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 Natural disasters are on the rise and will be costly for both the United States government 

and its citizens. The record-breaking year of 2020 left $1 billion worth of damages in the wake of 

twenty-two different events (FEMA, 2023). As costs due to disasters increase in the coming 

decades, the livelihoods of all citizens, especially those most vulnerable are at risk. It is known 

that natural disasters exacerbate current standing social vulnerabilities and inequities. Federal 

disaster aid programs in place are intended to assist those who cannot solely finance their own 

recovery efforts. This study looks to analyze FEMA’s Public Assistance (PA) program, 

Individual Assistance (IA) program, and Hazard Mitigation Assistance (HMA) program. It is 

important that these systems put in place are distributing federal resources as intended because 

they are funded via people’s taxpayer dollars. This study looks to explore the relationship 

between disaster aid that is awarded at the county level with respect to the federal income taxes 

residents of that county pay to the federal government. This is expressed through the creation of 



 

  

the donor-donee ratio. This study also contributes to the literature a new metric of burden, the 

ratio of expected annual disaster losses of a county and its gross domestic product, which can be 

utilized as a proxy for coping capacity. The burden metric provides additional useful insight as it 

is tabulated by FEMA directly and published in their National Risk Index (NRI) at the county 

level.  

 Over the last decade, this research examines the donor-donee ratio and burden metric 

over the years 2010 to 2019. Results of mapping the donor-donee ratio and burden metric 

indicate there is spatial heterogeneity between counties in the United States. The redistribution of 

federal aid is not only heterogeneous but there are distinct regional patterns where further 

research could investigate their causality. To investigate the relationship between the 

redistribution of aid and coping capacity by proxy, this study utilized supervised machine 

learning to characterize counties. Significant outcomes of the machine learning indicate that 

most counties across the country received moderate funding and were evaluated as having a 

moderate burden as well. This does suggest that to some level the redistribution of aid is working 

as intended. Although upon further digging, it was found that counties that experience high-cost, 

less frequent events, contain over 50% of the country’s population and lie in metropolitan areas. 

Upon the application of a logistic regression model, it was found that these counties while 

associated with higher income, are also associated with higher mobile homes residence. As the 

risk of these higher costs events increases over the years, it is imperative that vulnerable 

communities are receiving adequate funding to increase their resilience to future hazards. This 

study highlights the flows of federal disaster dollars and where these programs allocate funding.    
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Section 1: Introduction  

Fueled by climate change and policies that value property over livelihoods, there is an 

emergent compounding problem in the US of rising disaster losses and recovery disparities. 

Losses due to disasters are only increasing and society will be faced with how to pay for the 

damages. 2020 was a record-breaking year with 22 weather and climate disasters totaling losses 

of over $ 1 billion. This surpasses previous records set of 16 in 2011 and 2017 (FEMA, 2023). 

Once a disaster surpasses the capacity of state and local governments to respond adequately, the 

federal government, through the Federal Emergency Management Agency (FEMA), provides 

disaster management and aid. This is, in part, due to development in disaster-prone areas coupled 

with extreme changes in weather patterns (Painter, 2020). It is indisputable that the costs and 

burdens of climate change impacts will not be borne equally by individuals in society. Since the 

ongoing threat of climate change is persistent, the outcomes of government policy must be 

investigated to ensure that the intent of the program is being followed through by assisting those 

who are vulnerable.  While capacity is known to be highly heterogeneous and dependent on 

social, economic, and structural dimensions (Cutter et al., 2003), the federal government treats 

local capacity as being equal. More specifically, to qualify for Public Assistance disaster aid, a 

state generally must surpass $1 per capita in damage combined with the discretion of the county 

to allocate federal funds at the county level (Kousky et al., n.d.). This is written into the 

procedure in the allocation of federal aid to ensure “local interest and involvement through 

financial participation” (FEMA, 2020). This approach neglects societal complexities including 

community and economic vulnerabilities. The evolving nature of climate change forces society 

to confront how it will handle an uncertain future. There will not only be a social cost in the 

disruption of daily life, but a real financial cost (Gerber, 2007). Therefore, it is important how the 

federal aid system may be impacting vulnerable communities in potentially unintended ways.  

https://www.zotero.org/google-docs/?Yv08XV
https://www.zotero.org/google-docs/?naFl8s
https://www.zotero.org/google-docs/?PhT1IA
https://www.zotero.org/google-docs/?cJ0OZs
https://www.zotero.org/google-docs/?d1jtKh
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 Current federal disaster aid policy is known to favor wealthier jurisdictions with a higher 

capacity to respond and recover from disasters. These areas are more likely to be insured 

(Peacock et al., 2007) and have the funds available to meet grant cost-share. In addition once at 

the state level grant approval goes through, sub-applicants must maintain insurance status 

(Kousky et al., n.d.). This is illustrative of the main crux of the issue that those with higher 

capacity are built into the system to benefit over those who cannot maintain insured status. 

Inequities may additionally be widened by pre-existing conditions that leave racial and ethnic 

minorities, renters, and people with lower income to live in areas more exposed to hazards and 

residing in structures more vulnerable to hazards. Inequities may even be exacerbated by state-

level policies, and whether the state government will support jurisdictions in disaster 

management and cost-share. The current system treats applicants of disaster aid as being equal in 

their innate ability, resilience, and ability to quickly and effectively respond to disasters and 

coping capacity. As the DRF is set up currently, the fundamental assessment mechanism that is 

used to identify aid allocation is on damage dollars of assets. The current federal system awards 

disaster aid based on damages sustained by the community, although this approach fails to 

evaluate the nuances of society such as community and economic vulnerabilities. As seen 

through the blanket application of federal cost-share requirements for Public Assistance, Hazard 

Mitigation Grant Program, and Individual Assistance Programs 75% federal cost-share. This 

system does not treat the ability of states or communities to meet the 25% local cost-share 

requirement differently, thus this system benefits wealthier states and communities that can raise 

the local cost-share for federal recovery projects. This research aims to examine federal disaster 

aid redistribution with respect to the innate ability of counties to finance their own disaster 

recovery projects.  

 

https://www.zotero.org/google-docs/?9jbcnB
https://www.zotero.org/google-docs/?M1amtF
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Subsection 1: Research Questions 

The overall research objective is investigated through a series of three questions: 

Q1: Given that capacity is treated as equal, does capacity indeed spatially vary once hazard 

exposure is included?   

To measure this, the ratio of expected annual losses divided by GDP at the county level is 

utilized. This metric is unique to the literature because it is a new way to proxy the economic 

burden of disasters while. This is a relevant measure because existing literature lacks the angle of 

comparing losses directly to state finances. If there is spatial variability among the United States 

counties, the burden metric suggests that local capacity must be taken into account in the 

redistribution of federal disaster aid.  

 

 Q2: How does county federal disaster assistance vary relative to their level of federal taxation?    

To measure this, the ratio of disaster aid is divided by federal taxes at the county level 

throughout a ten-year period. Three grant programs, Public Assistance, Individual Assistance, 

and Hazard Mitigation were the three specific FEMA programs examined in this study. This 

metric, in effect, measures the redistribution of wealth based on disaster assistance in the US, 

effectively, saying which counties pay into the system and which receive. It is expected for this 

number to be highly variable due to the nature of hazard exposure in addition to variability in 

counties' ability to meet federal cost shares. Further, the metric is not contextualized by hazard 

risk. Nonetheless, this metric is useful because it looks at the return on federal investment and its 

relation to the net benefit of the federal disaster aid system. We use the donor-donee metric in 

combination with the metric developed for Question 1, burden, to address equity implications 

once hazard exposure is included. 



 

 4 

 

Q3: Does redistribution of benefits by the federal disaster aid system based on the local 

burden caused by hazards vary from county to county? Are there spatial or demographic trends 

that support the heterogeneity?  

The last research question dives into the intersection of disaster aid redistribution benefits and 

the relative burden experienced by counties.  

 

The United States federal government responds to and aids communities in disaster 

recovery through the Disaster Relief Fund (DRF). The evolving nature of climate change forces 

society to confront how it is going to handle an uncertain future. There will not only be a social 

cost in the disruption of daily life, but a real financial cost. This is, in part, due to development in 

disaster-prone areas coupled with extreme changes in weather patterns (Painter, 2020). Current 

policies and practices, such as the traditional insurance disaster safety nets, create a moral hazard 

that will inevitably put more people in riskier places and susceptible to the negative impacts of 

disasters (Deryugina, 2017). This can be seen through the building materials, and to lack of 

insurance of these populations (Peacock et al., 2007). Socially vulnerable populations are put at a 

disadvantage when it comes to coping with natural disasters. One example is seen in the 

outcomes of these populations when compared to the funding allocated. Assistance provided by 

the federal government has many implications including that there is a distinct nuance of 

differential access to resources that influences recovery outcomes of individuals from different 

physical, social, and economic backgrounds (Muñoz & Tate, 2016). How the federal system 

allocates benefits and costs in the disaster context directly impacts the recovery and overall 

resilience of communities.  

https://www.zotero.org/google-docs/?v1WaYO
https://www.zotero.org/google-docs/?61HKeT
https://www.zotero.org/google-docs/?Xs51TV
https://www.zotero.org/google-docs/?bZMWrP
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Federal programs, such as those deployed via the DRF, follow a set of ethical normative 

assumptions as to what their overall intent is and who is to benefit. Environmental justice 

principles examine how environmental issues may affect people in society differently and 

disproportionately based on their individualized experiences. The system is constructed to 

allocate benefits and costs to individuals, so further analysis of community outcomes can help 

assist future policymaking. This research is based on the principle of Rawlsian distributive 

justice. This theory asserts that limited concentration of wealth through the distribution of 

resources to aid the poor or create more equal opportunities for individuals of different 

backgrounds (RALS, 1971; Zhu & Brown, 2013). A study conducted in 2019 contextualizes this 

principle in the disaster context where socially vulnerable individuals receive less benefit from 

federal disaster funding than others when disaster impacts are held constant (Domingue & 

Emrich, 2019). This study shows that while in straight dollars of federal funding, socially 

vulnerable individuals receive less benefit, it does not look at with respect to how those 

communities are contributing to the overall system. This is an important component of the puzzle 

in understanding the relationship between the economic burden socially vulnerable communities 

face in tandem with federal redistribution effects.   

Allocation of economic resources, and funding via the DRF, does not happen absent of 

societal context. While at face value, rewarding disaster aid via damages reported and defining 

consistent federal cost-share policy appears to be a functioning system, it must be examined 

further to understand if it is helping communities as it was initially intended. This work aims to 

explicitly view the DRF through a procedural justice perspective by exploring the flow of federal 

funds from the citizens to the federal government via taxes and then reappropriated via the 

FEMA programs as disaster aid grants. One of the major contributions of this work is the 

https://www.zotero.org/google-docs/?HGDQ2w
https://www.zotero.org/google-docs/?HGDQ2w
https://www.zotero.org/google-docs/?FqZv4c
https://www.zotero.org/google-docs/?FqZv4c
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creation of the burden metric that captures counties' innate burden or coping capacity through 

predictive disaster losses and historical GDP. This work also provides identification and 

characterization of counties in the United States that are “net donors” or “net donees” of the 

federal disaster aid system with respect to the burden metric.  Disaster aid allocation is a 

complicated process that has been broken down in the literature from the different types of aid 

programs examined, to procedural mechanisms such as the political alignment of state governors 

or congressional representation. However, this research takes a high-level view of where the 

money flows with respect to the community’s economic burden while controlling for the 

heterogeneity in county population across the country. This research opens up an opportunity to 

study the environmental justice aspects of the DRF and provides a quantitative understanding of 

regions in the country where the process could be improved.  

 

Section 2: Literature Review  

Subsection 1: Hazard Context in the United States  

There has been a consistent upward trend in disaster losses in the U.S. Ultimately, losses 

and an individual’s ability to recover are not distributed equally throughout US society. First, as 

expected, there is significant variability in the distribution of spatial losses as the types of 

hazards, how these hazards are evolving due to the climate crisis, and where development occurs 

are highly variable throughout the US. Research has shown an increase in economic losses due to 

hazards (Gall et al., 2011). There is also significant heterogeneity in one’s exposure and ability to 

recover which is often a direct reflection of economic and racial marginalization. Studies have 

shown that individuals with fewer social and economic resources are more likely to be living in 

rentals or less structurally sound housing, thus pushing them to utilize emergency public shelters 

https://www.zotero.org/google-docs/?rWdjKp
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(Peacock et al., 2007). This shows the direct impact of increased exposure on those of lower 

economic status and thus further reliance on external aid. The unique context of social 

vulnerability that disasters highlight can manifest in the exacerbation of hazards, increased 

exposure, deepening vulnerability, and reduced coping capacity (Clark-Ginsberg et al., 2021).  

 

Subsection 2: How vulnerability manifests  

 As it has been proven that socially vulnerable communities are at a disadvantage due to 

reduced coping capacity, this is demonstrated through the physical environment in the fact that 

lower-income communities tend to have low-cost housing constructed of low-quality materials 

(Aptekar, L, 1991; Fothergill, A. and L.A. Peek, 2004; Ji & Lee, 2021). Since vulnerable 

communities have lower-cost housing, this puts them at a distinct disadvantage due to less robust 

building materials being more susceptible to negative disaster impacts as well as having overall 

fewer assets, thus being eligible for less government disaster aid funding in dollar amount. The 

current research shows that social inequities follow social and geopolitical trends of previously 

marginalized communities that have received inequitable treatment and undesirable outcomes 

(Emrich et al., 2022; Gooden, 2017). It is expected that communities that have been historically 

marginalized will be the same communities put at a distinct disadvantage in the context of 

disasters and recovery. This effect can be measured through this study’s donor-donee ratio which 

encapsulates the aid received by the net taxes put into the federal government. Since vulnerable 

communities have fewer economic assets, this metric provides an opportunity to highlight 

potential heterogeneity.  Since the ongoing threat of climate change is greater for vulnerable 

communities, their need for support through these federal systems is imperative to combat 

already compromised coping capacities (Drakes et al., 2021). Vulnerable communities are at risk 

https://www.zotero.org/google-docs/?xfhqgI
https://www.zotero.org/google-docs/?xGESQi
https://www.zotero.org/google-docs/?HQUKYx
https://www.zotero.org/google-docs/?2lllGV
https://www.zotero.org/google-docs/?2lllGV
https://www.zotero.org/google-docs/?rxh9Ye
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of being further marginalized due to the onset of climate change and increased disaster risk for 

everyone. It should be distinguished that while we have a federalized system, this is not what is 

explicitly causing the issue, but rather implicit and could be improved to help society further. 

Existing social inequities in the disaster space will only be exacerbated by climate change, thus it 

is important to understand the interworkings of the current aid system. 

  

Subsubsection 1: How the federal government addresses hazards & vulnerability 

To cope with the financial effects, the United States government has employed the 

Disaster Relief Fund. Under the Robert T. Stafford Disaster Relief and Emergency Assistance 

Act, this fund was created to assist state, tribal, territorial, and local governments (Painter, 2020). 

The types of programs’ objectives, decision-making methods, community engagement, and 

eligibility prerequisites affect the degree of recovery for communities (Muñoz & Tate, 2016). 

These funds are utilized for disaster recovery, mitigation, and build community resilience. A 

study conducted by Muñoz & Tate found that communities geographically in highly socially 

vulnerable areas had longer periods of receiving federal funds (Muñoz & Tate, 2016). Assistance 

provided by the federal government has many implications, with differential access being one. 

Vulnerable communities are marginalized even further when federal aid programs do not account 

for differential coping capacity. This idea can be substantiated by other work done that supports 

the idea that vulnerable communities face larger proportionate losses post-disaster and that 

current systems are not satisfying these communities (Emrich et al., 2020). Losses with respect 

to assets are important to consider, hence the burden metric developed through this study is 

essential in understanding the overall economic burden of vulnerable communities. A study 

conducted by Drakes shows explicitly that since vulnerable households have reduced coping 

https://www.zotero.org/google-docs/?j1jEP5
https://www.zotero.org/google-docs/?SFykhc
https://www.zotero.org/google-docs/?nXd4dz
https://www.zotero.org/google-docs/?HLThBJ
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capacity, the need for financial disaster support is greater than straight evaluated assets (Drakes 

et al., 2021). Traditionally disaster aid lenses look at assets and subsequent damages, but further 

digging must be done to understand if vulnerable communities are benefiting from the federal 

system and increasing their resilience post-disaster. 

 

Subsubsection 2: Who is neglected  

It is indisputable that the costs and burdens of climate change impacts will not be borne 

equally by individuals in society. Access to funds for recovery is crucial to the immediate 

productivity of communities and the long-term resilience against the future (Ji & Lee, 2021), and 

specific groups are further excluded from aid programs (Domingue & Emrich, 2019). It is clear 

from the literature that vulnerable communities comprised of minorities, poor, elderly, and 

female-headed households receive a lower amount of aid. Further research may suggest that 

minority groups are specifically neglected post-disaster and government agencies manage 

wealthy communities differently than poor communities. (Bullard & Wright, 2012; Emrich et al., 

2022; J. D. Rivera & Miller, 2007). As a result of the system, vulnerable communities are falling 

through the cracks of the current disaster aid system. When it comes to the context of disasters, 

the vulnerabilities of communities are linked to adverse outcomes in the disaster space (Emrich 

et al., 2022). The lens of distributive justice applied to disaster policy shows that there can be 

improvements made in helping better understand the vulnerabilities of communities and how 

they are exacerbated due to disasters.  

 

 

 

https://www.zotero.org/google-docs/?Bs5X5g
https://www.zotero.org/google-docs/?Bs5X5g
https://www.zotero.org/google-docs/?JjqtDD
https://www.zotero.org/google-docs/?8zor1c
https://www.zotero.org/google-docs/?uLnGyb
https://www.zotero.org/google-docs/?uLnGyb
https://www.zotero.org/google-docs/?Pum7I6
https://www.zotero.org/google-docs/?Pum7I6
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Subsubsection 3: Perpetuation of vulnerability 

 It should be taken into account the disaster management system ought to take greater 

consideration into the ways vulnerable communities have access to resources because a lack of 

opportunity has the potential to generate chronic poverty (Ji & Lee, 2021; O’Brien et al., 2006). 

When government systems do not account for other costs of natural disasters on vulnerable 

communities, they underestimate the total costs to communities. A study conducted by 

Deryugina compared aid for per capita hurricane damage to non-disaster social insurance 

programs. This study substantiated the discrepancy between discrete hurricane damage dollars 

and the more encompassed social costs of disasters. It was estimated that disaster aid post-

disaster declaration averaged $155-$160 per capita per hurricane, but in the years following, the 

county averaged $780-$1150 per capita in social costs on account of the same hurricane events 

(Deryugina, 2017). This study highlights the social costs of natural hazards. Vulnerable 

communities that do not receive adequate aid to cope and recover from disasters become 

entrenched in a system that compounds vulnerabilities that replicate during and after disaster 

events(Emrich et al., 2020; Emrich & Cutter, 2011; Morrow, 1999). The research has shown that 

an increase in social vulnerability decreases an individual’s coping capacity (Crowley, 2021). 

This goes to show as socially vulnerable communities have lower coping capacity and thus 

overall resilience of the community to future events is lowered drastically.  

 

Subsection 3: Distributive Justice 

To comment on the DRF fund allocation and specifically the efficacy of its geographical 

redistribution, there must be normative assumptions of a “good aid program” set as the base 

comparison. Multiple sections of disaster aid literature were reviewed to extract the normative 

https://www.zotero.org/google-docs/?3n76tR
https://www.zotero.org/google-docs/?s4JqQH
https://www.zotero.org/google-docs/?ONGndA
https://www.zotero.org/google-docs/?QXkYLr
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assumptions experts in this field are assuming in their research. An important normative 

assumption in this ethical discussion is that the government is responsible for protecting citizens 

during disaster events (Comfort, 2005; Gerber, 2007). This statement lays the foundation 

construct that the government is accountable for aiding society; while to what extent is the 

government liable is not postulated, it is actualized. As the normative assumption that it is the 

responsibility of any type of government to protect its citizens, then Comfort (2005) states that 

this can and should be applied to the context of natural disasters (Comfort, 2005; Gerber, 2007). 

The imbalance of benefits and costs in the disaster context is seen where underserved 

communities bare the largest burdens post-disaster due to financial, physical, or other 

characteristics (Emrich et al., 2022; Verchick, 2012). This directly contributes to how the same 

communities will be able to cope with the onset of subsequent disasters and recover sufficiently. 

Aid should be awarded to communities with the goal of fair outcomes than traditionally 

distributing resources equally (Emrich et al., 2022; Gooden, 2015; Kuehn, 2000). Social 

vulnerability of individuals is not an innate characteristic, but that is something generated as a 

result of society’s policies (Gerber, 2007). Thus, if the federal system does not account for the 

difference in the coping capacity of socially vulnerable communities, this will disproportionately 

increase disaster damage and loss burden for these communities  (Cutter et al., 2003; Emrich et 

al., 2022, p. 20; Tierney, 2019). 

This paper takes the stance that “Resources are often redistributed among individuals to 

aid the poor, to limit the concentration of wealth, or to provide equality of opportunity for 

differently situated individuals” (RAWLS, 1971; Zhu & Brown, 2013). This is an important 

distinction due to the fact not all areas have the same capability for equal recovery due to their 

unique vulnerabilities as discussed based on various social dimensions. In practice disaster, 

https://www.zotero.org/google-docs/?w7qeJY
https://www.zotero.org/google-docs/?9oT1FH
https://www.zotero.org/google-docs/?wsBhHD
https://www.zotero.org/google-docs/?n4l8hw
https://www.zotero.org/google-docs/?broken=VISO0J
https://www.zotero.org/google-docs/?75VxjQ
https://www.zotero.org/google-docs/?75VxjQ
https://www.zotero.org/google-docs/?R0axlp
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justice examines those who bear the heaviest burden in the event of natural disasters, due to 

economic, exposure and the impacts on resilience (Emrich et al., 2022; Verchick, 2012). Socially 

vulnerable communities face obstacles in the recovery effort due to reduced coping capacity. 

While the federal system is set up to aid communities in recovery efforts, it does little to 

distinguish heterogeneity in communities’ coping capacity. Thus, at the crux of the discussion is 

equal distribution of resources versus accounting for distribution based on different levels of 

coping capacity. Overall, disaster funding redistribution with respect to communities’ unique 

coping capacities must be examined because it has a large impact on overall recovery.  

 

Subsection 4: Ability to Pay 

In the context of funding disasters, it is important to reflect on the innate ability of 

communities to cope with disasters in the absence of the federal government. This idea is 

examined through the burden metric defined in this study. As it has been shown, vulnerable 

communities’ impacts are exacerbated in the event of natural disasters. Core to the issue is the 

concept of wealth and its position in society. In two studies, one by Saez and Zucman and Wolff 

and Zacharias, it is found that income inequality has increased drastically since the late 1970s 

and 1980s to now (Saez & Zucman, 2016; Wolff & Zacharias, 2009). This is seen through the 

35% increase in mean income between 1982 and 2000, while the median modestly increased by 

9% (Wolff & Zacharias, 2009). This distinction has been explored in the literature, with the 

specific distinction made between wealth and income being considered for inequity purposes. 

This distinction suggests a subtle underpinning of well-being; this is composed of wealth and 

income. Wolff and Zacharias cite that most studies utilize money income as a proxy for overall 

well-being when studying inequities (Wolff & Zacharias, 2009). In another study, Gyourko 

https://www.zotero.org/google-docs/?WRb29M
https://www.zotero.org/google-docs/?IHckpL
https://www.zotero.org/google-docs/?dxV6CO
https://www.zotero.org/google-docs/?agN7iw
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looked at wealth distribution in the context of household ownership. An enlightening point 

gained from this study found that there are “… no ceteris paribus racial differences in ownership 

rates among white and minority households who possess sufficient wealth to meet down 

payment and closing cost… However, substantial racial differences among wealth-constrained 

households exist, with constrained whites owning at higher rates than observationally equivalent 

minority households” (Gyourko et al., 1998). Subsequently, the proliferation of these inequities 

is seen in net household ownership rates. A household’s wealth is indicative of its vulnerability 

and wealth. This study highlights the underlying core of disaster justice. The recovery of 

communities is based on if their base needs are taken care of. By measuring both the burden and 

donor-donee ratio, this study examines the community’s wealth and attempts to parse out justice 

concerns when heterogeneous disaster risk and coping capacity are taken into account.  

 When considering the ability of a community to pay, the first step is to understand 

characteristic disparities between communities’ outcomes, but also to look at the financial 

mechanisms and the disparities in outcomes. The ability to pay is hinged on the idea of what an 

individual must sacrifice to pay said fee. When talking about vulnerable, wealth-constrained 

communities, the level of sacrifice is key to understanding this issue. An economic study done 

by Kendrick in 1939 clearly shows that the ability of an individual to pay taxes is dependent on 

both the relative burden imposed with paying and also the relative ease of acquiring the finances 

(Kendrick, 1939). Basic economic theory shows the more money an individual has, the less 

marginal utility it inherently has per unit increase, theory of marginal utility. This basic principle 

can be applied to the ability to pay principle in the disaster context because it shows how these 

impacts are not equal for different communities. A study conducted by Russell looks at the 

ability to pay principle in the context of a federalized system, health care. This study points out 

https://www.zotero.org/google-docs/?2TflBp
https://www.zotero.org/google-docs/?lofZU0
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that the opportunity cost of disadvantaged communities in paying for expensive health care is the 

sacrifice of other basic needs. This study points out that resources allocated towards health care 

expenses may negatively impact some households, furthering their poverty (Russell, 1996). In 

the case of disaster funding, it is important to make the distinction that the individual’s ability to 

pay is different for assuming blanket financial mechanisms. These types of policies have the 

potential to force individuals to choose to put resources toward disaster recovery or other basic 

needs. The ability to pay brings the question of what is the extent of personal sacrifice that 

results in the impoverishment of communities further.  

 

Subsection 5: Social vulnerability and coping capacity   

Intertwined with the concept of social vulnerability is coping capacity. This term is used 

to refer to the resources communities have immediately post-disaster to respond (Scheuer et al., 

2011). The availability of financial resources or lack thereof will have a drastic impact on not 

only how communities recover short-term, but long-term as well. The reduced coping capacity of 

communities can be traced back to sources in economic, demographic, and housing dimensions 

(Cutter et al., 2003). Coping capacity is a difficult concept to quantify due to its fluidity in 

nature, but has been proxied in the literature through human and economic capital (Yohe & Tol, 

2002).  Specifically, gender, household size, structure, education, and employment all contribute 

to a community’s overall coping capacity (Parsons et al., 2016). In light of environmental justice 

implications, it is critical to examine the coping capacity of communities and how federal 

systems are dealing with this heterogeneity. This study looks at coping capacity through the lens 

of the available economic capital of counties with respect to their hazard exposure.  

 

https://www.zotero.org/google-docs/?TrEES1
https://www.zotero.org/google-docs/?ilLEoa
https://www.zotero.org/google-docs/?ilLEoa
https://www.zotero.org/google-docs/?DZz4Bb
https://www.zotero.org/google-docs/?s1VOgJ
https://www.zotero.org/google-docs/?s1VOgJ
https://www.zotero.org/google-docs/?2RCHW0
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The overall body of literature on disaster recovery looks at disaster aid with respect to 

damages, social vulnerability, demographics, or even political influences. Although this study 

focuses on the issue from a different dimension of redistribution and ability to pay metrics. The 

redistribution of federal funding has inherent winners and losers because of the process. This 

idea has been studied in the context of the Federal Highway Trust Fund. Analogous to the 

Disaster Relief Fund and disaster recovery, the Highway Trust Fund was set up to aid states in 

repairing federal roads. A study conducted by Seaman and de Cerreno created a new metric for 

tracking federal aid redistribution across the United States, the donor-donee ratio. The ratio was 

formulated by considering federal aid apportionments states were allotted to the amount of 

federal taxes paid into the fund. A donor state was then defined as a state that had a ratio less 

than 1, indicating that it received less money in financial aid from the federal government with 

respect to the amount of federal taxes paid. On the reverse, a donee state was then defined as a 

state with a ratio greater than 1, indicating that it received more money in financial aid from the 

federal government with respect to the amount of federal taxes paid (Seaman & de Cerreno, 

2003). The incentive for this study was to investigate the flow of federal funds from donor states 

to donee states; thus, characterizing what might make a state more prone to be one or the other. 

This study actually found substantive evidence that geographically, certain parts of the country 

were subsidizing transportation aid to other areas, with Southern States being net donors 

(Seaman & de Cerreno, 2003). This brings a new perspective when applying the donor-donee 

concept to the disaster space. A new perspective is added to the conversation by combining the 

effects of both the burden and donor-donee ratio to spatially identify counties across the country.  

 

 

https://www.zotero.org/google-docs/?tUiIU3
https://www.zotero.org/google-docs/?tUiIU3
https://www.zotero.org/google-docs/?AhDr43
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Section 3: Methods 

Subsection 1: Data collection, merging, preprocessing  

There has been a bulk of literature written on federal disaster aid and thus the sources and 

methods of disaster grant data collection. This study utilizes data from the Public Assistance, 

Individual Assistance, and Hazard Mitigation Grant Program. These three funding programs 

allocate aid based on the subsequent PDD status of the state. These particular three programs 

were selected because they represent different aspects of disaster relief distribution in the United 

States. May studies that examine the outcomes of disaster aid examine one program, although 

this study aims to evaluate the cumulative impact of disaster aid from the perspective of how the 

program overall impacts communities’ recovery? This can be seen through FEMA’s recovery 

continuum. The recovery continuum indicates that different types of federal aid programs are 

targeted at assisting communities at different times of disaster relief whether that means 

immediately days after the disaster, months after the recovery, or preventative measures to 

reduce future damages. This study utilizes the concept of the disaster continuum by analyzing the 

distribution of aid through Public Assistance, Individual Assistance, and Hazard Mitigation 

Grant Program funding mechanisms. By utilizing these programs, it gives a more comprehensive 

picture of disaster aid and its interaction with vulnerable communities across the United States.  

 In a study conducted by Domingue and Emrich, they chose to include Public Assistance 

(PA) because of its wide array of potential recipients any state, county, or local municipality can 

apply as long as they meet the cost-share requirements (Domingue & Emrich, 2019). This is an 

important factor because PA is a widely utilized program, so to get a more comprehensive 

understanding of DRF redistribution, this type of program with this intent is included. PA grants 
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focus on projects related to post-disaster clean-up: debris removal, repair of infrastructure, and 

emergency measures (Domingue & Emrich, 2019). For this study, PA data were collected via 

OpenFEMA Dataset: Public Assistance Funded Project Details – v1 (FEMA, n.d.-c). This dataset 

included the following variables of interest: disaster number, declaration date, incident type, 

county, project amount, federal share obligated, and total obligated. To keep the flow of funding 

dollars consistent, the year the funding is obligated is what will be considered the year of 

funding.  

 Another grant program included in this study is Individual Assistance Housing Program 

(IHP). This program’s financial intent is to help individuals immediately post-disaster with their 

basic needs. Usually, these expenses are outside of insurance coverage (Drakes et al., 2021). The 

flow of funding is different from PA because IHP focuses more on the individual basic needs 

versus the community’s infrastructure needs, although both are focused on post-disaster effects. 

For this study, IHP data was collected via OpenFEMA Dataset: Individuals and Households 

Program – Valid Registrations – v1 (FEMA, n.d.-b). This dataset includes the following 

variables of interest: declaration date, disaster year, disaster number, county, and IHP amount. 

To keep consistent with the IHP data treatment as with the PA data, the declaration date was 

utilized for analysis and not the disaster year. In the event of natural disasters, funding is not 

always received the same year as the disaster occurred. The declaration date is the year the state 

was granted a PDD, thus the year of eligibility for government funding.   

The last grant program included in this study is Hazard Mitigation Grant Program 

(HMGP). This type of federally funded program aims to mitigate hazard impact, thus targeting 

infrastructure pre-disaster to limit its effects. This program was chosen to be included in this 

study because it encompasses disaster spending pre-disaster. With the ongoing nature of climate 

https://www.zotero.org/google-docs/?ALRKLC
https://www.zotero.org/google-docs/?5KwHLq
https://www.zotero.org/google-docs/?olSN3R
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change, the robustness of local mitigation measures will inherently reflect how well communities 

are equipped to withstand and recover from disasters. The innate resilience of a community is 

reflected in its mitigation measures or lack thereof. A study conducted by Ji and Lee utilized 

HMGP data to investigate the relationship between disaster aid on reducing the severity of 

impacts. In this study it is important to include because the innate resilience of a community is 

not just comprised of its ability to source funding directly post-disaster, but also a continual 

investment into the community to reduce impacts (Ji & Lee, 2021). The HMGP data was 

collected from FEMA Dataset: Hazard Mitigation Assistance Projects – v2 (FEMA, n.d.-a). 

Variables of interest are program fiscal year, data approved, project amount, and federal share 

obligated. As with the previous two programs, the year of the funding accounted for in this study 

is the date approved. This data is used instead of the fiscal year because it represents the year the 

funding was allotted to the county.  

Demographic data was collected via the National Historical Geographical Information 

System (Manson et al., 2022). The dataset, 2021 American Community Survey: 5-Year Data 

[2017-2021, Block Groups & Larger, was utilized to gain information at the county level on 

demographic and infrastructure data. Tax data collection was conducted via the IRS for the years 

2010-2019 from the Statistics of Income (SOI) Program (IRS, n.d.). Data preparation for this 

study included the collection of all datasets, cleaning of the datasets, and merging of the datasets.  

 

Subsection 2: Metrics 

 The scope of this study includes data for all counties within the continental United States. 

Since the focus is procedural equity of disaster redistribution, all types of disasters are included. 

This allows for analysis of a wide array of disaster funding impacts at the county level. The 

https://www.zotero.org/google-docs/?OiDnQn
https://www.zotero.org/google-docs/?kjM9H2
https://www.zotero.org/google-docs/?yqevuz
https://www.zotero.org/google-docs/?2OiPVO
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ability to pay metric is captured through FEMA’s calculated Expected Annual Loss (EAL) 

metric and county-level GDP. The Expected Annual Loss (EAL) is “the average economic loss 

in dollars resulting from natural hazards each year” (Zuzak et al., 2021). The metric of EAL is 

utilized in this to examine the annual losses that are predicted for each county for all types of 

disasters and is calculated for 18 different hazards and 3 different consequence types. This index 

looks at the consequence types of buildings, population, and agriculture. EAL is calculated via 

the following equation on a hazard type, consequence type basis for each county using Equation 

1. 

!"#$%&$'	)**+,-	./00!"#"$%&'()!"#$%&'%#(%)*+%* 

!"#/0+1$!"#"$%&'()!"#$%&'%#(%)*+% 	× )**+,-34$'	51$6+$*%7!"#"$%&'()

× 830&/13%	./00	9,&3/!"#"$%&'()!"#$%&'%#(%)*+% 

Equation 1: Expected Annual Loss (EAL) tabulated and reported via FEMA's National Risk Index (NRI) 

(Zuzak et al., 2021) 

 The EAL for each county was utilized because FEMA has aggregated data across many 

different government and educational sources and calculated an exposure, annualized frequency, 

and historic loss ratio for the different hazards across the country for each county.  To calculate 

the Exposure, the NRI collected data from the National Oceanic and Atmospheric 

Administration (NOAA), the Spatial Hazard Events & Losses Database for the United States 

(SHELDUS), the U.S. Army Corps of Engineers (USACE), U.S. Geological Survey (USGS), 

U.S. Department of Agriculture (USDA), and the Federal Emergency Management Agency 

(FEMA). Due to the heterogeneity in types of natural hazards that are included in this risk index, 

there were three primary ways of determining exposure for the hazards: widespread hazard 

occurrence exposure, developed area/agriculture area density concentrated exposure, and pre-
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defined representative exposure. Hazards such hurricanes are evaluated utilizing the first 

exposure method noted because the boundaries are difficult to define, thus for these types of 

hazards exposure is calculated as the total value of the buildings, agriculture and population 

(Zuzak et al., 2021). The majority of hazards utilize the second approach of area density 

concentrated exposure where the intersection of the hazard occurrence and census block are 

multiplied by the value of the buildings, agriculture and population (Zuzak et al., 2021). Lastly, 

tornadoes are calculated utilizing the third exposure method of pre-defined representative 

exposure through defining the historical damage an area has averagely sustained (Zuzak et al., 

2021).  

By nature of the aggregated index and complexity of computation natural disaster 

metrics, the annualized frequency metric is based on both probabilistic models and historical data 

depending on data availability of the type of disaster and location. Per the NRI, “natural hazard 

annualized frequency is defined as the expected frequency or probability of a natural hazard 

occurrence per year” (Zuzak et al., 2021). Annualized frequency if historic data is avaialbe is 

calculated using Equation 2: 

Equation 2: 

)**+,-34$'	51$6+*%7 =
;+<=$1	/>	9$%/1'$'	8,4,1'	?%%+1$*%$0

@$13/'	/>	9$%/1'  

Equation 2: Annualized Frequency tabulated and reported via FEMA's National Risk Index (NRI) 

(Zuzak et al., 2021). 

For hazards such as Earthquakes, annualized frequency is calculated via a probabilistic model 

and not by recorded hazard occurrence. The NRI Technical Documentation specifically 

stipulates that hazards that historically have a long return period are not captured accurately in as 

in Equation 2. Another nuance being that areas that historically have not received damages but 
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are adjacent to exposed areas would be calculated as zero risk, although this is not the case in 

reality.   

This study chose to analyze disaster funding over a decade, between the years 2010 to 

2019. Disaster grant data for PA, IA, and HMA was merged with tax data. To calculate the 

donor-donee ratio, the below equation was developed via Equation 3. 

Equation 3: 

AA9+,-./',%-. =
A30,0&$1)3'+,-./',%-.

5$'$1,-B*%/<$C,"$0+,-./',%-.
 

Equation 3: Donor Donee Ratio 

Equation 3 was transformed into the final form into Equation 3 which is the average donor-donee 

ratio over the 10-year period (2010-2019). 

Equation 4: 

AA9+,-./'DDDDDDDDDDDDDD =
∑ (A30,0&$1)3'+,-./')0)"$12
1

∑ (5$'$1,-B*%/<$C,"$0+,-./')0)"$12
1

 

Equation 4: Average Donor Donee Ratio 

The average donor-donee ratio for each county during the 10-year time period was 

calculated by summing disaster aid of the three programs, PA, IA, and HMA, and then dividing 

by summing all federal income taxes the county paid during the 110-yeartime period. The 

average donor-donee ratio was calculated this way instead of calculating the ratio for each year 

and then averaging it because the latter weights all years equally. Dividing cumulative aid and 

taxes over the 10-year period allows for capturing the effect of all years and not allowing 

abnormal years to affect the overall average.  

The Burden metric was created to capture the effects of both hazard exposure through 

expected annual losses and economic resources of a community. It looks at the innate coping 

capacity and subsequent ability of counties to finance disaster aid. Consistent with previous 
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disaster aid literature on vulnerability and coping capacity, the economic resources of a county 

proxied through GDP is an appropriate measure. With the addition of the expected annual losses 

variable, this is adding in the disaster risk or exposure of a county. Implications with the donor-

donee ratio are that depending on the Burden experienced by a county, the more or less they are 

benefiting from the overall redistribution of federal disaster aid. 

 

To calculate the Burden, the below equation was developed:  

H+1'$*+,-./',%-. =
!"#$%&$'	)**+,-	./00+,-./',%-.

IA@+,-./',%-.
 

Equation 5: Burden for a county in a given year 

 

Average over a 10-year period (2010-2019) 

H+1'$*+,-./'DDDDDDDDDDDDDDDDDD =
!"#$%&$'	)**+,-	./00+,-./'

∑ (IA@+,-./')0)"$12
1

 

Equation 6: Average Burden for a given county between 2010-2019 

 
 

The average Burden for each county during the 10-year time period was calculated by 

taking the single EAL value published in FEMA’s 2021 National Risk Index and then dividing it 

by the sum of the GDP of the county over the 10-year time period. The average Burden was 

calculated this way instead of calculating the Burden for each year and then averaging it because 

the latter weights all years equally. Dividing cumulative GDP over the 10-year period allows for 

capturing the effect of all years and not allowing abnormal years to affect the overall average.  
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Subsection 3: Preliminary data investigation and spatial patterns, research questions 1 and 2 

 This study aims to characterize how federal disaster aid is being allocated in the United 

States. At the county level, measures of disaster aid, taxes, and sociodemographic data are 

utilized to characterize the county and what makes them a donor county or a donee county. The 

main angle this study is directed at is through the lens of procedural justice. In effect, it examines 

how counties across the United States receive federal disaster aid with respect to what they can 

financially absorb through local capacity means. In comparison to utilizing the baseline 

characteristic of wealthy or poor, this study looks at federal aid distribution with respect to risk 

and net benefit of redistribution effects on counties. Demographic data exploration is then 

conducted to gain a deeper understanding of donor and donee counties, concerning the economic 

burden.  

 As stated in the data section, data collection was conducted across multiple U.S. federal 

agencies. The period of interest was chosen as 2010-2019 explicitly due exclusion of major 

disasters that are out of the characteristic norm. Results would be highly skewed with the 

inclusion of Hurricane Katrina and COVID-19 relief aid. The average donor-donee ratio and 

average burden ratio were calculated for each county according to the previous section’s 

specifications. Each ratio can be viewed on a per capita basis. One common complexity 

encountered when working with disaster aid data is the extremely skewed distribution of aid. 

That being said since the impact can vary so greatly, the distribution of aid over the ten-year 

period shows the majority of counties over the ten-year period receiving very little aid, and then 

a long extended tail indicates fewer and fewer counties receiving larger amounts of aid over the 

same period.  
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 Initial data exploration entailed visualizing donor and donee counties across the country. 

This process was not as straightforward due to the outlier counties that have either extremely 

large aid or expected annual losses. These values in the donor-donee ratio and burden ratio make 

it difficult to distinguish between the majority of counties that have modest values for both 

metrics. For initial data visualization and analysis, this study aimed to identify any spatial 

geographic patterns of donor and donee counties. Cases with large amounts of aid or expected 

annual losses are important but will be assessed through subsequent methods. To parse out finer 

granularity in donor-donee ratios between the counties, the corresponding decile was assigned to 

each county respectively. The same decile method was applied to the burden ratio as well.  

 

Subsection 4: Machine learning method; k medoids  

The largest gap in the literature is the linkage of economic burden and subsequent coping 

capacity of communities with the aid they receive redistributed by the DRF. A study conducted 

by Choi utilizes the unsupervised machine learning algorithm of clustering to highlight the 

dimensions of disaster resilience of communities concerning overall recovery time. The 

clustering method was applied to different case studies within South Korea to extract the 

characteristics of communities that made them more resilient than others. An unsupervised 

clustering-based framework called the community disaster resilience clustering (CDRC) method 

was “…proposed to overcome the lack of data required for recovery modeling and to consider 

the physical vulnerability more effectively compared to index-based estimation approaches” 

(Choi & Song, 2022). It acknowledges the limitations in index-based estimation approaches 

when it comes to disaster recovery. To overcome this limitation, a clustering-based approach 

allows the data to reveal patterns that are consistent with resilient communities. This type of 

https://www.zotero.org/google-docs/?kETTul
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method applied to the disaster context can be utilized to examine the ability to pay characteristics 

and their relationship with disaster redistribution in the United States. In a domestic United 

States study conducted by Best et. al, unsupervised machine learning was applied to identify 

significant relationships between climate gentrification through environmental, socioeconomic, 

and housing indicators. This study looked at 51 counties within the United States and deduced 

four distinct clusters of vulnerability related to climate gentrification. The incentive of this study 

was to examine large-scale patterns of characteristics across the United States that were 

consistent with climate gentrification. A significant result of this study is that “The geographic 

patterns of clusters reinforce that both climate impacts and social vulnerabilities vary regionally” 

(Best et al., 2023). The application of machine learning to the ability to pay metrics allows for 

the extraction of relationships that are not obvious. The spatial distribution of the different types 

of characteristics and clusters yields interesting conclusions on the federal redistribution of 

disaster aid in the United States. 

 In order to address the third research question, there were many examples of machine 

learning utilized in this field. This type of skewed funding distribution does not lend itself well to 

regression models due to it lacking the normal distribution condition. To circumvent this issue, 

machine learning was chosen as the applied method. While there are benefits and drawbacks to 

both supervised and unsupervised learning algorithms, this study chose to take an unsupervised 

approach. Supervised machine learning utilizes an algorithm that takes in examples of a 

predetermined target variable in order to associate values of target variables with values of 

predictor variables (Larose & Larose, 2014). An unsupervised approach was utilized due to the 

nature of the research question being asked. There are no pre-defined groups with threshold 

values for the donor-donee ratio, in combination with the Burden metric. To explore these 

https://www.zotero.org/google-docs/?1YoBZM
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relationships, an unsupervised algorithm was applied to extract relationships. Partitioning, or 

clustering, is a type of unsupervised machine learning that has no predefined target variable and 

the algorithm intends to group the data based on homogeneous clusters (Larose & Larose, 2014). 

This type of method can be applied to datasets that are small or midsized (Soni & Patel, n.d.). 

The two main types of clustering that were examined in this study were k-means and k-medoids. 

The k-means algorithm partitioning method that has been widely utilized (Arora et al., 2016). 

This type of clustering works to minimize the squared error objective function (Kodinariya & 

Makwana, 2013). The algorithm in simplified terms is seen as follows (Larose & Larose, 2014): 

 Step 1: Define k, clusters 

 Step 2: Randomly assign k instances as initial cluster center locations  

Step 3: For each instance, find the nearest cluster center through a predefined distance 

metric. This can be ‘Euclidean’, ‘Manhattan’, etc. 

 '3-456%)".(", 7) = K∑ ("6 − 76)76   

Step 4: For each cluster, find the centroid and update the location of each cluster center to 

the value of the new centroid 

Step 5: Repeat 3 and 5 until convergence  

This algorithm minimizes the following objective function: 

• K-Means algorithm 

 Minimize M = 	∑ ∑‖" − %6‖78
6*1  where; 

 Z is sum of squared error  

 x is data point representing item in cluster Ck 

 ci is centroid of cluster Ck 

(Bhat, 2014) 
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This type of clustering emphasizes the location of the centroid as the distances of the data points 

to each cluster’s respective centroid are minimized. Although one of the k-means’ greatest 

limitations is the ability to handle outliers (Soni & Patel, n.d.). K-means tend to be affected 

greatly by outliers and were shown to be less effective overall in the quality of clustered classes 

clustering (Reynolds et al., 2006). This is the point in which the method of k-medoids was 

explored.  

 In selecting the optimal number of clusters, k, there are many methods mentioned 

throughout the literature. The two methods this paper chooses to utilize are both the elbow 

method and the silhouette method. The elbow method is used by plotting the cost of each 

subsequent number of clusters. Theoretically at an unknown k, the cost drastically drops and 

levels off, producing an elbow. This elbow is the number of clusters that the user should use 

(Kodinariya & Makwana, 2013). Although a drawback to this method is that it is a visual method 

and sometimes the data lacks a distinct elbow when the cost function is minimized. Another 

method that could be used in the slotted method. The equation is seen below:  

 0(3) = 9(6)<"(6)
=>?	("(6),9(6)) (Kodinariya & Makwana, 2013). 

This type of method looks at the silhouette width s(i) for each datapoint which involves the 

within-cluster tightness and dissimilarity from the other clusters. By calculating the average 

silhouette for each set of a number of clusters, the largest average is chosen as the optimal 

number of clusters for the given dataset (Kodinariya & Makwana, 2013). 

The k-medoids clustering method was chosen over the k-means clustering method 

because of its robustness when dealing with skewed data. The method of k-medoids was 

developed by Kaufman and Rousseeuw as an alternative method to k-means (Kaufman & 

Rousseeuw, 1987). This method was developed similarly to the structure of k-means, but rather 

https://www.zotero.org/google-docs/?klf3eX
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than having a centroid, a representative point, medoid. Alternatively, to k-means, this method 

minimizes the cost function of the sum of dissimilarities between each data item and its paired 

medoid (Bhat, 2014). The k-medoids algorithm is as follows (Arora et al., 2016):  

Step 1: Select k medoids  

Step 2: Find closest medoid through predefined distance metric 

Step 3: For each medoid, and data point pair, select new medoid with lowest cost of 

configuration  

Step 4: Repeat 2 and 3 until convergence 

The algorithm is seen below 

• K-Medoids 

 Minimize M = ∑ ∑|" − <6|8
6<1  where; 

 Z is sum of absolute error 

 x is data point 

 mi is medoid of cluster Ci  

(Bhat, 2014) 

 

The variables chosen to cluster on were the donor-donee ratio, burden, and population. 

The population variable was added to control for large differences in populations across the 

country. Before clustering of the dataset was conducted, variables were standardized. Next, the 

Hopkins statistic was used to determine the clusterability of the dataset. This statistic test has 

been used across the literature to test the randomness of a dataset (Banerjee & Dave, 2004). To 

determine k, the number of clusters, two methods were tested: the elbow method and the 

silhouette method. Both results are seen below. The elbow method’s objective is to minimize the 

https://www.zotero.org/google-docs/?OnWmL7
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total within the sum of squares, while the silhouette method’s objective is to maximize the 

average silhouette width. As it can be seen there is a distinct elbow point seen at k=4, and a 

maximum point at k=3. Since both k values have been shown as possible solutions, k=4 was 

chosen due to the elbow seen at k=4 and the difference in average silhouette width between k=3 

and k=4 being similar. See the figures below. The R package cluster and function pam was 

utilized for this research (Maechler et al., 2022). 

 

 

Figure 1: Elbow method 

 

Figure 2: Silhouette Method 

 
Subsection 5: Multinomial logistic regression method 

 The last step of this research included the application of a multinomial logistic regression 

model. Once clusters of donor-donee ratio and burden were established, the classification of 

https://www.zotero.org/google-docs/?MruTqo
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these clusters was conducted through logistic regression. The resulting clusters of k-medoids is a 

categorical variable. Continuous demographic variables were analyzed as the independent 

variables of the model. Logistic regression was chosen as the subsequent step to k-medoids 

clustering because it is a method that allows for the comparison of different categorical variables 

through the application of continuous explanatory variables. Multivariable logistic regression is a 

method that allows for the computation of probability and risks associated with given outcomes 

due to different predictors. The outcome variable is Y and Y=1 indicates the occurrence of the 

event, and Y=0 indicates no occurrence. X1 is a predictor variable that is either discrete or 

continuous. Below is the log odds equation for Y outcome and X1 predictor (Nick & Campbell, 

2007).   

-/P/''0[R = 1	|T1] = -/P V
@(R = 1|T1)
1 − @(R = |T1

W = X2 + X1T1 

Equation 7: Log odds equation for Y outcome and X1 predictor 

(Nick & Campbell, 2007) 

The above equation can be transformed into the logistic probability function below: 

@(R = 1|T1) =
1

1 + exp	[−(X2 + X1T1)]
=

exp	(X2 + X1T1)
1 + exp	(X2 + X1T1)

 

Equation 8: Logistic probability function for above log odds equation 

(Nick & Campbell, 2007) 

Lastly, the odds ratio is the percent change in log odds with every one unit increase in X1 and 

can be expressed as the equation below: 

?9 =

@(R = 1|T1 = 1)
1 − @(R = 1|T1 = 1)
@(R = 1|T1 = 0)

1 − @(R = 1|T1 = 0)

=
exp	(X2 + X1)
$"#(X2)

= exp	[(X2 + X1) − X2)] = exp	(X1) 

Equation 9: Odds ratio for one unit increase in X1 
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(Nick & Campbell, 2007) 

 The following utility model was utilized: 

 A^ = 	_ +	X1"1 + X7"7 + XB"B; where:  X1	is median household income, X7	 is 

percentage white and, XB	 is number of mobile homes.  

Equation 10: General form of the utility function 

 
This type of model allows for the comparisons of multiple alternatives of a categorical 

variable through log odds estimators (El-Habil, 2012). The parameters of B indicate the effect 

each variable has on the log-odds of the response variable (El-Habil, 2012). The usage of 

multinomial logistic regression is significant when exploring the risk on the probability of 

success in the alternative category with respect to the reference category (Bayaga, n.d.). With 

respect to this research, this type of modeling will be applied to the clusters once they specified 

by the algorithm. Once clusters are defined, this type of regression is useful in interpreting 

probabilities of landing in the different clusters with respect to the reference.   

 

Section 4: Results 

 The mapping of the donor-donee ratio and burden is seen below. It should be noted that 

both the donor-donee ratio and burden maps are plotted on the decile scale to parse out finer 

granularity distinctions between counties. Consistent with disaster literature, the magnitude of 

funding allotted to large disasters largely outnumbers the funding allotted to smaller disasters. 

Thus, the counties that received an extremely large amount of funding during the time period due 

to hazards would remove any granularity distinction from the rest of the counties. With respect to 

both research questions 1 and 2, there is spatial variability in both the donor-donee ratio and 

burden metrics. Not only does heterogeneity exist, but there appear to be spatial patterns for 
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both. Within the donor-donee ratio map, it seems that the mid-West, the coast of the Carolinas, 

and the Gulf Coast see a high donor-donee ratio. While Michigan and much of the West 

experience a relatively low donor-donee ratio. Referring to the burden map, it can be seen that a 

high burden is seen on the cost of the Carolinas, the Gulf Coast, and an emerging cluster in the 

New England region. There is less of a distinct pattern across the Midwest as seen in the donor-

donee ratio map. While it is apparent that both metrics have spatial heterogeneity and patterns, it 

is interesting where they overlap and also where they exact opposite patterns emerge.  

  

 

Figure 3: Average donor-donee ratio map 2010-2019 
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Figure 4: Average Burden map 2010-2019 

K-medoids clustering was conducted utilizing the pam, partitioning around medoids, and 

statistical function, with the inputs of k=4 and Euclidean distance metric. Seen below are the 

results of the clustering algorithm. The results of the clustering show most of the countries are 

clustered into cluster 1. With the second-highest membership cluster being 2.

 

Figure 5: k-medoids clustering results map 
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See the table below for the standardized values of the variables for each of the 4 medoids of their 

respective clusters.  

 

Table 1: Medoid Summary 

k 

Number of 

Observations DDR Burden Population 

1 2372 -0.25467 -0.16266 -0.21763 

2 439 0.579687 -0.16261 -0.25454 

3 205 -0.28315 0.786656 1.652862 

4 32 6.443225 -0.12736 -0.29059 

 

After the k-medoids method was applied to the dataset, the unstandardized variables were 

examined. Below are box plots of the variables, average donor-donee ratio, average burden, 

population, and SOVI score. The SOVI score variable was added to give some context to the 

overall social vulnerability of these clusters.  
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Figure 6: Boxplots of average donor-donee ratio in the 4 clusters 

 

 

Figure 7: Boxplots of average burden in  the 4 clusters 

                               1                      2            3   4 

                               1                      2            3   4 
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Figure 8: Boxplots of the population in the 4 clusters 

 

Figure 9: Boxplots of SOVI scores in the 4 clusters 

 

                               1                      2            3   4 

                               1                      2            3   4 
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To add insight from a new perspective, multinomial logistic regression was conducted on 

the clusters. This type of regression was utilized due to the type of variables this research has 

used. Since the output of k-medoids clustering is a categorical variable, logistic regression is an 

appropriate method for examining continuous demographic variables with their associated 

clusters. The objective of this model is to determine the likelihood of a county being in one of 

the clusters 1, 2, or 3 over the reference policy scenario Cluster 1. Three variables were chosen to 

evaluate the likelihood of the policy scenarios. Common variables found across disaster 

resilience literature are both income and race. Household income is an important variable in this 

research because it is embedded in the appropriation of funding at a very basic level. The PDA, 

preliminary damage assessment, made by the governor post-PDD declaration includes household 

income (Lindsay, 2017). The race variable was added to the model because prevalent in disaster 

literature, minority communities are disproportionately disadvantaged throughout many stages of 

the disaster aid process (Domingue & Emrich, 2019; Gyourko et al., 1998; D. Z. Rivera et al., 

2022). The variable of mobile homes has been used across disaster literature to capture the 

structural dimension of coping capacity (Cutter et al., 2003; Parsons et al., 2016). This variable 

has been used in the disaster literature in contrast to permanent housing metrics. Directly related 

to the built environment, by quantifying mobile homes, this model can capture the effects of the 

presence of mobile homes and the coping capacity of the county. Within the disaster literature, 

mobile homes have been a means of federal government assistance post-disaster and have even 

transitioned from temporary to permanent housing of people (Peacock et al., 2007).  

 

https://www.zotero.org/google-docs/?yjYElD
https://www.zotero.org/google-docs/?TVG4e2
https://www.zotero.org/google-docs/?TVG4e2
https://www.zotero.org/google-docs/?YRb9zW
https://www.zotero.org/google-docs/?U0aRnr
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Table 2: Multinomial logistic regression odds ratios 

 

To distinguish finer granularity differences between the clusters, the results established 

above were utilized in a multinomial regression analysis. Two separate calculations were 

performed on the output log odds of the logistic regression to transform the results into 

meaningful odds ratios. The first calculation required the tabulation of the odds ratio associated 

with one standard deviation unit increase in each of the demographic variables. The resulting 

odds ratio demonstrates a cluster being classified with respect to the base case. This offers 

insight into potential linkages between demographic indicators and the affinity of a county to be 

classified in the reference case versus the three other cases. The second calculation done was the 

tabulation of the odds ratios associated with the interquartile range (IQR). Essentially this odds 

ratio demonstrates how influential the demographic variables are from the 25th quartile to the 75th 
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quartile for each cluster and variable paring. This allows for cross-comparison of the clusters and 

which variables are more impactful in the clusters. See Figure 11 and Figure 12 for these results.  

 

 

 

 

 

 

 

 

 

 

The results from the regression show that with respect to the reference case, Cluster] 

Figure 10: Reported odds with one standard deviation increase in demographic variables  

Figure 11: Reported odds for the Interquartile Range (IQR) for the demographic variables 
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It was found that a county is 781 times as likely to be classified in Cluster 3 for every unit 

increase in the independent variable of household median income. This is significant due to the 

same increase in household median income, the likelihood of being classified as Cluster 2 or 

Cluster 4 is only 1.7% with respect to the reference case. In the case of increasing one unit in 

percentage white, the likelihood of being classified in Cluster 2 as the reference case is only 

0.7%, while this metric is insignificant for Cluster 4. In terms of Cluster 3, a county is only 

93.9% as likely to be in Cluster as the reference case. Lastly, it is shown that with one unit 

increase in the independent variable of mobile homes, a county only has a 74.3% chance of being 

classified as Cluster 2 as the reference case. Although, a county is 3.2 times as likely to be 

classified as Cluster 3 as the reference case for the same metric. The mobile home metric is not 

significant for Cluster 4. 

 

Section 5: Discussion 

Subsection 1: Policy implication with clustering results  

When addressing the first research question, it can be seen in the decile plot of the 

average Burden metric from 2010-2019 that there is indeed spatial heterogeneity. The decile map 

of Burden is illustrative of the areas of the country that have a relatively high exposure to natural 

hazards, relative to their state economic activity (GDP). This is a new insight into the disaster 

literature because it shows a new way of quantifying and coping capacity. This heterogeneity 

suggests that there may be unequal outcomes and thus procedural justice shortcomings in the 

disaster aid system. Differences in this specific metric show that while accounting for disaster 

losses, there are regions of the country that have a lower local economic coping capacity. From 

the literature, it is known that a lowered coping capacity can result in decreased resilience. Areas 
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such as Florida, the Gulf Coast, and New England historically are known for having high losses. 

Although this study provides further contextualization of their local situations, in that even with 

local economic resources taken into account, these places are still experiencing a relatively high 

burden. Alone, the burden metric is a newly added perspective to the literature for evaluating 

coping capacity. In addition, this metric provides a basis for comparing relative coping capacity 

to the effects of federal redistribution of disaster aid, as seen in the next section with the donor-

donee ratio.  

 The usage of the ‘Burden’ metric, while illustrative, can be misleading if the underlying 

assumptions are not taken into account in the interpretation. For this study specifically, the 

average Burden is examined over the course of ten years, specifically 2010-2019. The first model 

bias is the exclusion of Hurricane Katrina and the Covid-19 pandemic. Secondly, the EAL metric 

utilized by FEMA in the NRI estimates on the higher end for events that have lower annualized 

frequencies and long return periods because they are also costly, i.e., earthquakes and hurricanes.  

This is in comparison to more frequent events such as lightning and drought, which are quite 

frequent events, but do not have comparatively high losses. This concept is explored through the 

figures below. Figure 10 depicts in descending order, the maximum EAL reported via FEMA’s 

NRI. An EAL value is tabulated for each county and Figure 10 depicts the maximum value 

found for each hazard across all of the counties. In contrast, Figure 11 shows the maximum value 

of annualized frequency across all the counties. 
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Figure 12: Maximum EAL Hazard as Reported in FEMA’s NRI 

Figure 13: Maximum annualized frequency by event as reported by FEMA’s NRI 
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The second research question concerns how disaster aid varies relative to the federal 

taxation of counties. After conducting a mapping of the average donor-donee ratio between the 

years 2010-2019, it was found that there is heterogeneity in the donor-donee ratio.  This map 

provides new insight into who is net benefitting from the allocation of federal disaster aid, 

relative to their individual contributions. As discussed above, regions with lower frequency 

events will have a high burden, but lower donor-donee ratio due to not experiencing a high 

impact event within the ten-year period snapshot this study examines. This was done to generate 

the capacity outlays of a “generic” ten-year period. When working with natural hazards and 

varying lengths of return periods of the different types of hazards, the time scale is important to 

keep in mind.  

Additionally, within this generic ten-year period, not only does it show who is benefiting, 

but also the extent of how much some regions of the country are benefitting more than others. 

The counties of high donor-donee ratio are not entirely surprising as with the Burden metric, 

consistent high areas are Florida, the Gulf Coast, and New England. Although there is a distinct 

spatial pattern of high donor-donee ratio in the Midwest and low donor-donee ratio on the West 

Coast. The spatial patterns are quite interesting because they are illustrative of how specific 

regions of the country appear to be contributing significantly more to the system, while other 

regions appear to be benefitting much more. In the area of disaster research, one of the main 

themes is the allocation of costs and benefits. The donor-donee ratio is one metric that allows for 

evaluation of how federal dollars are being allocated and who is gaining from the system more 

than others. The Burden metric and donor-donee ratio combined together offers an interesting 

intersection of coping capacity and resource allocation.  
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 Research question 3 stated “Does redistribution of benefits by the federal disaster aid 

system based on the local burden caused by hazards vary from county to county? Are there 

spatial or demographic trends that support the heterogeneity?”. It can be answered through the 

results of the cluster analysis. It was found that there is heterogeneity in the redistribution of 

benefits by the federal disaster aid system based on the local burden caused by hazards from 

county to county. This analysis indicates that most counties are classified under Cluster 1. 

Initially, this shows that the disaster aid system is consistent in treatment with most counties 

under the Burden and donor-donne ratio metrics. There are specific spatial patterns that are seen 

as well between the remaining 3 clusters. Regions within California and New England are 

distinctly classified as Cluster 3. There are groupings of Cluster 2 found in the Midwest and the 

coast of the Carolinas. Lastly, an interesting spatial pattern to note is the heterogeneity in the 

characterization of the counties in Florida. This state has counties represented by each of the 4 

clusters across the whole state. This level of heterogeneity is seen in other states such as Texas 

and Louisiana, although it is more localized to the coast. The spatial distribution of clusters 

provides interesting insight into the redistribution of benefits by the federal disaster aid system 

with respect to local burden.  

The preliminary data investigation through the boxplots provided a starting point for data 

investigation. As can be seen, the mean of the average donor-donee ratio for Cluster 4 was much 

higher than any of the three other clusters. The distribution of the average burden metric looks 

relatively similar across the clusters. The population boxplots show three out of the four clusters 

with similar distributions, with Cluster 3 having a higher median and much higher outliers. As 

for the SOVI score boxplots, it can be seen that the means across all policy scenarios are fairly 

consistent. The comparison of distributions of the clusters is an interesting evaluation of the 
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distinct differences between them. One main finding extracted from these boxplots was the 

distinct difference between Cluster 3 and its large population. One important distinction for the 

redistribution argument that must be made is the quantifying of “the majority of the country”. As 

seen in the clustering map, spatially a majority of the counties in the U.S. fall under the Cluster 

1, meaning they received little positive impact from funding redistribution, but also had a 

relatively low burden. Although as portrayed through the boxplots, Cluster 3 had a higher 

population mean. Upon aggregation of the population in all counties under each policy scenario, 

the results are established below: 

 

Table 3: Breakdown of the population in the clusters 

 
 POPULATION Percent of National Population 

Cluster 1 118968433 39.30% 

Cluster 2 10505511 3.47% 

Cluster 3 172476059 56.97% 

Cluster 4 778771 0.26% 

 

 It is quite interesting that from a spatial perspective, most counties are in Cluster 1, while 

population-wise, most people are in Cluster 3. Within Cluster 1 there were 2372 counties 

grouped, accounting for 77.8% of total counties within the U.S., although they only accounted 

for 39.3% of the U.S. population. On the converse, Cluster 3 only made up 6.7% of total counties 

but represented 56.97% of the total population. Through mapping it is visualized that one cluster 

covers most of the U.S., but it does not hold a majority of the people. The majority of people live 
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within Cluster 3, being a smaller beneficiary of redistribution with respect to a lower coping 

capacity. This finding suggests that heterogeneity in coping capacity has a persistent impact on 

counties across the country. When coupled with redistribution effects, there are distinct areas of 

the country that appear to have a lower coping capacity and are not benefitting from 

redistribution as much relative to other countries. This study shows that not all counties benefit 

from redistribution the same.  

 At a glance, Cluster 1 represents the average American county. This cluster is comprised 

of the first-most counties and is the second-most populous. Spatially it is spread across the 

county in all regions. When referencing the box plots from above, this county has a similar 

donor-donee ratio, burden, and SOVI score to at least two of the other clusters. Since this cluster 

is seen to have both a moderate burden and donor-donee ratio it is seen that its coping capacity is 

fairly standard and does not appear lacking. This may be due to lower disaster losses or a higher 

GDP that is able to cope with the expected losses as determined by FEMA. Studies at a further 

granular level would have to be done to extract certain causality. From general disaster 

knowledge, this cluster covers the general areas of the United States that are not afflicted with 

large hazards such as earthquakes, hurricanes, extreme flooding etc. While this is not to say that 

these types of hazards do not occur in these counties, but rather they are more characteristic of 

the subsequent clusters to be discussed.  

 In a converse situation to Cluster 1, Cluster 3 stands out the most. Cluster 3 is most 

known for being the cluster of the most populous counties in the country. It can be seen from the 

clustering map, that many metropolitan areas in the United States are classified as Cluster 3. This 

tracks across the higher population distribution illustrated through the box plots and the 

aggregate population count of the cluster. Specific regions of the country also were specifically 
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classified as Cluster 3, such as most of California, parts of the Gulf Coast, a majority of Florida, 

and New England Areas of noteworthy mention. This cluster has the highest median burden and 

outliers much further reaching than the other clusters as seen in the box plots above. This can be 

broken down into two distinct but similar disaster scenarios. In the case of California, while the 

state is known for wildfires, it also is known for earthquakes. From the figures above, it is seen 

that earthquakes factor into a much higher EAL value than the other hazards. Also if attention is 

directed to the gulf coast, Florida and New England, these areas are notorious for experiencing 

hurricanes. As with earthquakes, hurricanes also factor highly into the calculation for EAL in 

FEMA’s risk index. So, while these counties are urban areas with likely high GDP, the losses 

associated with hazards that occur in these areas suggest that the costs of the hazards are still 

apparent.   

The result of the multinomial regression analysis produced interesting results for Cluster 3. 

While it appears that many Cluster 3 counties are metropolitan areas, it also logically makes 

sense that median income is a significant indicator of this cluster. As results shown in the section 

above, an increase of approximately $15,000 increases the likelihood of being in Cluster 3 by 

266 times over Cluster 1. It is not to draw causality between high income and high burden, but 

rather an interesting result that wealthier counties have a high EAL, coupled with a moderate 

donor-donee ratio. Although a more counterintuitive result is the large significance of mobile 

homes characteristics. Across the literature, this variable has been utilized as a proxy for the 

dimension of resilience, coping capacity, and wealth. This indicates that an increase in this 

variable is correlated to a higher probability of being characterized as Cluster 3 than the 

reference case. Although further conclusion cannot be made as to why this relationship exists 

without a further granular study into the funding recipients.  
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A slightly different situation than both Cluster 1 and Cluster 3, is the situation of Cluster 2. 

This cluster spatially appears largely in the Midwest, the coast of the Carolinas, and sporadically 

in the southeast and Texas. These counties are receiving a good amount of funding and this can 

be seen through the distinct dark pattern in Figure 3, a decile map of donor-donee ratio that 

overlaps with a majority of Cluster 2 counties. These are the counties that receive a lot of 

funding, but also have a moderate burden to substantiate it. Referencing disaster literature, this 

makes sense as to these are areas that receive heavy flooding such as the Midwest and hurricanes 

as seen off the coast of the Carolinas. This cluster on average has a much lower population 

average and results of the logistic regression show that none of the social demographic variables 

had much of an extreme effect on the odds of being classified in this cluster.   

Lastly, Cluster 4 is much like a subcase of Cluster 2. This cluster has the least number of 

counties and people by a large margin. While this cluster only makes up 0.26% of the country’s 

population, it by far as the highest donor-donee ratio. Redistribution effects in this cluster are 

strong for a couple of different reasons. One reason being that since the donor-donee ratio is 

comprised of the aid divided by the taxes, one explanation is that these counties simply do not 

have a lot of people thus little taxes paid. So, any aid that is given to these counties will inflate 

the donor-donee ratio because of the small amount of taxes that are being paid to the federal 

government. Spatially, areas this cluster covers are the panhandle of Florida, a few places in 

Nebraska, and sparsely across the eastern part of the country. An interesting observation is that it 

appears that Cluster 4 only appears when it is adjacent to a Cluster 2 county. There are no 

Cluster 4 counties spatially that appear next to a Cluster 3 county without the presence of a 

Cluster 2 county. A possible explanation for this case is that natural disasters do not know 

arbitrary county boundaries, but that the differences in population and GDP between these 
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counties is quite different, causing the difference in classification between Cluster 2 and Cluster 

4 counties. Cluster 4 is similar to Cluster 3 in a natural disaster context, but lacks people. Lastly, 

the logistic regression yielded only one significant odds ratio out of the demographic variables 

explored in this research, median household income. To further support this explanation, with 

one standard deviation increase in income, counties were only 0.014 as likely of being classified 

in Cluster 4 as the reference, Cluster 1.  

 

Section 6: Conclusion 

This research is illustrative of redistribution within the federal disaster aid system. The 

specific parameters with which this topic was looked, donor-donee ratio and burden, provided a 

unique perspective to the existing literature. The mapping of the average donor-donee showed 

spatial patterns of redistribution and areas where further research could be done to extract 

causality into what really makes a county a donor or donee. The burden map is a unique look 

into the disaster space because it combines two metrics that are used as a proxy of coping 

capacity. When combined and clustered, this study opened the conversation into the relationship 

between beneficiaries of federal funding and the inherent coping capacity of those counties. It 

was found that largely most of the counties within the United States fall under the most moderate 

cluster, Cluster 1. This cluster while receiving a moderate level of redistribution, also had a 

relatively moderate coping capacity. This would suggest that at a high-level overview within the 

last decade, the federal system is working as intended.  

Although, this study highlighted an important nuance within the disaster space. Firstly, 

the timescale heavily influences the perspective of the analysis. If this analysis were conducted 

across multiple decades, the results would most likely look different. The inclusion of certain 
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years and major hazards and the exclusion of others inherently change the analysis that is 

conducted. While a decade of analysis may seem like a limitation, it is not farfetched that in the 

policy context, policymakers are making decisions based that off of how well methods have 

worked in the recent past. It is acknowledged that hazards work at extremely different time 

scales, some of which far surpass the decade of analysis, but this research was conducted to give 

a snapshot into the recent past and how disasters have been handled. Secondly, this research 

provides a good example of how working with return periods of different types of hazards must 

be handled with care. The donor-donee ratio was essentially only capturing funding from 

disasters that impacted counties within the last decade, while the Burden metric was factoring in 

the effect of high loss, long return period hazards. This research takes an interesting perspective 

by examining a FEMA metric, EAL, alongside FEMA funding allocated to counties. While there 

are limitations in this comparison, it should be noted that policy decisions are made based off 

recent years and not many decades as some disasters’ return periods tend to be. Thus this 

research adds a unique angle for viewing this issue. 

This research suggests that the redistribution of federal disaster aid is working as 

intended with most counties in the country. However, the findings of Cluster 3, indicate that 

further research could be done to understand how the federal aid system could benefit counties 

that are impacted by extremely costly events that occur less frequently. Many metropolitan areas 

were characterized as Cluster 3, as such, it is even more important with the progression of 

climate change that the aid system is reach those with compromised coping capacities. This will 

encourage resilience in those communities and in theory lessen further disaster losses. Efforts in 

the current legislation is seen through the passing of the Justice40 Initiative by the Biden-Harris 

administration in 2021. Seen to encompass environmental justice, this plan includes investing 
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40% of the overall benefits of federal investments into disadvantaged communities (House, 

2021). In addition to Executive branch policies,  FEMA has come out with Executive Order 

13985 (Advancing Racial Equity and Support for Underserved Communities Through the 

Federal Government), the agency has increased its focus on underserved communities and access 

to federal resources (House, n.d.). To keep assisting these efforts, further research must be 

conducted to understand how federal aid is benefiting those it is targeted at, and how the system 

could be improved. Significant conclusions from this research found that there are spatial 

patterns of both the Burden and donor-donee ratios across the country. These findings are 

relevant to the ongoing body of disaster finance literature and provides an additional perspective 

to existing resilience metrics.  
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