 

and farms across eastern North Carolina (Cooper 2018).  Eastern North Carolina is adjacent to 

the Atlantic Ocean on the east coast of the United State (Figure 1). It is geologically distinct from 

more inland areas.  Administratively, eastern North Carolina includes 28 counties totaling 17,695 

square miles and a combined population of more than 2.1 million (US Census, 2018).  Most of 

eastern North Carolina is considered rural, with most of the region sustaining a population 

density of less than 96.5 people per km² (250 people/mi²) (https://www.ncruralcenter.org/about-

us/). Urban areas include Fayetteville, Wilmington, and Greenville (which account for a 

combined population of 1.3 million).  A disaster of this magnitude affords an opportunity to 

study how long-term recovery is manifested within an impacted area and to uncover areas of 

focus for recovery as they shift through space and time (Chen 2021). Exploratory data analysis 

through STPSS enables the evaluation of coordination across the network and within a disaster 

landscape that includes both rural and urban places. 



   

29 

 

 

Figure 1. Geographic area of study is coastal North Carolina, USA. 

 

Methods 

Data: non-profit disaster cleanup case files 

Data on cleanup coordination were compiled in by Crisis Cleanup (Crisis Cleanup, 2020) on 

behalf of NC VOAD. Data were entered into the Crisis Cleanup database by NC VOAD member 

organizations receiving and filling requests for housing recovery services following Hurricane 

Florence. The data includes records collected over 112 days (from September 10 to December 

31, 2018).  For this study, we used the following information from the case records: the location 

of the request (masked to census tract), the nature of work associated with the request (tree 
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removal, debris removal, tarping, muck out, rebuild), the organization filling the request, and the 

date the request was filled.  

The data collected by Crisis Cleanup and data ethics of disaster work present constraints and 

limits on temporal and spatial precision that we used to refine our research purpose.  First, not all 

aid provided by volunteers is coordinated through VOAD. Thus, we are using data to measure 

the dynamics of coordination in different locations and times among VOAD members that used 

the Crisis Cleanup database to record progress. We therefore cannot infer that this represents the 

total influence of volunteers on housing recovery. We do argue that it offers a novel indicator of 

coordination among non-profits. The results are directly applicable to VOADs across the U.S. 

and may serve as a model system to test alternative theories of collaboration using STPSS and 

other spatial models.  

Second, like any post-disaster field data collection – these data were collected at a time of high 

activity and stress and may contain small errors (for example case closure dates reflect that the 

case was closed and entered). To mitigate small deviations in reports of case closure in the field 

and reporting case closure, we use a weekly time step.  

Third, our data use agreement with NC VOAD prevents us from reporting household-level 

results. Thus, micro-scale (house-to-house) activity is precluded from our analysis. Instead, we 

examine census tract-to- census tract level coordination, which is a rough approximation for 

neighborhood-to-neighborhood coordination and informs how we implement spatial-temporal 

data analysis. 
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Analysis: Space-Time Permutation Scan Statistic 

The purpose of exploratory data analysis is to classify clusters of nonprofit coordination based on 

the length of time requests for assistance went unaddressed and to generate new research 

questions.  In other words, our analysis aims to explore patterns that might help understand why 

some requests were filled quickly while others were open for longer periods.  First, we explore 

the temporal and spatial distribution of the data.  Then, we identify statistically significant data 

clusters and interpretable clusters of cleanup activity resulting in case closure. Finally, we 

examine the local dynamics that structure cluster activity to qualitatively explore the distribution 

of work across organizations and tasks.    

To identify ways that space and time interact to structure nonprofit coordination during disaster 

cleanup, we used the retrospective scan statistic with a spatio-temporal permutation probability 

model (STPSS) to detect significant data clustering. These clusters, we argue, provide indicators 

of coordination. We completed analyses in SaTScan v. 10.0.2 (2022). SatScan is a free software 

capable of analyzing space-time point and areal data (Xie et al. 2017).   

For this analysis, we selected a cylindrical scan window. The scan window is composed of 

thousands of overlapping cylinders, with the base of the cylinder scanning the spatial component 

of the data (distance between census tracts) and the height of the cylinder scanning the temporal 

component (week that a request for volunteer assistance was filed by a VOAD member 

organization). For each scan window, the expected number of cases is compared to the observed 

number of cases. Clusters indicate locations and time periods where cases all take approximately 

the same amount of time to fill. Clusters in earlier time periods indicate higher prioritization for 

cleanup. Clusters with fast rates of closure indicate more successful coordination.   
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The SaTScan output includes a list of all clusters, a list of the unique identification numbers 

associated with each cluster, the numbers of observed and expected cases, and the p-value for 

each cluster. Each cluster identifies an area of higher-than-expected correlation between the date 

of cleanup completion and location. 

To calculate p-value for detected clusters, the SatScan program uses computer simulations to 

generate a few random replications of the data under the null hypothesis. Monte Carlo test 

statistic is calculated for each random replication to determine whether observed data clustering 

is likely to be due to chance. The number of observed cases in a cluster is compared to what 

would have been expected if the spatial and temporal locations of all cases were independent of 

each other so that there is no space-time interaction. Monte Carlo simulations computed the 

maximum likelihood of each cluster, or the likelihood that a cluster could have occurred 

randomly in the data set.  

Methodological guidance recommends limiting STPSS cluster sizes to those that comprise less 

than 50% of all observations and excluding significant zero-radius clusters from analysis (Azage 

et al., 2015; Nager et al., 2014). The rationale for omitting clusters that contain large amounts of 

data is that larger clusters are not an indication of clustering, but rather a biproduct of a pattern of 

dispersion elsewhere. A zero-radius cluster includes one census tract.  Therefore zero-radius 

clusters are not reliable indicators of coordination across spatial extents that are relevant to this 

analysis. Single location clusters are more likely to indicate sparse data, low expected counts.  

In the results, we discuss clusters with the highest significance (0.001 chance of occurring 

randomly) and the earliest clusters following the impact of Hurricane Florence. Lastly, 

significant space-time clusters were mapped, and a point density heat map was created for 
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significant cluster locations to illustrate the spatial distribution (density) of cleanup efforts within 

the cluster. Maps were created using free and open source QGIS.  

Results 

From the Crisis Cleanup database generated by NC VOAD member organizations, we found 

4147 cases total, 2,511 (60.2%) classified as tree removal, 926 (22.2%) as muck out, 438 

(10.5%) as debris removal, 284 (6.8%) as tarp, and 15 (.4%) requests for assistance with 

rebuilds. We examine their distribution of cleanup activity completion across time (Figure 2).  

Then we examine the distribution of cleanup completion across space (Figure 3). The number of 

requests per census tract range from two to 114 (classified as quantiles in Figure 3). We noted a 

higher number of closures at coastal urban areas (Moorehead City and Wilmington), near the 

coast (New Bern), and inland (Lumberton).  
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Figure 2. Temporal distribution of completed cleanup assistance following Hurricane Florence (September 14, 2018). Values 

express weekly frequencies beginning on each displayed date. 
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Figure 3. Spatial distribution of completed cleanup assistance following Hurricane Florence (September 14, 2018). Spatial 

boundaries correspond with 2020 US census tracts. 

 

Space-time clusters of cases closed by VOAD organizations 

The space-time permutation model identified eight statistically significant clusters (p value of 

0.001), each with unique spatial and temporal distributions. Two clusters were excluded from 

further analysis because the areal extent was limited to a single census tract (i.e., the cluster had a 

zero radius). The full results are reported in Table 1 and the clusters suitable for analysis are 

displayed in Figure 4.   
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Table 1. Space-time permutation scan statistic (STPSS) results. 

 

 

Figure 4. Space-time permutation scan statistic (STPSS) results map. Circles indicate spatial extents and labels include date of 

cleanup completions that comprise the cluster. Shading indicates observation densities within the clusters. 

To interpret clusters as symbols of non-profit coordination, we compare two clusters (Figure 5 

and Figure 6).  First, Cluster 1 (Figure 5 A-B) is the most statistically robust cluster. Cluster 1 

has a geographical radius of 23.0 km (14.3 mi), is proximate to the coastline, and encompasses 

two towns (Richlands South and Swansboro) and one urban area (Jacksonville). Cluster 1 

includes requests for volunteer assistance closed between November 27 and ends December 6, 
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2018, 74 days after the initial impact of Hurricane Florence. The cluster encompasses 314 of 518 

Cleanup cases closed in the region. Of those closures 62.7 % were tree removal, 16% were muck 

out, 11% were debris removal, 8.7% were tarp, and 1% were rebuilds. Six nonprofit 

organizations respond and resolve cases (Figure 5). As indicated in Figure 5A, the nonprofits 

include six Wilmington North Carolina Stake, Church of Jesus Christ, and Latter-Day Saints 

(LDS), Raleigh South Stake LDS, Kinston NC Stake LDS, Gastonia NC Stake LDS, Raleigh NC 

Stake LDS, and Charlotte North Carolina Central Stake, LDS.  

Cluster 7 (Figure 6 A-B) is the cluster of quickest cleanup closure.  The cluster has 10.1 km 

radius (6.3 mi) and encompasses the coastal urban area of New Bern (Figure 4). This cluster 

contains 237 of 374 response closures in the region and includes the first two weeks of data entry 

in the database. Of those closures 48.7% were muck out, 39.8% for tree removal, 7.8% debris 

removal, 3.2% tarp, and 0.5% rebuilds. Cluster 7 had five nonprofit organizations respond and 

resolve cases. These include Kinston NC Stake LDS (41%), New Song United Methodist Church 

(16.4%), Two Rivers Church (14.5%), All Hands and Hearts (7.1%), and Team Rubicon USA 

(6.8%).  
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Figure 5. Organizational and activity decomposition of spatio-temporal clusters. A: Percentage of all VOAD activity provided by 

active organizations in Cluster 1. B: Percentage of work each non-profit organization did across five domains of recovery work: 

debris removal, muck out, rebuild, tarping, and tree-related clean up in Cluster 1. 

 
 

Figure 6. Organizational and activity decomposition of spatio-temporal clusters. A: Proportion of all VOAD activity provided by 

most active organizations in Cluster 7. B: Percentage of work each non-profit organization did across five domains of recovery 

work: debris removal, muck out, rebuild, tarping, and tree-related clean up in Cluster 7. 
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Discussion 

Using data recorded as part of coordination efforts in the weeks following the Hurricane 

Florence (September 14, 2018), we found that examination of overall levels of nonprofit activity 

may overlook more localized spatial and temporal dynamics.  Identifying these dynamics is a 

first step toward steering coordination planning and improvisation toward approaches that reach 

socially vulnerable communities.  

Timely surveillance of nonprofit coordination is an essential component of describing ongoing 

dynamics of recovery, monitoring trends in collaboration and detecting unmet disaster survivor 

needs. Critical factors when conducting a space-time surveillance of non-profit coordination to 

close cases are (1) the time aid is provided, (2) the geographic location where aid is requested, 

and (3) the segments of the population that receive aid from non-profits.  

STPSS is one example of a space-time method that offers promising insight into non-profit 

activity and disaster recovery.  Space-time extensions, both the search radius (area) and search 

height (time) are considered cluster selection. Slow clusters (multiple weeks) can be detected 

alongside fast clusters (single days). Early clusters (just after a disaster) and late clusters (months 

after a disaster) can also be differentiated.  

This work introduces STPSS as a space-time tool that can be used to understand nonprofit 

coordination. This application has the potential to advance theories on nonprofit coordination, as 

spatial analytics of any kind remain relatively rare in nonprofit research (McIndoe and Oakley 

2022). Space-time cluster detection through STPSS offers a more nuanced opportunity to 

examine cluster formation than a more simplistic approaches that simply repeat spatial statistics 

over multiple time periods (Robertson et al. 2010, Chen et al. 2021, Lan and Melmelle 2023).  
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When we examined time alone, we found that most requests for assistance made VOAD 

organizations were closed prior to October 22, 2018. This pattern holds across all types of 

cleanup activity, suggesting a comprehensive work completion strategy. When we examined 

space alone, we observed that many requests came from urban centers near the coastline. There 

is one anomalous pocket of requests further inland. When we examine space and time together 

using STPSS, we identified six interpretable clusters of activity resulting in case closure. In these 

clusters, cases in multiple census tracts closed at about the same time. We interpret these six 

clusters as evidence of coordination because of their geographic range (more than one census 

tract) and temporal refinement. The quickest rate of case closure is in Cluster 7 (cases closed in 

the first 10 days after the hurricane) and the slowest rate of case closure is in Cluster 3 (cases 

closed the last week of the data collection period). When we examine the distribution of activity 

within each cluster, we see evidence of uneven rates of case closure and different orientations 

toward work completion.  

Identifying clusters of nonprofit assistance with disaster cleanup, our results establish a 

framework for rendering some of the challenges of nonprofit coordination visible. By analyzing 

and decomposing clusters, we develop tool that disaster coordination networks, such as VOAD, 

can use to examine relationships among nonprofit organizations and their influence on how 

cleanup progresses (Eller et al. 2015). The cluster that represents the quickest recovery 

coordination is cluster 7. The prompt response (September 18 – September 24, 2018). Several 

nonprofits responded to this area; however, many requests were filled by Kinston NC Stake, The 

Church of Jesus Christ of Latter-Day Saints. There were 5 organizations which responded to this 

area.  The mixture of religiously affiliated organizations and secular organizations may have 

benefitted the collective ability to serve the community and effective improvisation.  
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Our results are consistent with observations in which “non-profits are the most local of all 

response and recovery organizations, and thus their role is critical to effective disaster relief” 

(Jenkins et al. 2015). Additionally, the level of coordination and broad range of services 

provided following a large-scale disaster demonstrates these VOADs performance capability 

(Eller et al. 2015). 

Findings from our study lends empirical support for disparities in recovery that have the potential 

to alter long-term recovery. More than simply observing the presence of clusters and observable 

differences in the types of work organizations are doing, demonstrate that coordinating 

organizations like NC VOAD have the potential to realign incentives to promote administrative 

processes. For example, clusters of very late response might exacerbate damage beyond 

additional mold growth in buildings. Although recovery work might choose to see this as 

indicative of a bad actor or as a recovery-only experience, disaster survivors are far more likely 

to interpret these as an action that supports the perception that institutions – in this paper all NC 

VOAD-affiliated nonprofits – cannot be trusted (Hutton 2019).   

To achieve organizational goals, nonprofits can apply a systems-wide lens to their work and look 

for ways to be actively involved in networks, coalitions, or other collaborative projects. These 

networks are a unique type of service delivery networks due to their lead-organization structure 

and mandated nature. There are not good measures of the collective impact of coordinated 

services, which can lead to a lack of accountability for public goods that do not serve the 

individual interests of organization or current metrics for success (Carnochan et al., 2014).  A 

post-mortem on cleanup coordination can help ensure that nonprofit organizations are rewarded 

when they enable community-level responses (Coupet and Berrett 2019).  



   

42 

 

Excessive coordination among in organization and member organizations can discourage rapid 

and improvise assistance following the disaster due to the time and resources that are required to 

coordinate and communicate with all the different organizations. When there is too much 

coordination, it can lead to confusion and delays as each organization tries to coordinate with the 

others. Additionally, excessive coordination can lead to the bureaucracy and red tape as each 

organization follows its own policies and procedures. Observing the cluster of slow activity, such 

as Cluster 1 and 2 can help to understand whether the activities of non-profits themselves or 

exogenous factors (the complexity of the disaster or strong leadership by local governments) are 

driving slower response. Grounded experience and additional data can help to diagnose problems 

and generate opportunities for learning.  

As with any analytic choice, there are inherent limitations to STPSS.  Other methods may be 

more appropriate to the context of other non-profit coordination or disaster recovery scenarios. 

STPSS is an emerging technique to detect clusters in aggregated data (Robertson et al. 2010, Lan 

and Demelle 2023). In our study, it was a good analytic technique for us because we were 

interested in community-level clustering of non-profit activity and committed to maintaining the 

privacy of individual disaster survivors. Additionally, the use of a true space-time cluster 

technique reduces the chances of both Type I (false positive) and Type II (false negative) errors.  

Several issues warrant further investigation. The first issue is the extent that covariates such as 

population would lend additional insight into case closure (e.g., Whiteman et al. 2019).  

Covariates can be insightful in retrospective analyses, but the displacement and migration 

patterns of disaster survivors make this challenging to incorporate in prospective work (Koo et al 

2019, Chen et al. 2021) which is why we ultimately did not include them in this analysis. For 

example, non-profit coordination after disaster should ideally compliment, rather than replicate, 
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the work of government emergency response and recovery teams. We did not have access to 

comparable data to examine the interactions between the two sets of coordination networks for 

our study, but such analysis would provide essential information regarding the extent to which 

non-profits effectively reach so-called hard to reach populations. Second, there is a need to 

improve access to spatial scan statistics tools and software across the geospatial analytic 

professionals (Robertson and Nelson 2010; Lan and Demelle 2023). Whereas there are extensive 

web applications to automate cluster detection and visualization, there are far fewer out-of-the-

box opportunities to conduct STPSS analytics (Lan and Demelle 2023), and those that do exist 

are often only available through propriety geospatial software, which may be prohibitively 

expensive for nonprofit networks and developing nations. Thus, open source and freeware 

development could be an important priority for computer scientists and GIS developers.  

Conclusion 

The results of this study demonstrate the power of spatial and temporal analysis as a tool for 

evaluating non-profit coordination dilemmas by analyzing patterns in the distribution of 

requested and completed housing relief services by work type. STPSS allowed insight into the 

nature of coordination and collaboration within individual and between clusters by 

disaggregating the efforts of multiple VOADs, along with the times, duration, locations, and 

spatial extent of recovery.  This choice reflects the growing use of STPSS to other time-sensitive 

elements of disaster, including mountain hazards (Fuchs et al., 2012), response to crime (Leitner 

& Helbich, 2011), and building reconstruction (Stevenson et al., 2010; Stimers et al., 2022). 

Moreover, space-time measures such as STPSS create opportunities to observe and incentivize 

recovery work with hard-to-reach populations and locations. Our approach also provides useful 

information on how disaster response and recovery efforts were executed and could help inform 
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hazard mitigation and sustainable recovery practices to ensure that vulnerable neighborhoods are 

well prepared for traumatic events and build resilient populations (Smith 2011; Gruebner et al. 

2017). STPSS and other spatio-temporal scan statistics also have the advantage of being 

compatible with prospective analysis, which means that they can be deployed in real time to 

detect change (Sonnesson and Bock 2003). This suggests that they could help to steer nonprofit 

coordination as disasters unfold and the recovery context and coordination needs evolve.  

Future work to understand and apply space-time metrics to disaster recovery could benefit from a 

comprehensive review of all work to date.  Reviews in other domains, such as epidemiology, 

provided essential guidance to our selection of methods. Our literature review points to the utility 

of the spatial-temporal scan statistic to model social impacts of disaster, such as changes in 

permitting (Steventson et al. 2010, Stimers et al. 2022), crime (Leitner and Helbich 2011) and 

mental health (Gruebner et al. 2017, Dai and Wang 2020).   
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CHAPTER 3 

 

GEOGRAPHIC TEMPORALLY WEIGHTED ANALYSIS OF FACTORS 

RELATED TO NONPROFIT SUPPORT FOR HOUSEHOLD DISASTER 

RECOVERY 

Abstract 

After disasters, nonprofits play a key role in jumpstarting housing recovery. They often organize 

volunteers and local communities to complete housing cleanup and debris removal. By removing 

debris from the home and covering damaged roofs with waterproof structure, the work of non-

profits has the potential to protect communities from the dual threats of disinvestment and 

speculation. This paper investigates the timing and location of nonprofit work following disaster 

to better understand the extent that it varies with changes in the extent of damage, social 

conditions in the community, and the qualities of nonprofits completing work. To better 

understand the nonprofit capacity and coordination component of housing recovery activity, we 

identified determinants of days before action complete (DBAC) for census tracts in eastern North 

Carolina using ordinary least squares regression (OLS). We compared the results from the OLS 

with those from a geographically and temporally weighted regression (GTWR) to determine 

whether there are spatial and temporal effects beyond those accounted for in OLS.  Determinants 

of DBAC reflect the intensity of disaster, legacies of being under-served by disaster planning, the 

labor intensity of different recovery actions, and indicators of coordination among nonprofits. 

OLS results indicate seven significant independent variables.  These included variables that 

account for differences in census geographies (percent land area), disaster risk estimates 

(expected hurricane loss, and expected riverine flooding loss), social vulnerabilities likely to 

make private and government resources harder to access (racial minority status and language 

isolation), and the skill needed to accomplish household level recovery actions (debris removal, 
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roof tarping, or rebuilding). However, improvement of GTWR over the OLS model suggests that 

there are spatial and temporal effects. Census tracts exhibit DBAC similar to neighboring tracts 

and/or to previous time periods in the same tract for these seven variables. Most notably, results 

of GTWR contradict the significance and direction of the relationship between DBAC and two 

variables: minority and language, and loss due to riverine flooding. Model parameters can be 

used to investigate the effects of efforts to coordinate nonprofit efforts and encourage “strategic 

improvisation” during disaster response work. We discuss how these results may inform 

assessments of the capacity of nonprofits to achieve housing recovery equity goals in areas 

following disaster.  

Introduction 
 

Nonprofit organizations (NPOs) have the potential to fill a unique role in disaster response and 

recovery (Eller et al., 2015; Jenkins & Jenkins, 2015; Kapucu et al., 2018; Mathias et al., 2022). 

Indeed, disaster response and recovery often rely heavily on the non-profit sector (Sledge & 

Thomas, 2019). Survivors need access to their homes, which may require removing muck, 

debris, and trees from structures and nearby roadways and outdoor spaces. However, 

jurisdictional boundaries often prevent governments from executing disaster response and 

recovery actions on private property (Linnenluecke & McKnight, 2017; Smith & Birkland, 2012) 

and private contracts tend to respond to economic incentives, making them most effective in 

higher income communities (van Holm & Wyczalkowski, 2019; Wyczalkowski et al., 2019). 

Therefore, housing recovery work with the highest potential to benefit hard-to-reach populations 

is most often performed by non-profits (Egan & Tischler, 2010). This suggests that even when 

activities are limited to owner occupied dwellings, they are likely to have spillover benefits for 
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renters by limiting the pressure on temporary housing and nearby affordable housing (Demiroz 

& Hu, 2014; Kapucu, 2007; Pérodin et al., 2022; Sylves, 2008).  

 

Housing access post-disaster refers to the ability of individuals or households to secure safe, 

stable, and affordable housing following a disaster (Simo & Bies, 2007; Sledge & Thomas, 

2019). In the aftermath of a disaster, access to housing can be limited due to a variety of factors, 

such as damage to existing housing stock, displacement, or inadequate supply of affordable 

housing. Scholarly literature suggests that housing access post-disaster is a complex issue that 

requires a multifaceted approach (Gaisie et al., 2021; Hamideh & Rongerude, 2018). This may 

involve emergency shelter provision, transitional housing solutions, and permanent housing 

options (Peacock et al., 2018). It is important that housing options are safe, affordable, and meet 

the needs of the affected population, which may include those with disabilities or other 

vulnerable populations. One of the ways that nonprofits assist in this work is by deploying 

volunteers to complete recovery work that helps prevent flood damages from cascading and, 

ultimately, return people to their pre-disaster residence as quickly as possible. 

  

By taking a comprehensive approach to housing access post-disaster, scholars argue that it is 

possible to ensure that affected populations have access to safe, stable, and affordable housing in 

the aftermath of a disaster. In addition to providing physical housing options, scholars emphasize 

the importance of considering the social and economic contexts in which housing access is 

situated (Jeong & Yoon, 2018). This includes addressing issues such as social inequality, access 

to economic opportunities, and affordable housing policies. It also includes the community-level 
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impact of not just how many homes are damaged, but how much support their recovery receives 

(Gould & Lewis, 2021; Horney et al., 2017).  

 

Community recovery post-disaster refers to the process of rebuilding and restoring social, 

economic, and physical infrastructure following a disaster (Hong et al., 2021; Nejat et al., 2022). 

It involves not only repairing or rebuilding damaged infrastructure, but also addressing the 

underlying social and economic conditions that may have contributed to the disaster and its 

impacts.  Research suggests that community recovery post-disaster is a complex process that 

requires a coordinated and collaborative approach (FEMA, 2016). This may involve a range of 

stakeholders, including government agencies, non-profit organizations, and community-based 

groups. Recovery efforts may focus on a range of areas, including housing, economic 

development, public health, and social support (Chandra & Acosta 2009; Sledge & Thomas 

2019). Effective community recovery post-disaster is often seen as a long-term process that 

requires sustained effort and investment. This may involve rebuilding physical infrastructure, but 

also addressing the underlying social and economic conditions that contribute to vulnerability in 

the first place. Scholars argue that community recovery should be community-led and 

participatory, with a focus on engaging affected populations and ensuring that their needs and 

perspectives are represented (Crawford & Morrison 2021; Cretney, 2018; Hamideh & 

Rongerude, 2018). By taking a comprehensive and collaborative approach, it is possible to 

support the long-term recovery and resilience of communities in the aftermath of a disaster. 
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This study uses statewide records of post-disaster recovery work completed by nonprofits at the 

census tract level. The data is provided by North Carolina Volunteers Active in Disaster (Crisis 

Cleanup, 2020) and integrated with existing data products (CDC, 2020; FEMA, 2021; U.S. 

Census Bureau, 2018; U.S. Census Bureau, 2021) to estimate coefficients for hazard damages, 

social vulnerability, community resilience, and organizational capacity.  An articulation of the 

forces that influence the efficacy and equity of non-profit contributions to disaster recovery 

provides an empirical basis for decision support and scenario development for non-profit 

coordination to aid housing recovery.  

 

Background Literature: Factors likely to influence the speed and location of nonprofit 

coordination after disaster 

Factors influencing the timing of requests and the DBAC reflect the environmental and social 

relations of disaster survivors as well as the social relations of survivors to non-profits, and 

nonprofits to one another. Past studies have demonstrated that delivering timely relief services -- 

including those related to housing recovery - requires identifying communities socially, 

economically, and ecologically vulnerable to natural hazards (Griego et al., 2020; Hamideh & 

Rongerude, 2018). 

Days before action complete (DBAC) as a metric of coordination 

To evaluate equity-centered goals, coordination can apply a systems-wide lens to their work and 

look for ways to be actively involved in networks, coalitions, or other collaborative projects 

(Islam and Walkerden 2015). The number of days before an action is complete (DBAC) is one 

indicator of impact. The number of days until a case is resolved can be a good indicator of 

disaster response and recovery, as it provides information about how the affected community can 
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access help and support without how fast they need to be. The shorter number of days until the 

case is resolved indicates that response and recovery efforts are well coordinated and effective, 

and that resources are used effectively to meet community needs.  

 

Additionally, the shorter number of days before a case is handled can also indicate that the 

affected community is receiving the right form of support, which is essential for their health and 

recovery. Shorter case closing days may also indicate that communities are more likely to 

recover more quickly and suffer less long-term damage. On the other hand, a longer number of 

days until the case is resolved may indicate that response and recovery efforts are not well 

coordinated or effective and resources are not being used effectively. It may also indicate that 

affected communities are not receiving the right kind of support or are not getting the support 

they need in a timely manner, which can prolong their suffering and hinder progress. their 

recovery. In short, the number of days until an incident is handled can be a good indicator of 

disaster response and recovery as it indicates the speed, coordination, and effectiveness of 

assistance provided for affected communities. 

Hazard damages 

Hazard risk is considered a significant regional hazard, which is defined as a hazard 

geographically limited in occurrence but contributing significantly to a region’s risk profile, such 

as hurricane or volcanic activity (Zuzak et al., 2022). 

Social vulnerability 

The concept of social vulnerability is an analytical framework that identifies people and 

communities less likely to withstand and recover from the impacts of environmental hazards 

(Cutter et al., 2003; Yoon, 2012; Zuzak et al., 2022). It acknowledges that vulnerabilities are not 
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innate but instead arise from unequal access to resources, power imbalances, and other systemic 

inequalities that can prevent people from effectively preparing for, responding to, and recovering 

from hazards. Peacock et al (2014) found that household recovery disproportionately affected the 

elderly, racial/ethnic minorities, women, or uninsured population.  Domingue & Emrich (2019) 

found demographic, environmental, and socioeconomic conditions as being significantly related 

to aid distribution and disparate levels of recovery.   

Community resilience 

Community resilience describes the collective ability of a neighborhood or geographically 

defined area to deal with stressors and efficiently resume their daily life through creating strong 

ties with neighbors following events (Aldrich, 2012, Aldrich & Meyer, 2014). Whereas social 

vulnerability focuses on the degree to which a community, population or individual is susceptible 

to harm or damage, community resilience measures of the community's capacity to absorb 

shocks, adapt, and transform in the face of change, all while maintaining its overall health and 

well-being (Gaisie et al., 2021). 

 

Capacity of member organizations 

Organizational capacity refers to the resources, skills, and functions a NPO needs to achieve its 

mission across different domains. (Despard, 2016). Nonprofits with more experience and 

expertise in disaster response can coordinate their efforts more quickly and effectively. In 

addition, the size and scope of nonprofit organizations matter. Larger, older nonprofits may have 

more resources and staff to devote to disaster response, allowing them to coordinate faster and 

more effectively. A nonprofit's mission and direction also define its capabilities. Some nonprofits 

may specialize in certain areas of disaster response, such as providing medical care or rebuilding 
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homes, and can coordinate more effectively in those areas. Nonprofit readiness, like 

communities that have disaster plans, nonprofits that plan and have trained their staff on how to 

respond in the event of a disaster will be able to coordinate more quickly and effectively. 

 

Methods and Materials 
 

Study Area 

The empirical study includes the eastern 33 counties of North Carolina (USA). The region 

includes both rural and urban development across the coastal plain of North Carolina (Figure 1). 

The region accounts for 21.6% of North Carolina’s population (U.S. Census Bureau, 2018). 

Hurricane Florence made landfall in this region of North Carolina as a category 1 storm on 

September 14, 2018. The storm stalled over North Carolina for three days, producing over 22 

inches of rain in parts of eastern North Carolina. Storm surges reached all-time recorded highs 

near the population center of Wilmington, NC and the duration of rainfall contributed to 

unprecedented riverine flooding in many areas (NOAA, 2019). 
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Figure 1. Eastern North Carolina 

Variables and Data  

The dependent variable in our regression models is the number of days it took nonprofit 

organizations to complete a housing relief action following Hurricane Florence in 2018, or days 

before action complete (DBAC). DBAC data were acquired from the North Carolina chapter of 

Volunteer Organizations Active in Disaster (NCVOAD) and Crisis Clean-Up (Crisis Clean Up, 

2020). We extracted only requests that were completed from 14 September to 31 December 

2018, and aggregated data to the census tract level to protect the privacy of individual 

households, giving us a sample size of n= 4153 cases across 360 census tracts.    
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Table 1. Description and labels used for variables included in VOAD database of requests for assistance after Hurricane 

Florence across eastern North Carolina. 

NCVOAD Capacity Variables Description  

 1. Member Capacity 

Member_Cap Number of cases opened and closed by same member 

organization 

Primary_Living Case where resident currently resides 

Primary_Displaced Case where resident was displaced  

Non_Residence Case where resident isn't primary 

Second_Home Case of second home 

Guest_Home Case of guest home 

Other_Home Case of other home 

Unknown Case of unknown home 

Older_65 Case of resident under 65 

Under_65 Case of resident older than 65 

Tree Case of tree removal 

Debris Case of debris removal 

Muck_Out Case of cleaning of muck out  

Tarp Case of tarp covering 

Mold_Remed Case of mold remediation  

Other Case of other service  

Rebuild Case of home rebuild  

Work_Cnt Total number of requests  

 2. Days before action complete 

DBAC Difference in Days between when case was opened and 

closed 
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Table 2. Description and labels use for potential moderators and modifiers of nonprofit coordination. 

Variables Domain and Description 

 3. Environmental 

Population Density Total population divided by the area 

Percent Area Land Area of land divided by total area x 100 

Percent Water Area of water divided by total area x 100 

Area (SQMI) Area in miles  

 4. CDC Social Vulnerability Index 

RPL_THEME1 Socioeconomic Status: Below Poverty, Unemployed, 

Income, No High School Diploma 

RPL_THEME2 Household Composition & Disability: Age 65 or Older 

Aged 17 or Younger Civilian with Disability, Single-

Parent Households 

RPL_THEME3 Minority Status & Language: Minority Aged 5 or 

Older who Speaks English “Less than Well” 

RPL_THEME4 Housing Type & Transportation: Multi-Unit Structures, 

Mobile Homes, Crowding, No Vehicle, Group 

Quarters 

 5. Community Resilience Estimates (Census) 

PRED0_PE Estimated number of individuals with zero risk factors 

PRED12_PE Estimated number of individuals with one-two risk 

factors 

PRED3_PE Estimated number of individuals with three plus risk 

factors  

 6. National Risk Index Rating (FEMA) 

CFLD_EALS Coastal Flooding - Expected Annual Loss Score 

HRCN_EALS Hurricane - Expected Annual Loss Score 

RFLD_EALS Riverine Flooding - Expected Annual Loss Score 

SWND_EALS Strong Wind - Expected Annual Loss Score 

The independent variables reflect hazard damages, social vulnerability, community resilience, as 

well as the characteristics of individual households filing requests for aid and types of help 

requested (Table 1 and 2 Combined). 

We hypothesized that DBAC would be a function of hazard damages, social vulnerability, 

community resilience, the characteristics of individual households, and the capacity of 

nonprofits. Longer DBAC would be required when household damage required skilled labor to 

resolve (i.e., mold abatement) and nonprofit capacity was lower. Later DBAC and longer DBAC 

might also be attributed to overall hazard damages and high social vulnerability, as gaining 

physical access and social trust may be more difficult. Early and short DBAC might correlate 
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with community resilience, indicating the ability of communities to organize to attract nonprofit 

support.  

Environmental context variables include factors related population density, percent land area, 

percent water, and total area of each census tract (US Census 2020). These factors have the 

potential to limit the total potential need for nonprofit assistance during recovery (e.g., small 

census tracts with low population density just cannot ask for as much aid as larger and more 

densely populated regions).  

Hazard damage data is derived from the expected annual economic loss due to hurricanes and 

related events such as strong winds, coastal flooding, and riverine flooding.  The Expected 

Annual Loss (EAL) represents the average economic loss in dollars resulting from natural 

hazards (Table 2). It is calculated for each hazard type and quantifies loss for buildings, people, 

and agriculture (Federal Emergency Management Agency, 2021). These damages have the 

potential to slow down nonprofit deployment and/or redirect attention from housing to other 

recovery needs. 

Social vulnerability refers to the characteristics of a community’s built and social environment 

that shape their susceptibility to harm (Cutter et al., 2003, 2014). Social vulnerability index (SVI) 

variables are based on the Agency for Toxic Substances and Disease Registry (ATSDR) of the 

Centers for Disease Control and Prevention (CDC)’s (CDC, 2020). Although other models of 

social vulnerability exist, we chose to implement this index because of this broad acceptance 

among emergency managers (Flanagan et al. 2011). The SVI is developed from 15 variables on 

the American Community Survey (CDC, 2020). To construct the index, each variable is assigned 

a percentile rank. A percentile rank was then calculated as:  
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Percentile Rank = (Rank−1)/(N−1) 

where N = the total number of data points. For each of the four themes, the percentiles for the 

variables within themes were summed and then sorted ascendingly the summed percentiles 

within each theme to determine theme-specific percentile rankings (Flanagan et al. 2011). Theme 

values where tracts in the top at the 90th percentile of values, are given a value of 1 to indicate 

high vulnerability, while tracts below the 90th percentile are given a value of 0. Our study uses 

2018 SVI ranked percentile (RPL) themes, socioeconomic status, household composition and 

disability, minority status and language, and housing type and transportation (Table 2).  

 

 

Community resilience estimates data 

Community resilience is the capacity of individuals and households within a community to 

absorb, endure, and recover from the impacts of a disaster. The US Census Bureau’s community 

resilience estimates (CRE) provides estimates of capacity individuals and households (Census, 

2019).  The CRE estimates the number of people facing a specific number of risks. The estimates 

are 10 ACS-defined risk factors for households and individuals. Variables included are Income-

to-Poverty Ratio (IPR) < 130 percent (HH), Crowding (i.e., Unit-level crowding defined as > 

0.75 persons per room (HH) or Household resides within a high-density tract defined as 75% of 

the population living in blocks with greater than 4,000 people per square mile), Communication 

barrier (i.e., Linguistically isolated (HH) or No one in the household over the age of 16 with a 

high school diploma (HH), No employed persons (HH), Disability posing constraint to 

significant life activity (i.e. Persons who report having any one of the six disability types (I): 
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hearing difficulty, vision difficulty, cognitive difficulty, ambulatory difficulty, self-care 

difficulty, and independent living difficulty), No health insurance coverage (I), Age >= 65 (I). 

These variables are then grouped into three categories to include zero risk factors, one-two risk 

factors, and three plus risk factors (Table 2).  This study uses all three categories for analysis.  

Data Integration and Modeling Approach 

Preparing data for analysis - assumptions of analysis and interpretability 

One precondition of regression analysis is that the dependent variable should meet the normal 

distribution. The request for normal distribution has two conditions. The first is that the uncertain 

variable is symmetric about the mean and the other is that the uncertain variable is more likely to 

be in the vicinity of the mean than far away. Thus, a normal distribution is conducted in 

dependent variables quarterly. Days before action completed (DBAC) is log- transformed to 

satisfy the parametric requirement for normality for two phases of post-disaster (Figure 2). 

Additionally, independent variables (i.e., Member Capacity, Primary Living, Primary Displaced, 

Non-resident, Second Home, Guest Home, Other Home, Unknown, Older 65, Under 65, Tree, 

Debris, Muck Out, Tarp, Mold Remediation, Other, Work Count) were aggregated to the census 

tract and summarized. Additionally, variables were normalized via z-score distribution. Z-score 

is that the data mean is equal to 0 and the standard deviation is equal to 1. 

Ordinary Least Squares Regression 

Linear regression is a simple supervised learning approach useful for predicting a quantitative 

response.  Coefficients (β) represent the contribution each independent variable makes to the 

prediction of the dependent variable. Specifically, it calculates coefficients representing the 

average effect the independent variable has on the dependent variable and estimates its statistical 
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significance (James et al., 2013). The simple linear model is extended to accommodate multiple 

predictors. This is done by giving each predictor a separate slope coefficient in a single model. 

Linear regression models are a necessary precondition of more sophisticated spatial and temporal 

models. The formula for the basic linear model is as follows:  

𝑌𝑖 =  𝛽𝑜 + ∑ 𝛽𝑘𝑋𝑖𝑘

𝑚

𝑘=1

+ ℇ𝑖 

 

Where 𝛽𝑜 refers to the intercept parameter, m is the number of predictor variables; 𝑋𝑘 is the k-th 

explanatory variable, 𝛽𝑘  is the coefficient of the k-th explanatory variable and ℇ𝑖 is the error 

term. In our study, the dependent variable (𝑌) is the total number of days elapsed between 

requested and closed date in each census tract for a recovery case, or days before action complete 

(DBAC).  

A second precondition of OLS regression is that the independent variables should not exhibit 

collinearity. From our list of candidate variables (Table 1 and Table 2 Combined), we reduced 

the model variables to fit the assumptions of OLS. Namely, to only variables are not collinear. A 

variance inflation factor (VIF) helps to identify the severity of multicollinearity. 

Multicollinearity creates a problem in a regression model because the independent variables are 

influencing each other. We identified 14 variables that do not have a multicollinearity issue (VIF 

values ranging from 1.1 to 2.5). A VIF value of 1 indicates no multicollinearity (i.e., no 

correlation between predictor variables), while a value greater than 1 suggests increasing levels 

of multicollinearity (Figure 3). As a result, 14 explanatory variables are chosen using this 

process. (Park et al., 2021). These 14 variables are found in Figure 3 and were used to complete 

an initial OLS regression. 
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For this study, an OLS model is first constructed to evaluate the significance of individual 

variables prior to conducting the GTWR analysis. The dependent variable is the DBAC; these 

rates are log-transformed to satisfy the parametric requirement for normality (Figure 2). The 

explanatory variables represent the best fitting (in terms of model performance) subset of the 14 

variables. All data analyses and mapping were performed using ArcGIS Desktop (version 10.3) 

and R statistical software (version 4.0.3). 

Spatial Autocorrelation and Temporal differentiation 

Insights from housing recovery studies (Peacock et al., 2014; Peacock et al., 2018), the structure 

of DBAC data (Table 1), and our own prior research (Ifediora and Cutts, in press) suggested the 

need to disaggregate data by space and time. To do this, we separated early requests for 

assistance (September) from those occurring later (October - December).  Then, we used 

Moran’s I and the local indicator of spatial autocorrelation (LISA) statistics to determine the 

significance and locations of spatial clusters and compare them across time. These statistical 

inspections of clustering indicate whether nonprofit coordination leads to more or less clustering 

than one would expect by chance. Because we analyze clusters in the residuals of regression, we 

effectively control for differences in hazard experiences, the demographic and built 

environmental indicators of vulnerability, and differences in the level of expertise required to 

address some types of damage. A positive value of the Moran’s I indicates that the variables are 

positively autocorrelated on the spatial units, and the closer the value to 1 (activity is more 

highly clustered in some census tracks even when taking damage into account). That is, high-

value units (long DBAC census tracts) are adjacent to high-value spatial units and low-value 

spatial units are adjacent to low-value spatial units.  If Moran’s I index is 0, there is no spatial 

relationship between the cells, i.e., high-value and low-value spatial cells are completely 
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randomly distributed.  Further, a negative value of Moran’s I indicates that the variables are 

negatively autocorrelated on spatial units. And the closer its value is to -1. The greater the 

difference between spatial units and the more dispersed the distribution, i.e., high-value spatial 

units are adjacent to low-value spatial units (Fotheringham & Brunsdon, 2010; Jeong & Yoon, 

2018; Zhou et al., 2014).  Local Moran’s I test specifically reflects the degree of local spatial 

agglomeration in each region, including “high-high”, “low-low”, “low-high”, “high-low” 

agglomeration patterns and “no significant spatial correlation”, and the LISA significance test 

reflects its spatial distribution pattern and significance degree (p < .05). Moran's I and LISA 

statistics are needed to understand the spatial patterns of nonprofit coordination and housing 

recovery, as they can help identify clusters of high or low activity and detect potential spatial 

dependencies that may affect the effectiveness of nonprofit efforts in promoting housing 

recovery. 

 

Geographic Temporally Weighted Regression (GTWR) 

GTWR extends the OLS regression model by introducing geographic and temporal variation to 

the model coefficients’ estimation. The form of the GWR model is introduced as follows 

(Fotheringham et al. 2003):  

𝑌𝑖 =  𝛽𝑜(𝑢𝑖 , 𝑣𝑖) + ∑ 𝛽𝑘(𝑢𝑖 , 𝑣𝑖 )𝑋𝑖𝑘

𝑚

𝑘=1

+  ℇ𝑖 

Where (𝑢𝑖 , 𝑣𝑖) is the given coordinates of the observed point 𝑖 in space; m is the number of 

predictor variables; 𝛽𝑜 is the intercept value at location 𝑖; 𝛽𝑘 refers to the local coefficient for 

each k-the explanatory variable 𝑋𝑖𝑘  for location  𝑖; and ℇ𝑖 is the random error at location 𝑖.  
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Unlike the ‘fixed’ coefficient in the OLS model, a point-based calibration of GWR coefficients is 

performed continuously around each regression point across space (Lu et al., 2014; Martínez-

Fernández et al., 2013). Then, a set of coefficients can be plotted for the representation of spatial 

variations. In this model, each observed point captures local effects; in other words, nearer 

observations are supposed to have a higher impact on its coefficient for each explanatory 

variable. The estimation of parameters 𝛽ₖ(𝑢ᵢ, 𝑣ᵢ) is given by:  

𝛽̂(𝑢𝑖 , 𝑣𝑖 ) = [𝑋𝑇𝑊(𝑢𝑖 , 𝑣𝑖 )]−1𝑋𝑇𝑊(𝑢𝑖 , 𝑣𝑖)𝑌 

where 𝑊(𝑢𝑖 , 𝑣𝑖)  is an n * n matrix whose diagonal elements denote the geographical weighting 

of observation data for observation 𝑖 , and the off-diagonal elements are zero. The weight matrix 

is computed for each point   at which parameters are estimated. Accounting for space in 

nonprofit coordination efforts can provide valuable insights into how these organizations can 

collaborate and allocate resources to support effective and equitable housing recovery. 

A GWR model considers spatial heterogeneity but does not account for differences in time. 

Geographically and temporally weighted regression (GTWR) captures spatial and temporal 

heterogeneity simultaneously assumed that observations that are geographically and temporally 

close to the observation 𝑖 have a larger influence on the parameter estimation for the observation 

than the distant observations (Fotheringham et al., 2015; Sholihin et al., 2017). Therefore, 

GTWR requires defining spatial and temporal “closeness” among observations in a space-time 

coordinate system by constructing a spatiotemporal weight matrix. The GTWR regression model 

is calibrated by assigning greater weights to data points closer to the observation in a space-time 

coordinate system while estimating parameters for the observation 𝑖. By producing location- and 

time-specific parameters, GTWR explains geographically and temporally varying relationships.  
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A typical GTWR model can be written as follows: 

𝑌𝑖 =  𝛽𝑜(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖) + ∑ 𝛽𝑘(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖)𝑋𝑖𝑘

𝑚

𝑘=1

+  ℇ𝑖  

where 𝑌𝑖 is the dependent variable DBAC in a census tract neighborhood 𝑡ᵢ; (𝑢ᵢ, 𝑣ᵢ, 𝑡ᵢ) denotes 

the spatial location (𝑢ᵢ, 𝑣ᵢ) as coordinates of census tract 𝑖 at time 𝑡ᵢ ; m is the number of predictor 

variables; 𝛽₀ (𝑢ᵢ, 𝑣ᵢ, 𝑖ᵢ) is the intercept value; 𝛽ₖ(𝑢ᵢ, 𝑣ᵢ, 𝑖ᵢ) represents a vector of parameter value 

for the independent variable 𝑘 at the census tract  and 𝑋ᵢₖ  is the respective independent variable; 

and  denotes error term for census tract 𝑖. The GTWR model allows the parameters 𝛽ₖ(𝑢ᵢ, 𝑣ᵢ, 𝑖ᵢ) 

to vary across the model to measure both the spatial and temporal variations in a spatiotemporal 

dataset. To calibrate this model, a space-time weight matrix 𝑊(𝑢ᵢ, 𝑣ᵢ, 𝑡ᵢ), a diagonal matrix with 

elements representing the spatial and temporal weights of each census tract 𝑖 is given:  

𝛽̂(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖) = [𝑋𝑇𝑊(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖)]−1𝑋𝑇𝑊(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖)𝑌 

where 𝑊(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖) = 𝑑𝑖𝑎𝑔(𝑤𝑖1 , 𝑤𝑖2, … , 𝑤𝑖𝑛) is the weighting matrix at the observation location 

(𝑢𝑖 , 𝑣𝑖)  and time 𝑡𝑖. The diagonal element 𝑤𝑖𝑗(1 ≤ 𝑗 ≤ 𝑛) is the spatiotemporal distance 

function at the observation point (𝑢ᵢ, 𝑣ᵢ, 𝑡ᵢ). In the modeling stage, it is assumed that the 

proximity of the data observation points to the 𝑖 point in the spatiotemporal coordinate system 

has a greater effect on the parameter estimator 𝛽̂(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖) than that of the data located further 

from the 𝑖 point. The proximity has two elements, spatial proximity, and temporal proximity; 

thus, the definition and measurement of spatiotemporal proximity in the coordinate system 

constitute major problems in the construction of the GTWR model. 

The optimal spatiotemporal weight matrix is calculated by a cross-validation (CV) approach that 

aims to achieve the best goodness- of-fit. Given the matrix, the model is estimated using the local 
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weighted least squares approach. Considering the different scale effects of space and time, a 

simple ellipsoidal coordinate system has been introduced to measure the spatio-temporal distance 

between a regressive grid cell and its surrounding cells (Huang et al. 2010). Through combining 

the temporal distance dT with the spatial distance ds, the spatiotemporal distance can be 

expressed as below:  

𝑑𝑆𝑇 =  𝑑𝑠 + 𝑑𝑇 
 
By accounting for both space and time, we can gain a better understanding of how nonprofit 

coordination impacts housing recovery, including the effectiveness and efficiency of recovery 

efforts, the accessibility of services, and the allocation of resources to those most in need. 

Furthermore, the application of GTWR evaluates the interquartile of local estimates. The 

identification of spatial nonstationarity is signaled by larger values of the latter (Fotheringham et 

al., 2015; Lu et al., 2014). 

Results 

From 4153 requests for assistance that were made to and closed by NCVOAD member 

organizations before the end of the data collection period and suitable for inclusion of our 

analysis of days before action complete (DBAC). Of these, 2,503 (60.3%) requests for assistance 

were for tree removal, 919 (22.1%) requested muck out assistance, 437 (10.5%) requested debris 

removal, 279 (6.7%) requested help installing a tarp over the household roof, 15 (.4%) requested 

help with rebuilding. For this study, eastern North Carolina is defined as the 33 eastern counties 

consisting of 490 census tracts. However, we excluded census tracts without requests for 

volunteer assistance through NCVOAD.  Including census tracts with zero requests would skew 

the dependent variable for modeling.  As a result, 21 counties consisting of 360 census tracts 
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were included for this research. Figure 2 shows census tracts that received requests for assistance 

from VOADs.  

Figure 2. Choropleth maps and histograms of the distribution of days elapsed distributions for September (a-b) and October-

December (c-d)  

 

Ordinary Least Squares Regression 

In an OLS regression, relationships hold everywhere and at all starting times in the study area. In 

our study, the percentage of a census tract that was land, the social vulnerability indicator of 

minority status and language, risk of hurricane and riverine losses, and the types of aid needed 
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(debris removal, roof tarping, and rebuilding) are the independent variables.  Table 3 shows 

parameter estimates and significance of each variable in the OLS model. All model coefficients 

are statistically significant at a 5% significance level.  The adjusted r2 of the OLS model is 0.47 

(p < 0.001). The sign and magnitude of the coefficients indicate the direction and strength of the 

relationship between the independent variable and the dependent variable. A positive coefficient 

indicates that the independent variable has a positive effect on the dependent variable, while a 

negative coefficient indicates a negative effect. In this case, we see that percent area land has a 

positive and significant coefficient (.01), indicating that a higher percentage of land area affected 

by the disaster is associated with a longer time before action is complete. Minority status and 

language has a negative coefficient (-.75), indicating that areas with higher values of minority 

populations and non-English speakers are associated with shorter times before action is 

complete. Hurricane loss has a positive coefficient (.02), indicating that areas with higher losses 

due to hurricanes are associated with longer times before action is complete. Riverine loss has a 

negative coefficient (-.02), indicating that areas with higher losses due to riverine flooding are 

associated with shorter times before action is complete. Debris removal coefficient (.48) and 

tarping coefficient (.34) have positive coefficients, indicating that these activities are associated 

with longer times before action is complete. Rebuild has a positive coefficient as well, indicating 

that areas with more rebuilding activity are associated with longer times before action is 

complete. Overall, these results suggest that nonprofits involved in disaster response and 

recovery should consider factors such as the percentage of land area affected, minority 

populations and language barriers, and types of losses in prioritizing their activities to ensure 

timely completion. 
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Figure 3. Multicollinearity Matrix of ordinary least squares variables. 
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Table 3. Ordinary Least Squares Results 

Parameter 

Coefficient 

Estimate 

Standard 

Error t-Statistic p-Value   

Intercept 3.38 0.46 7.412 0.00 *** 

Population Density 0.00 0.00 -1.31 0.19   

Percent Area Land 0.01 0.00 2.123 0.03 * 

Square Miles (Area) 0.00 0.00 1.126 0.26   

Household Composition & Disability 0.03 0.28 0.107 0.91   

Minority Status & Language -0.75 0.28 -2.648 0.01 ** 

Housing Type & Transportation 0.22 0.26 0.828 0.41   

Hurricane Loss 0.02 0.01 3.574 0.00 *** 

Riverine Loss -0.02 0.01 -2.506 0.01 * 

Strong Winds Loss -0.01 0.01 -0.821 0.41   

Non-Residents 0.08 0.06 1.286 0.20   

Guest Homes 0.05 0.06 0.84 0.40   

Debris 0.48 0.08 6.236 0.00 *** 

Tarp 0.34 0.07 4.689 0.00 *** 

Rebuild 0.20 0.06 3.177 0.00 ** 

r2 = 0.47   * p < 0.05 ** p < 0.01 *** p < 0.001     

 

 

 

Spatial Autocorrelation 

Global Moran’s I 

To understand whether OLS was Global Moran’s I was computed for OLS residuals. The days 

elapsed in eastern North Carolina census tracts is always above zero, presenting a significant 

positive correlation during the research period and this relationship has a trend of slight incline 

(Table 4). First, Moran’s I was computed for phase 1 and its value was 0.4267 (p < 0.001), 
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however it increased to 0.5494 (p < 0.001) in phase 2 indicating a positive association of similar 

values. Both phases demonstrated a strong spatial autocorrelation necessitating a spatial 

regression approach. 

 

 
Table 4. Global Moran’s I Results 

Phases The Global Moran index p-value 

Early Phase (Sept) 0.43 *** 

Late Phase (Oct-Dec) 0.55 *** 

*** p < 0.001   

 

Local Moran’s I 

The results of the LISA suggest that the hot/cold spot and outlier patterns of DBAC are 

substantially different between the two periods (Figure 4). During response phase (Figure 4A), 

most high-high spots of DBAC were found in the coastal counties (i.e., Carteret, Craven, 

Onslow, Pender, New Hanover, and Brunswick) as well as some inland counties (i.e., Jones and 

Pitt). The high DBAC in these counties may be due to their proximity to the coast, the amount of 

damage incurred or some social factors. Additionally, high-high DBAC clusters are also 

observed in the urban areas in the Northwest (Greenville) and Coast (Morehead City, New Bern, 

Jacksonville, and Wilmington) potentially due to high population density.  NCVOAD member 

organizations’ approach is to deploy to areas where they can serve the most people quickly first.  

However, even with this approach these areas still took longer periods to recover during the 

initial recovery phase. Moreover, this could be due to the number of cases, types of requests 

and/or damage incurred.    

 

During the second phase of the recovery (Figure 4B). However, many counties with initial 

hotspots increased in significance (i.e., Pender, Onslow, Jones, Craven and Carteret) while other 

counties (i.e., Duplin and Pamlico) became high-high. Also, areas with low-low spots changed 
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and moved to other counties (i.e., Robeson, Cumberland, Hoke, and Lenoir). With the increase 

of high-high portions of these counties, more urban areas (i.e., Hampstead, Burgaw, and 

Richland South) were included with the increase in DBAC. Overall, the number of high-high 

census tracts increased from 49 to 54. Interestingly, the coastal census tract of New Hanover 

County and the census tract bordering Brunswick and New Hanover counties had low-high 

census tracts located around high-low census tracts.  Reasons could be due to a lighter case load, 

or cases that did not require much time to complete. Moreover, southern portions located in 

Wayne County had high-low values fluctuating in census tracts between both phases.  It may 

have taken NCVOAD member organizations more time to reach these areas as they are not urban 

and additional time to complete those cases.  Similarly, phase one produced a high-low coastal 

census tract located in Pamlico County but not significant in phase two.  Additionally, in phase 

two the neighboring census tract located more inland was found to be high-high but in phase one 

it was not significant. 

 
Figure 4. Local Indicators of Spatial Association (LISA), univariate analysis log of DBAC (a), requests for aid made in 

September and (b) those made later (October – December). 
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GTWR Results 

The GTWR model offers an improved fit over the OLS (mean r2 of 0.68 compared to the global 

r2 0.47 OLS). The estimated parameter coefficients vary across spatial and temporal dimensions 

and thus the model outputs are presented in Table 5 and Table 6 for the total duration of the 

study.   

Table 5. Average coefficients for GTWR Phases 

Parameter Phase 1  Phase 2  

Percent Area Land 0.02 0.02 

Minority Status & Language 0.10 0.24 

Hurricane Loss 0.01 0.02 

Riverine Loss 0.00 0.01 

Debris 0.42 0.44 

Tarp 0.49 0.43 

Rebuild 0.04 0.15 

 
Table 6. Parameter Estimates for GTWR  

Variable Minimum Lower 

Quartile 

Median Upper 

Quartile 

Maximum Average 

Percent Area Land -0.08 0.00 0.01 0.02 0.24 0.02 

Minority & Language -2.07 -0.55 0.36 0.71 1.95 0.17 

Hurricane Loss -0.05 0.00 0.01 0.03 0.05 0.01 

Riverine Loss -0.08 -0.01 0.01 0.02 0.08 0.00 

Debris Removal -0.15 0.22 0.42 0.55 1.05 0.43 

Tarp -0.13 0.13 0.35 0.83 1.18 0.46 

Rebuild -1.33 -0.10 0.06 0.13 3.24 0.10 

r2 = 0.68 
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Three of the variables will be discussed presented in Figure 5 and Table 5: minority and 

language, debris removal and rebuilds. These variables were chosen specifically because their 

mean value increased from phase 1(September) into phase 2 (October-December), suggesting 

these values had an increased effect on DBAC.  

The average coefficient for Minority status/Language variable is larger in Phase 2 (Oct-Dec) 

compared to Phase 1 (Sept), indicating that the impact of minority and language diversity on the 

number of days before action is complete becomes longer over time (Table 5). The coefficient 

for debris removal suggests that there is a positive relationship between the number of requests 

for debris removal and the number of days before action is complete (DBAC). This means that as 

the amount of debris that needs to be removed increases, the time it takes to complete disaster 

response and recovery actions also increases. The coefficient for the debris removal variable is 

higher in Phase 2 compared to Phase 1, indicating that the impact of debris removal on the 

number of days before action is complete becomes stronger over time. Lastly, the rebuild 

coefficient suggests that there is a positive relationship between the amount of rebuilding needed 

and the number of days before action is complete. This means that as the amount of rebuilding 

needed increases, the time it takes to complete disaster response and recovery actions also 

increases. Rebuild coefficients are higher in Phase 2 compared to Phase 1, indicating that the 

impact of rebuilding needed on the number of days before action is complete becomes stronger 

over time.  
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Looking at Table 6, we can see that the coefficients for each of the independent variables vary 

significantly. The variable with the largest range of coefficients is rebuild, with a minimum 

coefficient of -1.33 and a maximum coefficient of 3.24. This suggests that the impact of 

rebuilding on the dependent variable, days to action is complete (DBAC), varies significantly 

depending on the location and period being examined. The variable with the narrowest range of 

coefficients is hurricane loss, with a minimum coefficient of -0.05 and a maximum coefficient of 

0.05. This suggests that the impact of hurricane loss on DBAC is more consistent across different 

locations and time periods. 

 

The percent area land variable has a relatively small range of coefficients, with a minimum of  

-0.08 and a maximum of 0.24. This variable measures the percentage of land area affected by the 

disaster and its coefficient suggests that a larger affected area may lead to a longer DBAC, but 

the relationship is not very strong. The minority status and language variable also has a wide 

range of coefficients, with a minimum of -2.07 and a maximum of 1.95. This variable measures 

the proportion of minority and non-English speaking populations affected by the disaster and its 

coefficient suggests that this population may have a significant impact on DBAC, but the 

relationship also varies depending on location and time. 

 

The riverine loss, debris, and tarp variables have relatively narrow ranges of coefficients, 

suggesting that their impact on DBAC is relatively consistent across locations and time periods. 

The riverine loss variable measures the extent of estimated loss by riverine flooding due to 

hurricane flooding, while debris and tarp variables measure the amount of debris requested for 
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removal and tarps distributed during the disaster response. The coefficients suggest that riverine 

loss and the distribution of debris and tarps may have a modest impact on DBAC. 

 

For each variable, a one-unit increase in its value corresponds to a specific change in the number 

of days it takes to complete an action. For example, a one-unit increase in percent area land is 

associated with an average increase of 0.02 in DBAC, while a one-unit increase in minority and 

language is associated with an average increase of 0.17 days in DBAC. Similarly, a one-unit 

increase in debris removal is associated with an average increase of 0.43 days in DBAC, while a 

one-unit increase in rebuild is associated with an average increase of 0.10 days in DBAC. It's 

important to note that these coefficients are not always straightforward to interpret, and the 

meaning of a one-unit increase in each variable will depend on the specific context and the other 

variables included in the model.  

 

Overall, the coefficients of each independent variable suggest that the impact of each variable on 

DBAC varies depending on the location and period being examined. Rebuilding efforts and the 

proportion of minority and non-English speaking populations affected by the disaster appear to 

have the greatest variability in their impact on DBAC, while the impact of hurricane loss is more 

consistent. The amount of affected land area, riverine loss, and the distribution of debris and 

tarps also appear to have a relatively consistent impact on DBAC, but the effect size may be 

modest. 
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Figure 5. Spatially and temporally varying relationships between DBAC selected variables (a-b) percent land, (c-d) minority and 

language, (d-e) hurricane loss, (f-g) riverine loss, (h-i) debris removal, (j-k) tarp, and (l-m) rebuild. 

(a) (b) (c) (d)

(e) (f ) (g) (h)

(i) (j) (k) (l)

(m) (n)
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Discussion 

Results suggest that nonprofit coordination networks provide uneven responses to requests for 

assistance. Non-profit coordination that emphasizes cultural competence in communities with 

large minority populations and greater network capacity to complete debris removal, home 

tarping, and rebuild would reduce DBAC and thus would reduce the amount of time people are 

displaced from single-family homes.  This has the potential to prevent secondary damages and 

condemnation of otherwise salvageable homes.  A secondary impact is a reduced burden on local 

sources of temporary housing and rental homes.  

By examining the factors influencing the response and recovery activities of North Carolina 

VOAD following Hurricane Florence. First, Moran I and Local Moran I were used to identify the 

spatial association and the distribution hotspots with similar days to recovery over two phases of 

the disaster management process. Disparate days to recovery between both phases were evident 

between census tracts in the Southeast, East, Central and Northwest portion of the region 

representing shorter days to recovery compared to Southwestern and Central western coastal 

census tracts that overall had longer days to recovery. Further, there was a noticeable increase in 

clustering among higher values during the recovery period also located along the coast.  The 

findings are consistent with NOAA’s report that Carteret, Onslow, Pender, and New Hanover 

counties sustained extensive wind damage while Duplin, Jones, Craven and Carteret counties 

experienced heavy rainfall and record floods (NOAA, 2019). 

Results suggest that GTWR highlights key spatial and temporal differences across eastern NC 

that are not captured by OLS.  The higher mean r2 of GTWR indicates that the GTWR has 

improved the model performance by explaining an additional 27% of the total variance of length 

of time to recover by accounting for the spatial and temporal structure of the data. Discrepancies 
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in the significance and direction of coefficients in OLS and GTWR suggest a need for additional 

work to appropriately interpret analytics to inform policy. For some variables predicting DBAC, 

the OLS coefficient and the mean coefficient for GWTR are consistent. For example, the 

"Percent Area Land" variable had a positive coefficient in both OLS and GTWR, indicating that 

as the percentage of land affected by the disaster increases, the DBAC increases. This makes 

sense as larger areas tend to have more widespread damage and therefore require more resources 

from nonprofits. There is a rich body of research that suggests meeting the needs of a distributed 

and rural population is more difficult (Song et al., 2022). Similarly, both models showed that the 

"Hurricane Loss" variable had a positive coefficient, indicating that as the risk of losses from 

hurricanes increase, the DBAC also increases. This is also understandable as hurricanes can 

cause extensive damage, that damage can be anticipated, and nonprofits networks can work in 

advance of disasters to establish a coordination strategy.  Nonprofit organizations can effectively 

mitigate the damage caused by disasters and enhance disaster response by taking a proactive 

approach, drawing on their flexibility, creativity, and strong community connections. (Kapucu, 

2007; Kapucu et al., 2018) 

 

For other variables, comparison across OLS and GTWR models suggests that relying on OLS 

alone could lead to misleading conclusions about the efficacy and efficiency of the current 

network of disaster recovery nonprofits. For example, the "Minority Status & Language" 

variable had a negative coefficient in the OLS model, indicating that as minorities and non-

English speakers affected by the disaster increases, DBAC decreases. It is well reported within 

the hazard domain that minority groups and limited English populations are disproportionately 

affected by disasters and experience slower recovery trajectories (Coleman et al., 2020; Collins 
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et al., 2013). Taken alone, the OLS result would indicate that the nonprofit network is serving 

minority and linguistically isolated neighborhoods more quickly.  This would indicate a racially 

conscious approach with the opportunity to slow or stop disinvestment and dispossession in 

communities that have historically been under-served or discriminated against in disaster 

infrastructure planning (van Holm et al., 2019) and property laws (Linnenluecke et al., 2017). 

Such a conclusion, however, is contradictory to the evidence from the GTWR model. GTWR 

results indicate that the average coefficient for “Minority Status & Language” is positive, 

indicating that in most areas, disasters affecting minority and non-English speaking populations 

may require more days to receive aid from nonprofits. Moreover, populations that speak limited 

English have trouble knowing where to receive help or how to navigate the process to receive 

compensation (Domingue et al., 2019). Because these same groups are more likely to trust 

nonprofits than government sources of aid (Bunger, 2013; Varda et al., 2015), the expediency 

and trustworthiness of both individual nonprofits and their networks overall are of critical 

importance (Fu & Cooper, 2021; Hu et al., 2022). Our findings suggest that different geographic 

regions may have different needs when it comes to disaster response and recovery. NCVOAD 

may need to consider the unique needs and challenges of minority and non-English speaking 

communities when planning and implementing disaster response and recovery activities. 

 

Another variable that had different effects in the two models was "Debris Removal." In the OLS 

model, this variable had a positive coefficient, indicating that as the need for debris removal 

increases, DBAC increases. However, in the GTWR model, the coefficient varied, with some 

areas showing a positive effect and others showing a negative effect. This could be due to 

differences in the type and amount of debris in different areas, or differences in the capacity of 
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local nonprofits to handle debris removal. NCVOAD should clearly assign responsibility for 

removing debris from properties to capable member organizations during recovery planning 

(Rouhanizadeh et al., 2020). Member organizations should consider the amount of debris that 

needs to be removed when planning and prioritizing their activities. 

Overall, the comparison of OLS and GTWR coefficients suggests that nonprofits need to be 

aware of the unique needs and challenges of different geographic regions when responding to 

disasters. Factors such as the percentage of land affected, losses from the disaster, and the need 

for debris removal are generally important across all areas. However, the effects of other factors 

such as minority status and language may vary by region and need to be considered when 

planning disaster response and recovery efforts. 

Further, this analysis was able to identify statistically significant service NCVOAD provides.  

The average coefficient for debris removal and tarping services were large compared to other 

services and either increased or remained the same.  This suggests that NCVOAD has capacity to 

provide these services yet, the ability to meet the needs of those served in a timely manner also 

could include these as a performance indicator (Lee & Nowell, 2014, Nordin et al., 2022). The 

coefficient values for minority and language suggest that there is a positive relationship between 

the minority and language diversity of the affected population and the logarithmic of days before 

action is complete. This means that as the minority and language diversity of the affected 

population increases, the time it takes to complete disaster response and recovery actions also 

increases.  
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Limitations 

Although our study contributes new insight into nonprofit coordination and the efficiency and 

equity of work contribute to housing recovery, there are caveats and limitations that we would 

like to acknowledge in order to inform future work.  A first delimitation is that we make use of 

real-time disaster data generated by nonprofit organizations that participate in NCVOAD and 

enter their data to a centralized database. This should not be confused with data that represents 

all aid provided to survivors or even all aid provided by nonprofits. Personal communication 

with NCVOAD data managers and members confirms that there was broadscale adoption of the 

use of the Crisis Clean-Up database structure as a central organizing and information sharing tool 

among VOAD members (Marks, personal communication). However, there was some variation 

in how and when organizations updated their database entries, with some completing entries 

while they were in the field and others “batching” entries after a day or weeks’ worth of work. 

Exploratory data analysis using histogram (Bruce et al., 2020) did not reveal consistent 

differences across organizations (e.g., days/organizations with large and regularly spaced data 

spikes). To account for differences in data entry, each observation had its DBAC calculated.  

Then values were aggregated to their respective census tracts and summarized to get a total 

DBAC for each census tract.  For GTWR, first attempt was to use weeks as our finest unit of 

temporal resolution when calculating the relationship between DBAC and independent variables.  

Ultimately, we aggregated data into two theoretically relevant timesteps to reduce the potential 

for batching bias as well as the computational intensity.   

 

A second delimitation of the study that should guide interpretation is the way we constructed the 

variable days before action completed (DBAC). For the purposes of this study, we did not 
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directly analyze factors that are likely to affect systematic differences in the willingness of 

communities to request aid from NCVOAD. NCVOAD organizations are likely to mainly collect 

data from individuals who speak the dominant language (English). This can exclude individuals 

who do not speak the language fluently, leading to a bias in the data towards those who are fluent 

in English.  Moreover, NCVOAD only collects data from individuals who call in or seek 

assistance through their programs. This can exclude individuals who are unable or unwilling to 

access those services, leading to a bias in the data towards those who seek assistance from 

nonprofits (Rho et al., 2015). Certainly, result in data that is skewed towards certain groups or 

perspectives, which can lead to biases in decision-making and program implementation 

(Carnochan et al., 2014; Mosley, 2011). We have attempted to account for some of these 

differences by using both nonprofit theory and disaster recovery theory to construct models.  If 

misalignments between nonprofit recruitment efforts were the only factor influencing differences 

in DBAC, then we would expect to see coefficients from OLS and GTWR in better alignment 

and little to no influence of space that could not be accounted for by the spatial patterning of 

demographic and built environmental characteristics included as independent variables. 

 

Because our theoretical interest is in neighborhood level recovery and our ethical priority was to 

mask homes, we selected the census tract as the spatial container for analysis.  Like most spatial 

analyses, this study is subject to the modifiable areal unit problem (MAUP), which occurs when 

an arbitrarily delineated spatial unit is used to analyze a geographically continuous phenomenon 

(Mitra & Buliung, 2012; Xu et al., 2018). Census tracts are artificially defined and can change 

with time, different associations may be found if different spatial units are used. However, the 

analysis in this study is restricted to the census tract level because this spatial unit represents a 
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community. Because of the neighborhood/census focus, we cannot diagnose the outcomes or 

directly measure the impacts of recovery support services provided by NCVOAD to individuals.  

 

Contributions 

This study contributes significantly to our understanding of disaster nonprofit coordination by 

highlighting key factors that impact the effectiveness of coordination efforts. Specifically, the 

study examines the challenges faced by member organizations of the North Carolina Voluntary 

Organizations Active in Disaster (NCVOAD) in coordinating their response to disasters. The 

study identifies several factors that affect the ability of member organizations to effectively 

coordinate their efforts, including the area member organizations have to cover, the level of 

damage, the amount of debris needing to be removed, and minority and non-English speaking 

populations. 

  

The findings of this study have important implications for NCVOAD leadership, as they can use 

this information to inform policy that can increase member organizations' capacity to build 

community relationships that will increase resilience for future events. For example, the study 

suggests that NCVOAD leadership should prioritize building relationships with local community 

leaders and organizations to better understand the needs of minority and non-English speaking 

populations. Additionally, the study highlights the importance of providing resources and 

support to member organizations to help them effectively coordinate their response efforts. 

  

The study offers a novel contribution to the field of disaster management by utilizing geospatial 

analytics to identify barriers to housing recovery after a disaster.  Specifically, the study 
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examines how space and time impact disaster nonprofit coordination and their ability to serve 

vulnerable populations. By utilizing geographically and temporally weighted regression analysis, 

the study provides a unique perspective on the challenges faced by disaster nonprofits in 

facilitating housing recovery post-disaster. The findings highlight the importance of 

incorporating geospatial and temporal analysis into disaster management strategies to better 

understand and address the needs of affected communities. The application of GTWR to VOAD 

efforts responds to calls for better use of spatial data in nonprofit analysis (MacIndoe and Oakley 

2022) and builds on applications of spatial statistics to other areas of disaster scholarship (i.e., 

Stevenson et al., 2010). This innovative approach has significant implications for future disaster 

management research and practice, as it can be further refined to improve disaster management 

strategies. 

 

Future Research 

Future research that includes past household data associated with National Voluntary 

Organizations Active in Disaster (NVOAD) response and recovery efforts could be a 

longitudinal study. This research could be useful to identify the geographic distribution and 

factors that attribute to the timing of response and length of recovery. The study could include 

data such as the level of community engagement, the type of disaster, and the household's 

sociodemographic characteristics. This research could also involve comparing the effectiveness 

of different recovery models, such as the NVOAD response and recovery efforts, to identify best 

practices for disaster recovery. 

Additionally, research on disaggregating the minority and language social vulnerability index 

variable to see which factors impact time to recovery could include the use of machine learning 
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techniques to identify patterns and relationships between demographic, socioeconomic, and 

linguistic factors, and recovery time (Burke et al., 2012; Collins et al., 2013). This research could 

also involve collaboration with community-based organizations to gain insight into the specific 

needs and experiences of minority and linguistic groups during disaster recovery. Additionally, 

research could focus on the development of targeted interventions and policies to support the 

recovery of these vulnerable groups. 

While it is beneficial to disaggregate index data to see which variables are expressed, principal 

component analysis (PCA) may be a useful approach to identify groups or variables or factors 

that are particular to a specific study and region of interest.  PCA is a statistical approach, 

simplifies complex data sets by identifying underlying patterns and structures. Using this 

method, you can identify the most important variables driving variability in your data and group 

these variables into a small number of principal components. This approach can be useful in 

identifying groups or variables that are specific to a region or study, and that may be useful for 

understanding the patterns and trends in disaster response and recovery efforts.  Also, PCA can 

identify factors that may be useful for National VOAD organizations for measuring effectiveness 

and the variables that contribute or hinder this goal (Cutter et al., 2014; Prentice, 2016).   

Future research using dasymetric mapping methods and household disaster recovery could 

involve the integration of additional data sources, such as social media and satellite imagery, to 

improve the accuracy and granularity of maps compared to traditional choropleth maps (Flores et 

al., 2023; Jitt-Aer et al., 2022, 2022). Additionally, research could focus on developing methods 

for real-time mapping during disasters, to aid in emergency response and recovery efforts. 

Another area of research could be on evaluating the effectiveness of dasymetric mapping in 

informing and improving household disaster recovery programs. 
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Key Findings 

The length of time required for recovery can vary depending on whether an individual is in the 

response or long-term recovery phase. The response phase is typically the immediate aftermath 

of a disaster and involves emergency services and relief organizations providing immediate 

assistance such as search and rescue, medical care, and temporary housing. The long-term 

recovery phase begins once the immediate needs have been met and can take months or even 

years to complete. Studies have shown that minority groups and communities with lower levels 

of economic and social resources tend to experience longer delays in recovery.  

Geographic temporally weighted regression (GTWR) allows for the analysis of data at different 

levels of spatial and temporal resolution, which can be useful for understanding how the 

distribution of recovery efforts changes over time. In particular, GTWR can help to identify 

populations that are likely to experience longer periods of recovery. One key finding from using 

GTWR is that populations in coastal counties and the south-eastern portion of the study area 

were found to have longer recovery times in both phases. This coincides with the damage caused 

by Hurricane Florence in addition to results of the hotspot analysis, which identified these areas 

as being particularly affected by the storm. This information can be useful for informing disaster 

response and recovery efforts, as it highlights the need for additional resources and support in 

these areas. It can also be useful for identifying areas where targeted interventions and policies 

may be needed to support recovery. Overall, GTWR can be a valuable tool for understanding the 

patterns and trends in disaster response and recovery efforts and for identifying the populations 

that are most in need of support. 
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Conclusion 

Networks of nonprofits like VOAD are in a unique position to connect state and national 

community and local organizations to deliver “last-mile” goods and services to vulnerable 

sectors of communities due to extended networks through local chapters of the organization, and 

local organizations that are members of affected communities (Sledge & Thomas, 2019). In 

accordance with FEMA’s ‘whole community’ approach, the National Disaster Recovery 

Framework (NDRF) describes functions necessary for recovery and support through the 

coordination and collaboration of community development professionals, recovery practitioners, 

government agencies, private sector and nonprofits leaders impacted by disaster (FEMA 2015 

and Izumi and Shaw 2015).  Individually, nonprofits may not serve the most vulnerable 

populations effectively or efficiently.  Measurement of nonprofit effectiveness should reflect the 

diversity in the size, scope, and services of many types of organizations.  Practices for measuring 

nonprofit effectiveness mimic the private sector's focus on overhead expenses (Boris and 

Steuerle 2006, Golensky and Hager 2012) however, scholars do not believe this is the best metric 

for analysis (Coupet and Berrett 2019). Spatial statistics offer an underused and promising 

opportunity to evaluate non-profit coordination in the context of disaster. This study contributes 

new avenues for convergence across disaster research, as spatial statistics have been an essential 

metric for understanding disaster vulnerability and recovery dynamics in other fields of research.  
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CHAPTER 4 

 

CONCLUSION 

 

The purpose of this dissertation is to evaluate the efficacy and equity of nonprofit disaster relief 

organizations. Specifically, the study aims to examine the extent to which disaster networks are 

successful in promoting fairness and inclusiveness in the provision of disaster relief services, and 

to identify any potential challenges or barriers that may be hindering their efforts. The 

investigation will fill a gap in the understanding of the practices of disaster nonprofits and their 

ability to support their mission of promoting equity and efficiency in disaster response through 

the application of geospatial analytics. The research objectives are as follows: 

 

1. To examine the literature on interorganizational coordination of nonprofit disaster relief 

organizations. 

2. To analyze the spatial and temporal trends in disaster recovery assistance requests filled 

by nonprofit organizations. 

3. To compare the influences of social, economic, and environmental factors over where 

requests are made to nonprofit organizations and when they are filled. 

 

Chapter two examines the interorganizational coordination of nonprofit disaster relief 

organizations. The study uses Hurricane Florence in North Carolina as a case study, and 

specifically, analyzes the spatial and temporal trends in disaster recovery assistance requests 

filled by nonprofit organizations. The analysis uses space-time scan statistics to identify spatio-

temporal concentration of filled requests and the member organizations that responded and their 

capacities. The results show that there was a significant clustering of requests within a short 
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period of time following the initial request however, clustering of requests were more significant 

towards the end of the study period. The findings support the working hypothesis that requests 

for disaster relief services are completed on a first come, first-serve basis but. 

 

Chapter three compares the influences of social, economic, and environmental factors over 

where requests are made to nonprofit organizations and when they are filled. The analysis uses 

Hurricane Florence in North Carolina as a case study and uses geographically and temporally 

weighted regression (GTWR) to compare underlying social and environmental phenomena that 

characterize who made requests for recovery assistance and how soon those requests were closed 

and completed. The results indicate that there is a difference between populations who made 

requests and the days before action was completed. This finding contradicts the working 

hypothesis, which suggests that the response time varies based on the vulnerability of the 

population. 

 

The findings from case study one indicates that North Carolina Voluntary Organizations Active 

in Disaster (NCVOAD) follow a first come, first-serve approach to providing disaster relief 

services. The findings from case study two suggest that there is no difference in response time 

based on the vulnerability of the population. However, it is important to note that the second case 

study only considers one disaster event, and the results may not be generalizable to other events. 

Nonetheless, both case studies provide valuable insights into the practices of disaster nonprofits 

and their ability to support their mission of promoting equity and efficiency in disaster response. 
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The objectives of the investigation are supported by the findings of both case studies. Case study 

one provides insight into the interorganizational coordination of nonprofit disaster relief 

organizations, while chapter two examines the influences of social, economic, and environmental 

factors over where requests are made to nonprofit organizations and when they are filled. By 

achieving these objectives, the study contributes to the understanding of the practices of disaster 

nonprofits and their ability to promote equity and efficiency in disaster response. 

 

In conclusion, the study provides valuable insights into the practices of disaster nonprofits and 

their ability to promote equity and efficiency in disaster response using geospatial analytics. The 

findings from both case studies support the research objectives and contribute to the 

understanding of the challenges and barriers faced by nonprofit disaster relief organizations. 

Furthermore, geospatial analytics has proven useful for understanding the efficiency and 

effectiveness of disaster nonprofits by identifying NCVOAD member organizations active 

during response and recovery, their capacities, and potential barriers in the timeliness of aid 

distribution, as demonstrated in the Hurricane Florence study. Future research may expand on 

these findings by examining additional disaster events and exploring ways to improve the 

coordination and delivery of disaster relief services. 
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