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ABSTRACT 

 The Federal Emergency Management Agency provides Flood Mitigation Assistance (FMA) 

grants to state and local governments to reduce flood-related damages and loss of life. Existing 

research supports claims of the effectiveness of these projects, but there is little research on 

the impact of mitigation efforts on the long-term economic resilience of affected areas. Using 

county unemployment rates as a proxy for the economic health of a county, I examine the 

relationship between FMA grants and the change in county unemployment rates after a flood. I 

find no correlation between mitigation projects and the unemployment rate in the year 

immediately after a flood, but I do find a negative correlation between the number of projects 

approved and the unemployment rate five years after a flood. 

 

  



iv 
 

This thesis is dedicated to my wife Shirley and to my Mom and Dad for their support during this 

long process and the many weekends spent researching, analyzing data, writing and revising. I 

would also like to thank Dr. Adam Thomas and Dr. Jeffrey Mayer for their assistance and 

guidance during the writing of this paper.  

 

 

  



v 
 

TABLE OF CONTENTS 
 

Introduction ..……………………………………………………………………………………………………………………….. 1 

Background ….………………………………………………………………………………………………………………………. 4 

Literature Review …………………………………………………………………………………………………………………. 5 

Conceptual Framework and Hypothesis ..……………………………………………………………………………… 11 

Data and Methods ……………………………………………………………………………………………………………….. 14 

Descriptive Statistics ……………………………………………………………………………………………………………. 18 

Regression Results ………………………………………………………………………………………………………………. 24 

Discussion ….………………………………………………………………………………………………………………………..    34 

Appendix: Frequency Distribution of Project Types …………………………………………………………….. 37 

References ..………………………………………………………………………………………………………………………… 39 



1 
 

INTRODUCTION 

 Flooding is America’s costliest natural disaster, causing on average $7.9 billion in 

damages and 82 fatalities every year, not including hurricane storm surge damage (Hydrological 

Information Center [HIC], 2015). The Federal Emergency Management Agency (FEMA) defines a 

flood as “a general and temporary condition of partial or complete inundation of two or more 

acres of normally dry land area or of two or more properties” due to “overflow of inland or tidal 

waters; unusual and rapid accumulation or runoff of surface waters from any source; mudflow;” 

or shoreline collapse due to waves or erosion (National Flood Insurance Program [NFIP] 

Glossary, 2016). These conditions frequently result from excess rainfall, often from hurricanes, 

tropical storms, winter storms, nor’easters, spring thaws, or any combination of these; they 

may also occur due to tsunamis, hurricane storm surge, or urban development with poor 

drainage (NFIP Flood Facts, 2015).  

Floods are not localized to any specific region of the country; a US Geological Survey of 

the 32 most significant floods of the 20th century shows that nearly every state has experienced 

a severe flood disaster. The impacted areas include both heavily-populated metropolitan areas 

-- particularly in the Midwest, along the Mississippi River, and on the East Coast -- and sparsely-

populated rural areas (Perry, 2000). One large storm can cause significant damage: heavy rains 

from Tropical Storm Allison in 2001 caused flooding that resulted in 24 fatalities, over $5 billion 

in damages, and over 45,000 lost homes and businesses (National Weather Service [NWS], 

2001). Flood damage is often so severe and widespread that private homeowners’ insurance 

policies do not cover it (Insurance Information Institute, 2015). Instead, most homeowners are 
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insured for flood damage through the National Flood Insurance Program (NFIP), which has paid 

out $40 billion in claims since 19731 (NFIP Fact Sheet, 2011).  

Since floods can result in high insurance losses, FEMA provides Flood Mitigation 

Assistance (FMA) Grants to fund projects that reduce flood damages and prevent loss. These 

grants fund a variety of projects at the state, local, and tribal levels, including: supporting the 

development and implementation of mitigation plans, protecting buildings that have 

experienced two or more flood incidents requiring insurance claims payments greater than 25% 

of the building’s market value or four claims of more than $5,000 each, and implementing 

activities that lower the flood risk of a significant number of the community’s NFIP-insured 

properties (Flood Mitigation Assistance [FMA] Grant Program Fact Sheet, 2015). For example, 

grants may be used to buy out vulnerable properties and convert them to parkland or open 

space (“acquisition” or “buyout”), make buildings watertight (“floodproofing”), bring a 

structure above the expected flood level (“elevation”), restrict floodwaters through drainage or 

levees (“localized flood reduction”), and install safe rooms for groups that cannot immediately 

evacuate (“safe room construction”). Regional projects include modification of infrastructure, 

stabilization of soil, and improvements in stormwater management (Hazard Mitigation 

Assistance [HMA] Guidance, 2015). The goal of all of these projects is to safeguard the people 

and property of the affected communities, and facilitate their recovery after the disaster. 

FEMA’s stated “baseline for recovery” from a disaster consists of eight components. 

One of these components is economic: rebuilding the tax base and restoring jobs and services 

                                                      
1
 To qualify for NFIP insurance, local communities must adopt certain flood mitigation guidelines in order to reduce 

the potential impact of a flood. 
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(FEMA, Lessons in Community Recovery, 2011).2 This analysis seeks to evaluate how effective 

the FMA projects are in supporting this goal. In this study I focus specifically on jobs in order to 

keep the scope of the data analysis manageable. In my analysis, an increase in the 

unemployment rate after a flood despite the presence of mitigation projects would indicate 

that these projects are ineffective in protecting places of employment. A steady or decreased 

unemployment rate after a flood would suggest that the projects are effective in either 

preventing the loss of jobs, or ensuring their quick recovery.  

My study examines the relationship between flood mitigation grants and a county’s 

post-flood economic resilience and recovery, as measured by changes in the county’s 

unemployment rate. I examine recent data (2000-2013) and look specifically at flood mitigation, 

not general mitigation (i.e., mitigation for any hazard, including earthquakes, tornados, 

hurricanes, and floods). I assess the short- and long-term relationship between mitigation 

spending and people returning to work. My key data comes from FEMA’s HMA Flood Mitigation 

Assistance grant records, records of FEMA’s disaster declarations by county, and Bureau of 

Labor Statistics’ labor force data by county and year. Data for control variables come from the 

US Census Bureau, the Bureau of Labor Statistics, and the KIDS COUNT Data Center run by the 

Annie E. Casey Foundation.  

  

                                                      
2
 The complete list of categories is: economic, infrastructure, transportation, government/local leadership, housing, 

health and human services, environmental systems, and mitigation.  
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BACKGROUND 

FEMA’s Flood Mitigation Assistance Grant Program has its origins in the National Flood 

Insurance Act of 1968, which created NFIP. The Act called for Federal assistance for state and 

local projects that sought to limit flood damages through land use restrictions and 

improvements in construction. However, it did not adequately provide for this mitigation 

assistance and the Federal government recognized the need for a formal, streamlined grant 

process. In 1994, Congress passed the National Flood Insurance Reform Act which, among other 

reforms to the NFIP, allowed for the creation of a grants program to assist states and local 

governments in funding flood mitigation activities.3 States, territories, and tribes can apply 

directly for FMA grant funds; local governments and other organizations are sub-applicants and 

must apply through their respective state, territorial, or tribal governments. As part of the grant 

application process, applicants must show that the proposed project reduces potential flood 

losses in a cost-effective way. 

The application process is nearly identical for all mitigation grants. Applicants and 

subapplicants must assess their current mitigation plans, identify a gap or weakness in their 

current strategy, and develop a proposed solution. FEMA provides extensive details on 

activities and expenses that are eligible and ineligible for grant funds (HMA Guidance, 2015). 

Grant evaluation involves a number of factors that impact whether a proposal is approved and 

the amount of grant funding provided. FEMA provides a Benefic-Cost Analysis tool to assist 

applicants and subapplicants with assessing their plans and refining their proposals (Benefit-

Cost Analysis, 2015). Once a potential solution is identified, the applicants and subapplicants 

                                                      
3
 All factual assertions are taken from 42 U.S.C. 4001; FMA Grant Program Fact Sheet, 2015; and Riegle Act, 1994. 



5 
 

must evaluate and compare that solution to alternatives, taking into consideration factors such 

as technical feasibility, cost, community support, and environmental concerns. All these steps 

must be documented and included in the grant proposal submission to FEMA, which then 

reviews the proposal and conducts its own evaluation. Should the grant be awarded, the 

recipient and sub-recipient must monitor the project’s progress and regularly report on its 

status. FEMA stipulates rules that must be followed and there may also be state or Federal 

guidelines that are applicable. Upon project completion, the recipient and sub-recipient provide 

a final report that describes how well the project met FEMA’s requirements, and provide 

accounting details on the project (HMA Guidance, 2015).  

LITERATURE REVIEW 

General Flood Mitigation Effectiveness 

In 2009, the Congressional Research Service (CRS) published a report on FEMA’s Pre-

Disaster Mitigation (PDM) Program, which includes the Flood Mitigation Assistance Grant 

Program. The report notes that disaster mitigation spending, and especially flood mitigation 

spending, is correlated with lower insurance losses after a natural disaster. The estimated 

averted losses associated with mitigation projects are greater than the costs of the projects. 

(McCarthy & Keegan, 2009).  

Two additional studies, one by the Multihazard Mitigation Council (MMC) and another 

by the Congressional Budget Office (CBO), also assessed the extent that funded projects 

reduced damages after disasters, including floods. The MMC, part of the National Institute of 

Building Sciences, analyzed the impact of FEMA’s hazard mitigation efforts by examining all 
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projects funded by mitigation grants between 1993 and 2003. The MMC concluded that each 

dollar spent on mitigation is correlated with a four-dollar reduction in damages as well as lower 

loss-of-life. The MMC also found that these grants are correlated with other desirable 

outcomes, including reduced economic damage, faster economic recovery, and lower disaster 

relief expenditures (Multihazard Mitigation Council, 2005).  

The CBO’s report built upon the MMC report’s findings and came to a similar conclusion. 

The authors found that every dollar spent on disaster mitigation projects is correlated with 

three dollars in averted insurance losses; for flood mitigation in particular, the ratio was 

estimated to be about one to five (CBO, 2007). The CBO also compared the findings of the MMC 

study to the projected cost-effectiveness of the individual Pre-Disaster Mitigation project 

proposals as estimated in their grant applications and found that the projections were within 15% 

of the actual (ibid.).  

A fourth study, published in Natural Hazards Review in 2007 and intending to build upon 

the MMC’s report, conducted a cost-benefit analysis of FEMA’s Hazard Mitigation Grants. It 

specifically sought to assess the grants’ effectiveness at providing benefits across seven 

categories: property damage, direct business losses, indirect business losses (“economic ‘ripple’ 

effects”), environmental damage, “non-market damage” (i.e., damage to sites that have historic 

or other non-monetary value), deaths and injuries, and hindered emergency response 

capabilities. The authors examined over 5000 earthquake, flood and wind hazard mitigation 

grants from 1993 to 2003, and found a correlation between all grant types and averted losses, 

including a cost-benefit ratio of one to five for flood mitigation grants (Rose et al., 2007). The 
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CRS, MMC, CBO and Natural Hazard Review studies all suggest that flood mitigation grants are 

cost-effective at reducing damages.  

County Flood Mitigation Effectiveness 

Many studies on the effectiveness of flood mitigation activities focus on the county level. 

They adopt this approach for several reasons: the best data on flooding, whether from 

government organizations (such as the National Weather Service or FEMA) or universities 

(Spatial Hazards Events and Losses Database for the United States (SHELDUS), from the 

University of South Carolina), are at the county level; floods tend to impact large geographic 

areas, making counties a more natural unit of analysis than lower levels of aggregation; and 

counties, as independent administrative units, can implement policies that directly affect the 

potential severity of flood damage (Zahran et al., 2008). These local policies have become the 

focus of flood mitigation efforts, with the Federal government providing funding and guidance 

(Brody et al., 2009).  

Zahran et al. (2008) researched the flood vulnerability of poor communities of color 

while controlling for mitigation and environmental characteristics. The authors examined 

countywide flood events in Texas from 1997 to 2001 and found that socially vulnerable 

populations experience relatively higher numbers of flood casualties. They also found a 

negative correlation between FEMA’s Community Rating System (CRS), which gives 

communities “points” for enacting measures to reduce flood damage and rewards the 

communities by reducing flood insurance premiums (Highfield et al., 2013), and the chance that 

a community will experience flood casualties (Zahran et al., 2008).  
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Mitigation Project Types and Effectiveness 

Other research focuses on different mitigation strategies. For example, Highfield and 

Brody (2013) found evidence of a negative correlation between certain flood mitigation project 

types and flood damage. The authors’ longitudinal study of the CRS collected data on a random 

sample of 450 communities participating in the CRS program. They found that the use of three 

CRS activities -- open-space protection, retrofitting buildings, and small flood control projects -- 

were negatively correlated with flood damage (Highfield et al., 2013). Another analysis by 

Brody and Highfield (2012) used data from 1999-2009 to examine the association between 

open-space protection practices and reduction in insured flood damages among communities 

participating in CRS. The authors found that an increase in the CRS open-space protection rating 

was negatively correlated with yearly insured flood damages.  

Flood mitigation projects can be divided into structural projects and nonstructural 

projects. Structural mitigation projects include construction of levees, revetments, drainage 

systems, and similar projects.4 These projects are usually large and expensive and are 

completed over several years (Brody et al., 2009). Nonstructural mitigation projects focus on 

changing behaviors and development patterns, typically through regulations, land use policies, 

and zoning (ibid.; Highfield et al., 2013). Several studies have attempted to determine which 

structural and nonstructural strategies are implemented most often and whether there is a 

correlation between the implementation of these strategies and the extent of subsequent flood 

damage. For example, a study of flood events in Florida analyzed 383 non-hurricane floods from 

1997 to 2001 and found evidence of a positive correlation between allowing development in 

                                                      
4
 Revetments are physical structures, usually earthen or concrete, built to prevent coastal erosion.  
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local wetlands (restricting wetland development is a nonstructural strategy) and the probability 

of a high-damage flood (>$50,000 in damages) (Brody et al., 2007).  

The same authors also conducted a survey of 173 county planning directors and 

floodplain administrators in Texas and Florida to determine which strategies were most 

common (Brody et al., 2009). They found that expensive structural projects such as levees, 

channels and dams were implemented much less frequently than non-structural strategies such 

as land-use codes, zoning codes and building codes. They also found that Florida counties have 

implemented more diverse and extensive mitigation policies than Texas counties, and that 

Florida has stronger overall ratings for organizational capacity (ibid.). Finally, they noted a need 

for further research on the way in which flood mitigation efforts impact property damage, 

human casualties, and long-term disruption (ibid.).  

Long-Term Effects of Floods and Mitigation 

Much of the existing literature focuses on whether mitigation is correlated with reduced 

damages. However, a few studies have examined the long-term impacts of flooding. For 

example, Deshmukh et al. (2011) conducted surveys and interviews and distributed 

questionnaires in several US cities that were affected by the 2008 Midwest floods. The authors 

gathered information on how those floods affected local critical infrastructure (e.g., gas, 

electricity, water, transportation, sewage) and how the disruption of this infrastructure affected 

residents’ daily lives. They found that nearly everyone surveyed experienced increased travel 

time and that almost half had had trouble purchasing basic items. Disruption to roads and 

electricity were reported as having the biggest impact. Similarly, FEMA’s after action report on 
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Hurricane Sandy found that flooding from the hurricane had had substantial impacts on 

electricity, transportation (especially flooded tunnels), and fuel distribution (FEMA, 2013).  

The Hurricane Sandy Rebuilding Task Force (2013) notes several areas that are critical to 

ensuring recovery: restoring or replacing homes, strengthening future mitigation efforts, and 

reopening businesses and workplaces. Substantial research has been done on the immediate 

economic impacts of flood mitigation and related mitigation strategies. However, nearly all of 

this research has focused on damages, loss of life, or insurance losses, rather than on economic 

resilience. Because the primary goal of most flood mitigation programs is to reduce the 

immediate losses resulting from a flood (Highfield et al., 2013), there has been little research on 

how well these programs help counties to recover from the long-term impacts of flooding. My 

study begins to fill this gap by examining how flood mitigation efforts impact economic 

resilience by measuring the relationship between unemployment rates in flood-affected 

counties and two key county-level metrics of mitigation assistance: the number of approved 

mitigation grants and the amount of spending per grant.  
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CONCEPTUAL FRAMEWORK AND HYPOTHESIS 

Based on previous studies that have found evidence of a negative correlation between 

Federal flood mitigation activities and personal property damage (Highfield et al., 2013; Zahran 

et al., 2008; Brody et al., 2013), I hypothesize that there is a negative correlation between the 

approval of Flood Mitigation Assistance grants and the grantee county’s unemployment rate 

after a flood, with the magnitude of the correlation depending on the number of mitigation 

projects and the level of spending. My analysis also controls for a number of social, 

demographic, and economic factors, as illustrated in Figure 1. 

Figure 1: Factors Influencing Unemployment Rates 

 

The dependent variable of interest is the county’s unemployment rate. As noted earlier, 

FEMA considers returning people to work to be one of its post-disaster priorities. Employment 

is a key part of economic recovery (Hurricane Sandy Rebuilding Task Force, 2013). Thus, 

Unemployment 
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Economic 
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•Median Household Income 

•Housing Density 

•Labor Force Total and as a 
Percentage of Total 
Population 

Mitigation 

•Number of Mitigation 
Projects 

•Amount Spent per Project 

•Impact of Flood 
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•Infant Mortality (Health) 

•Education 
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differences in unemployment rates after a flood in locations with and without approved flood 

mitigation projects, after controlling for other factors, could indicate whether current 

mitigation efforts are achieving this long-term goal. 

The key independent variables of interest are the number of mitigation projects and the 

amount of spending on these mitigation projects. Both structural and non-structural mitigation 

projects have been found to be effective in reducing damages from a flood (Brody et al., 2009), 

and thus a higher incidence of such projects could reasonably be assumed to improve the rate 

of recovery after a flood. In addition, project spending can indicate how extensive the project is, 

with major mitigation projects costing over one million dollars and small-scale mitigation efforts 

costing only a few thousand dollars. Larger projects would presumably have a greater impact 

on flood damages than smaller projects. Since projects have ongoing impacts over their entire 

lifespan, I used cumulative variables for both spending and number of projects. 

My selection of control variables reflects the fact that county unemployment rates are 

subject to a number of different influences. Economic factors at the state and national level can 

obscure or amplify any economic recovery and thus the local unemployment rate (Pereira, 

2013). Research has also found evidence of positive correlations between local median income 

and unemployment (Corliss & Lewis, 2014). In addition, housing density has been found to have 

a positive correlation with flood damage and with the probability of having flood damages in 

excess of $50,000 (Brody et al., 2007), and labor force participation rates have been found to be 

correlated with unemployment rates (Aaronson et al., 2014). 
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Along with economic factors, demographic characteristics have also been found to have 

a correlation with unemployment rates. For example, there are statistically significant 

differences in unemployment rates between blacks and whites, and between whites and 

Hispanics (Freeman, 2012). The share of the local population below the poverty line has also 

been found to be correlated with the unemployment rate (Basu et al., 2004). In addition, 

residents in counties with higher median incomes may be better equipped to find new 

employment in the aftermath of natural disasters.  

Health and education variables are also important. Infant mortality rates have been 

used as proxies for use of neonatal intensive care units in hospitals (Health Care Strategic 

Management, 2002). I assume that this factor also proxies in part for the general level of health 

in a county. And finally, DePrince et al. (2008) have found education attainment to be 

negatively correlated with unemployment rates and positively correlated with labor force 

participation. 
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DATA AND METHODS 

I use panel data for all counties in the United States (including Washington, D.C., but not 

including US territories) from 2000 to 2013.5 Several counties are omitted because their 

borders have changed or because they merged with other counties during this time period.6 

More significantly, the seven Louisiana parishes (counties) most severely impacted by Hurricane 

Katrina are omitted due to lack of data for 2005 and 2006.7 The Bureau of Labor Statistics did 

not record labor force or employment data for these counties due to the severe damage and 

large number of displaced persons after Hurricanes Katrina and Rita. All descriptive statistics 

and regression results are weighted analytically by the average county population.  

The dependent variable, the unemployment rate, is taken from the Bureau of Labor 

Statistics’ Local Area Unemployment Statistics (LAUS) database. LAUS estimates are generated 

using data from the Current Employment Statistics (CES) survey, unemployment insurance data, 

and the Quarterly Census of Employment and Wages data. People who did not work despite 

being able and willing to work and who have made attempts to find employment are 

considered to be unemployed. Estimates of state-level unemployment and labor force 

participation rates are generated using these data. Individuals are included in the denominator 

for my unemployment rate estimates if they are either unemployed or are working as paid 

employees, working for their own business or farm, or working on an unpaid basis in a family 

enterprise.  

                                                      
5
 In total, I have data for 43,778 county-year observations. 

6
 Kalawao County, HI, is omitted due to a lack of consistent labor force and employment data. Counties omitted 

because of border changes during the time period are: Prince of Wales-Outer Ketchikan, AK; Wrangell, AK; 
Petersburg, AK; Skagway-Hoonah-Angoon, AK; Clifton Forge City, VA; Bedford City, VA; and Broomfield, CO.  
7
 The parishes omitted for this reason are Jefferson, St. Charles, St. John the Baptist, St. Bernard, Plaquemines, St. 

Tammany, and Orleans. Aside from the cases noted, no other data are missing. 
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FEMA grant information is taken from the “Hazard Mitigation Assistance Flood Mitigation 

Assistance (FMA)” dataset in the OpenFEMA online data library. The dataset includes closed 

and obligated projects that are funded under the Flood Mitigation Assistance grant program. 

Project funding amounts are adjusted for inflation using the Bureau of Labor Statistics’ 

Consumer Price Index Inflation Calculator, and are in 2013 dollars. For each project, information 

is available on the type of project, location, funding level, and year approved. Project data for 

years 1997 to 1999 are included in the cumulative totals. Data on projects before 1997 are not 

included in FEMA’s dataset.  

For projects that were distributed across multiple counties, I divided the project amount 

equally among those counties. Projects described as “Statewide” are excluded because it is not 

clear how to allocate them; some have an impact across the state while others are localized to 

specific flood-vulnerable areas. Data on declared disasters also come from the OpenFEMA data 

library. Disaster types that are included in this analysis include coastal storms, dam/levee 

breaks, floods, hurricanes, severe storms, and tsunamis. Disasters occurring between 1995 and 

1999 are included in the one, three and five year post-storm measure, as appropriate.  

Data on the median household income and the percent of the population below the 

poverty level come from the US Census Bureau’s Small Area Income and Poverty Estimates. 

These estimates are developed using data from American Community Survey (post-2004-05) 

and Annual Social and Economic Supplement to the Current Population Survey (pre-2004-05).  

Housing density is derived using county land area and housing unit totals. Housing unit 

data for 2009 to 2013 come from the US Census Bureau’s American Factfinder, and for 2000 to 
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2008 from the Census Bureau’s County Housing Unit Estimates.8 Data on county land area come 

from the Census Bureau: the land area recorded in the 2000 Census is used for county-years 

observed between 2000 and 2009, and the land area recorded in the 2010 Census is used for 

county-years observed between 2010 and 2013. A county’s housing density value is calculated 

by dividing the number of housing units for the relevant year by the county’s land area in the 

same year. Although this measure does not account for the density of business establishments 

or consider whether housing development is denser in the parts of the county impacted by 

floods, it should provide a general sense as to how much residential development is present 

within a county and how urban the county is.  

Demographic data and population counts for 2010 to 2013 come from the Census 

Bureau’s American Factfinder, and are derived from the American Community Survey. Data 

from 2000 to 2009 are taken from the US Census Intercensal Estimates of Resident Population. 

These data are disaggregated by age, race and ethnicity. Infant mortality and education 

attainment rates come from the KIDS COUNT Data Center, and both reflect statewide averages 

for the relevant year.  

I estimate the following fixed-effects regression specification: 

Unemployment Rate it = β0 + β1 Grant Spending it + β2 Number of Projects it + β3 Post-Storm it + β4 

(Grant Spending * Post-Storm) it + β5 (Number of Projects * Post-Storm) it + β6 Median Household 

Income it + β7 ln(Housing Density) it + β8 State Unemployment Rate it + β9 Percent of Population in 

Labor Force it + β10 Percent of Population in Poverty it + β11 Infant Mortality Rate it + β12 Percent 

                                                      
8
 The Census Bureau’s methodology accounts for the effects of Hurricanes Katrina and Rita on housing numbers 

through special adjustments to their estimation model. 
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Black it + β13 Percent American Indian/Native Hawaiian it + β14 Percent Asian it + β15 Percent 

Hispanic it + β16 Percent Multiracial or Other Race it + β17 Percent with High School Education it + 

β18 Percent with Associate’s Degree it + β19 Percent with Bachelor’s Degree it + β20 Percent with 

Graduate/Professional Degree it + β21 Labor Force Population it + 𝛼i +𝛾t,+ µit.  

where 𝛾t, represents time fixed effects, 𝛼i  represents county fixed effects, and µit is the error 

term. The variables Grant Spending and Number of Projects are cumulative variables covering 

five year periods in half of the models, and ten year periods in the other half. Post-Storm 

indicates whether a storm occurred in the previous year, previous three years, or previous five 

years, and the interaction terms Grant Spending * Post-Storm Period and Number of Projects * 

Post-Storm Period will capture the reduction of the effect of the storm that is associated with 

mitigation spending.  

The reference groups for race and education are white and no high school diploma. I use 

county fixed effects to control for time-invariant factors such as county political leanings and 

community activism, and time fixed-effects to control for nation-wide trends, such as economic 

phenomena (e.g., recessions), technological progress, and Federal government policies and 

political control. The use of fixed effects in my model helps to reduce the extent of bias in my 

estimates.  
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DESCRIPTIVE STATISTICS 

Table 1 presents descriptive statistics for the dependent, key independent, and control 

variables used in the regression models. Among the 43,778 county-years in my dataset, only 

704 county-year observations have approved flood mitigation projects. The dependent variable, 

county unemployment rate, varies substantially between county-year observations. 

Unemployment rates for most observations are clustered around the mean, although the 

unemployment rate distribution skews to the right. County unemployment rates have a mean 

of 6.5% and vary from close to 1% in several North Dakotan counties in 2013 to 29.1% in 

Imperial County, California, in 2010 and 2011. About 23% of county-years have experienced a 

disaster that could cause flooding and for which FEMA’s assistance was requested. Severe 

storms are the most common disaster (12.9%), followed by hurricanes (7.8%) and flooding 

(1.6%). 

Demographic and Economic Characteristics 

Within my sample, county population size and demographic characteristics vary 

substantially with population size, ranging from 55 (Loving County, Texas in 2004) to nearly 10 

million (Los Angeles, California for all years). Housing density also shows extreme variation, 

with the Yukon-Koyukuk Census Area in Alaska having a housing density of .027 for all years and 

New York, New York having a housing density of more than 35,000 for all years.  



19 
 

Table 1: Descriptive Statistics for Dependent, Key Independent, and Control 

Variables a 
Observations: 43,778     

 
Variables 

 
Mean 

 
Minimum 

 
Maximum 

Standard 
Deviation 

Dependent Variable     
Unemployment Rate 6.48 1.10 29.1 2.60 
     
Key Independent Variables     
Total Number of Projects 8.98 1 48 3.57 
Total Project Spending 
(Excluding counties with no projects) 

$661,427 $220.14 $16,403,749 $1,415,294 

     
Demographic Characteristics     
Total Population 1,078,849 55 9,893,481 1,894,215 
Percent of Population in Poverty 13.63 1.70 62.00 5.40 
Infant Mortality per 1000 Births b 6.56 3.70 14.10 1.29 
 
Race as Fraction of Total Population 

    

White .659 .013 1.000 .218 
Black .121 0 .862 .128 
American Indian / Native Hawaiian .009 0 .951 .033 
Asian .044 0 .457 .056 
Hispanic .150 0 .984 .161 
Multiracial or Other Race .017 0 .241 .014 
 
Education, Percent of Working Age b 

 
 

   

Did Not Graduate High School .132 .05 .21 .039 
High School Diploma / GED .494 .31 .61 .048 
Associate’s Degree .082 .03 .16 .013 
Bachelor’s Degree .188 .10 .25 .026 
Graduate Degree or Higher .104 .05 .34 .026 
     
Economic Characteristics     
Median Household Income $49,381 $15,025 $121,250 $13,401 
Housing Density 886.349 .027 37,198.25 3117.174 
State Unemployment Rate 6.94 2.31 14.12 2.43 
Percent of Population in Labor Force .503 .142 1.438 .047 
Labor Force Total 542,707 38 4,982,268 942,464.5 
     
Declared Disaster Incidence     
Coastal Storm .007 0 1 .083 
Dam / Levee Break .0002 0 1 .0125 
Flood .016 0 1 .124 
Hurricane .078 0 1 .268 
Tsunami .0005 0 1 .022 
Severe Storm(s) .129 0 1 .334 
Experienced Any Disaster .230 0 1 .421 
a: Data are weighted by average total county population using analytic weights. 
b: State-level variables 
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Key Independent Variables: Flood Mitigation Projects 

Tables 2 and 3 provide more detailed estimates of the distributions of my two key 

independent variables among counties that have received at least one approved flood 

mitigation grant. Table 2 shows that over 80% of county-years with mitigation projects have 

only one project. Counties with more than ten projects include Pasco County, Florida (10 in 

2000 and in 2006); Pinellas County, Florida (16 in 2000 and 11 in 2002); and Harrison County, 

Mississippi (10 in 2000). Table 3 shows that there is significant variation in project funding 

levels. Funding levels in over half of the county-years with projects are under $150,000; sixty-

two county-years (8.8% of county-years with projects) have project costs of over $1 million, 

with five having costs over $10 million: Jefferson County, Texas in 2006 ($10.2 million) and 2011 

($13.5 million); Volusia County, Florida in 2012 ($10.8 million); Cass, North Dakota in 2009 

($11.6 million); and Columbia County, Oregon in 2011 ($16.4 million). The mean project cost 

among counties with at least one project is $481,562. For a more detailed breakdown of project 

types, see the Appendix.  
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Table 2: Frequency of Projects for County-Years with Projects 

Number of Projects Frequency Percent 

1 594 84.38 

2 64 9.09 

3 23 3.27 

4 7 0.99 

5 8 1.14 

6 2 0.28 

7 0 0 

8 1 0.14 

9 0 0 

10 3 0.43 

11 1 0.14 

… … … 

16 1 0.14 

Observations: 704 

 

Table 3: Project Spending for County-Years with Projects (2013 Dollars) 

 

Project 
Spending  Frequency 

Percent of 
Projects 

$203 - 
$15,000_ 

162 23.0 

$15,001 - 
$50,000_ 

147 20.9 

$50,001 - 
$150,000_ 

127 18.0 

$150,001 - 
$500,000_ 

151 21.4 

$500,001 - 
$1,000,000_ 

55 7.8 

$1,000,000 - 
$16,500,000_ 

62 8.8 

Observations: 704 
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 Table 4 compares the characteristics of county-years that did and did not receive flood 

mitigation assistance projects. County-years with approved flood mitigation funding have 

significantly lower unemployment rates. Poverty rates are also lower, and median household 

incomes higher, in these counties. There are also significant differences in racial/ethnic 

composition and statewide educational attainment. While counties with projects have much 

higher populations, they also have lower housing densities. Finally, counties with projects are 

significantly more likely to have experienced a hurricane but are less likely to have experienced 

a flood.  
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Table 4: Mean Comparison of County-Years With and Without Projects 

Variable 

 Overall 

Mean 

Mean with 

Project 

Mean 

without 

Project T-Value 

Unemployment Rate 6.48 5.74 6.53 -2.90*** 

     

Total Population 1,078,849 1,908,119 1,022,768 2.03** 

Percent of Population in Poverty 13.63 12.49 13.71 -3.34*** 

Infant Mortality per 1000 Births 6.56 6.54 6.57 -0.28 

     

White .659 .609 .663 -2.47** 

Black .121 .139 .120 2.73*** 

American Indian / Native Hawaiian .009 .005 .009 -8.72*** 

Asian .044 .049 .043 1.06 

Hispanic .150 .183 .147 1.84* 

Multiracial or Other Race .017 .015 .017 -2.56** 

     

Did Not Graduate High School .132 .137 .132 1.34 

High School Diploma / GED .494 .486 .495 -2.23** 

Associate’s Degree .082 .082 .082 0.78 

Bachelor’s Degree .188 .190 .188 2.04** 

Graduate Degree or Higher .104 .104 .104 -0.25 

     

Median Household Income $49,381 $51,574 $49,232 3.33*** 

Housing Density 886.35 625.18 903.92 -3.26*** 

State Unemployment Rate 6.94 6.31 6.98 -2.22** 

Percent of Population in Labor Force .503 .514 .502 4.94*** 

Labor Force Total 542,707 965,429 514,120 2.09** 
     

Coastal Storm .007 .021 .006 1.01 
Dam / Levee Break .0002 0 .0002 -1.00 

Flood .016 .006 .016 -2.24** 

Hurricane .078 .155 .073 2.07** 

Tsunami .0005 .001 .0004 0.52 

Severe Storm(s) .129 .132 .129 0.11 

     
Cumulative Variables     

One-Year Post-Storm Measure .405 .580 .393 4.78*** 
Three-Year Post-Storm Measure  .673 .827 .663 6.27*** 

Five-Year Post-Storm Measure .840 .925 .835 5.09*** 
Observations 43,778 704 43,074 - 

*** p<0.01, ** p<0.05, *p<0.1 
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REGRESSION RESULTS 

 The results of my regressions are reported in Tables 5 through 7. Each table reports the 

results of six models: three using five-year cumulative totals for number of projects and for 

spending (in millions of dollars), and three using ten-year cumulative totals. Each table reports 

results that use different time windows to determine whether a county is in a post-storm 

period. Table 5 considers counties to be in a post-storm period if the disaster occurred in the 

current year or the previous year. Table 6 considers counties to be in a post-storm period if it 

occurred in the past three years, and Table 7 if it occurred in the past five years. All models 

include a full set of control variables. Each model is estimated using different interaction terms: 

the first and fourth models in each table use an interaction term between the post-storm 

dummy and the cumulative spending measure, the second and fifth models use an interaction 

term between the post-storm dummy and the cumulative number of projects, and the third 

and sixth models include both interaction terms. The F-test results of the joint significance of 

the interaction terms and the cumulative variables are included at the bottom of each table.  
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Table 5: Results using 1 year for the Post-Storm Period 
 
VARIABLES Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Key Variables             

Five Year Cumulative Projects 0.00390*** 0.00422*** 0.00418*** 
   

 
(0.00125) (0.00125) (0.00127) 

   Five Year Cumulative Spending 0.0090 0.0056 0.0081 
   

 
(0.0137) (0.0112) (0.0141) 

   Ten Year Cumulative Projects 
   

0.00539*** 0.00563*** 0.00559*** 

    
(0.00123) (0.00124) (0.00126) 

Ten Year Cumulative Spending 
   

0.0077 0.0056 0.0070 

    
(0.0161) (0.0148) (0.0167) 

Post-Storm Period (1-year) -0.0223 -0.0203 -0.0195 -0.0219 -0.0200 -0.0192 

 
(0.0186) (0.0192) (0.0194) (0.0187) (0.0193) (0.0195) 

Post-Storm Period *  
 Five-Year Projects  

-0.00136 -0.00103 
   

 
(0.00116) (0.00127) 

   Post-Storm Period *  
 Five-Year Spending 

-0.0114 
 

-0.0082 
   (0.120) 

 
(0.0140) 

   Post-Storm Period *  
Ten-Year Projects     

-0.000924 -0.000689 

    
(0.000781) (0.000895) 

Post-Storm Period * 
 Ten-Year Spending    

-0.0099 
 

-0.0067 

   
(0.0105) 

 
(0.0126) 

Demographic Characteristics 
      Percent of Population in 

Poverty 0.0257*** 0.0258*** 0.0257*** 0.0258*** 0.0259*** 0.0258*** 

 
(0.00959) (0.00959) (0.00960) (0.00958) (0.00957) (0.00959) 

Infant Mortality 0.0909*** 0.0906*** 0.0908*** 0.0888*** 0.0886*** 0.0887*** 

 
(0.0226) (0.0225) (0.0225) (0.0225) (0.0224) (0.0225) 

Race 
      Black -0.326 -0.315 -0.320 -0.814 -0.790 -0.798 

 
(2.095) (2.096) (2.095) (2.140) (2.139) (2.139) 

American Indian &  
Native Hawaiian 

-11.21** -11.21** -11.20** -11.27** -11.25** -11.25** 

(4.459) (4.462) (4.463) (4.466) (4.468) (4.469) 

Asian -11.63*** -11.62*** -11.62*** -11.28*** -11.30*** -11.29*** 

 
(3.409) (3.406) (3.410) (3.406) (3.401) (3.407) 

Hispanic 8.620*** 8.599*** 8.611*** 8.132*** 8.112*** 8.125*** 

 
(1.762) (1.762) (1.764) (1.775) (1.771) (1.775) 

Multiracial or Other Race -8.621** -8.600** -8.592** -8.495** -8.459** -8.457** 

 
(3.657) (3.660) (3.660) (3.647) (3.650) (3.650) 

Education 
      High School Diploma / GED -4.579*** -4.558*** -4.571*** -4.671*** -4.658*** -4.666*** 

 
(1.110) (1.112) (1.111) (1.114) (1.115) (1.115) 

Associate’s Degree -2.922 -2.926 -2.920 -3.200* -3.212* -3.198* 

 
(1.919) (1.920) (1.921) (1.916) (1.913) (1.915) 

Bachelor's Degree 1.142 1.161 1.135 1.033 1.079 1.048 

 
(1.915) (1.915) (1.916) (1.903) (1.902) (1.903) 

Graduate Degree or Higher 0.892 0.928 0.908 1.005 1.040 1.018 

 
(2.045) (2.044) (2.044) (2.033) (2.030) (2.031) 

       

       

       



26 
 

 
VARIABLES Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Economic Characteristics 
      Median Household Income 

 (in thousands) 
-0.0294*** -0.0294*** -0.0294*** -0.0298*** -0.0298*** -0.0298*** 

(0.00608) (0.00607) (0.00608) (0.00606) (0.00606) (0.00606) 
Housing Density 
 (natural log) 

0.568* 0.564* 0.566* 0.589* 0.584* 0.586* 

(0.325) (0.325) (0.325) (0.330) (0.329) (0.329) 

State Unemployment Rate 0.9577*** 0.9575*** 0.9576*** 0.9561*** 0.9561*** 0.9561*** 

 
(0.0113) (0.0113) (0.0113) (0.01126) (0.0113) (0.0113) 

Labor Force Population 0.536 0.548 0.537 0.466 0.480 0.468 

 (in millions) (0.923) (0.916) (0.922) (0.942) (0.932) (0.941) 
Percent of Population 
 in Labor Force 

-7.375*** -7.376*** -7.380*** -7.455*** -7.446*** -7.453*** 

(1.022) (1.024) (1.022) (1.025) (1.026) (1.024) 

       Constant 2.447 2.449 2.455 2.633* 2.632* 2.636* 

 
(1.571) (1.569) (1.570) (1.567) (1.565) (1.566) 

       Observations 43,778 43,778 43,778 43,778 43,778 43,778 

R-squared 0.926 0.926 0.926 0.926 0.926 0.926 

Number of Groups 3,127 3,127 3,127 3,127 3,127 3,127 

F-statistics and P-values of joint hypotheses 
     Five Year Project Number and  

 Post-Storm * Five Year Project  
8.35*** 6.34** 

   

 
(0.004) (0.0119) 

   Five Year Spending and Post- 
 Storm * Five Year Spending 

0.7 
 

0.37 
   (0.4016) 

 
0.5406 

   Ten Year Project Number and  
 Post-Storm * Ten Year Project     

18.64*** 13.77*** 

    
(<0.0001) (0.0002) 

Ten Year Spending and Post- 
 Storm * Ten Year Spending    

0.47 
 

0.23 

   
(0.4935) 

 
(0.6290) 

Robust standard errors in parentheses           

*** p<0.01, ** p<0.05, *p<0.1 
       

 Table 5 presents the regression results for five and ten year cumulative variables using a 

one-year measure for the post-storm dummy. Both of the cumulative variables for number of 

projects are highly significant in all six models, and have a small positive correlation with the 

unemployment rate. The post-storm dummy variable is insignificant in all six models, suggesting 

that it may take longer than a year for a storm to have measurable impacts on unemployment 

rates. None of the cumulative variables for spending are significant. In these six models, all of 

the interaction terms and the post-storm period variables are insignificant. These results thus 

suggest that there is no correlation in the near term between the amount spent on flood 
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mitigation projects and post-storm unemployment rate resilience. Both the cumulative number 

of projects and number of projects multiplied by the indicator for the post-storm dummy are 

jointly significant, with the interaction term having a negative correlation with unemployment 

rate. These results may indicate that having multiple flood mitigation projects, such as multiple 

plans or activities, has a greater effect on preserving jobs after a flood than having a low 

number of very expensive projects. The magnitude of the effect is low; that is, the impact on 

the overall unemployment rate is not very large. However, given the number of factors that can 

have a much larger impact on the unemployment rate, this isn’t unexpected. 
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Table 6: Results using 3 years for the Post-Storm Period 

 
VARIABLES Model 7 Model 8 Model 9 Model 10 Model 11 Model 12 

Key Variables             

Five Year Cumulative Projects 0.00395*** 0.00510*** 0.00503*** 
   

 
(0.00126) (0.00125) (0.00129) 

   Five Year Cumulative Spending 0.0150 0.0064 0.0118 
   

 
(0.0256) (0.0112) (0.0268) 

   Ten Year Cumulative Projects 
   

0.00543*** 0.00654*** 0.00652*** 

    
(0.00124) (0.00160) (0.00164) 

Ten Year Cumulative Spending 
   

0.0099 0.0062 0.0070 

    
(0.0210) (0.0146) (0.0225) 

Post-Storm Period (3-year) 0.00123 0.00571 0.00648 -0.000495 0.00666 0.00683 

 
(0.0228) (0.0235) (0.0236) (0.0225) (0.0235) (0.0236) 

Post-Storm Period *  
 Five-Year Projects  

-0.00201 -0.00184 
   

 
(0.00153) (0.00159) 

   Post-Storm Period *  
 Five-Year Spending 

-0.0117 
 

-0.0068 
   (0.0217) 

 
(0.0239) 

   Post-Storm Period *  
Ten-Year Projects     

-0.00174* -0.00169 

    
(0.00102) (0.00108) 

Post-Storm Period * 
 Ten-Year Spending    

-0.0068 
 

-0.0015 

   
(0.0130) 

 
(0.0154) 

Demographic Characteristics 
      Percent of Population in 

Poverty 0.0253*** 0.0253*** 0.0253*** 0.0255*** 0.0254*** 0.0254*** 

 
(0.00976) (0.00978) (0.00978) (0.00974) (0.00976) (0.00977) 

Infant Mortality 0.0896*** 0.0899*** 0.0900*** 0.0875*** 0.0877*** 0.0877*** 

 
(0.0224) (0.0224) (0.0224) (0.0223) (0.0223) (0.0223) 

Race 
      Black -0.276 -0.288 -0.288 -0.774 -0.776 -0.777 

 
(2.095) (2.100) (2.100) (2.140) (2.144) (2.145) 

American Indian &  
Native Hawaiian 

-11.13** -11.13** -11.13** -11.20** -11.18** -11.19** 

(4.470) (4.477) (4.475) (4.477) (4.482) (4.483) 

Asian -11.75*** -11.72*** -11.71*** -11.41*** -11.36*** -11.35*** 

 
(3.395) (3.392) (3.395) (3.390) (3.389) (3.391) 

Hispanic 8.528*** 8.516*** 8.515*** 8.040*** 8.025*** 8.027*** 

 
(1.751) (1.753) (1.752) (1.766) (1.764) (1.766) 

Multiracial or Other Race -8.484** -8.442** -8.453** -8.375** -8.300** -8.306** 

 
(3.672) (3.674) (3.674) (3.660) (3.664) (3.665) 

Education 
      High School Diploma / GED -4.436*** -4.453*** -4.452*** -4.543*** -4.554*** -4.554*** 

 
(1.102) (1.104) (1.104) (1.106) (1.108) (1.108) 

Associate’s Degree -2.888 -2.870 -2.875 -3.179* -3.170* -3.170* 

 
(1.915) (1.919) (1.920) (1.910) (1.912) (1.912) 

Bachelor's Degree 1.063 0.991 0.980 0.953 0.907 0.902 

 
(1.935) (1.941) (1.941) (1.924) (1.926) (1.925) 

Graduate Degree or Higher 1.095 1.154 1.153 1.201 1.244 1.242 

 
(2.017) (2.008) (2.008) (2.005) (2.000) (2.000) 
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VARIABLES Model 7 Model 8 Model 9 Model 10 Model 11 Model 12 

Economic Characteristics       
Median Household Income 
 (in thousands) 

-0.0297*** -0.0297*** -0.0297*** -0.0300*** -0.0302*** -0.0302*** 

(0.00606) (0.00605) (0.00605) (0.00604) (0.00603) (0.00604) 
Housing Density 
 (natural log) 

0.581* 0.580* 0.581* 0.601* 0.602* 0.602* 

(0.323) (0.323) (0.323) (0.327) (0.327) (0.328) 

State Unemployment Rate 0.9585*** 0.9586*** 0.9587*** 0.9569*** 0.9573*** 0.9573*** 

 
(0.0113) (0.0113) (0.0113) (0.0112) (0.0112) (0.0112) 

Labor Force Population 0.564 0.568 0.562 0.491 0.490 0.487 

 (in millions) (0.918) (0.909) (0.915) (0.939) (0.927) (0.936) 
Percent of Population 
 in Labor Force 

-7.388*** -7.396*** -7.398*** -7.465*** -7.463*** -7.464*** 

(1.022) (1.022) (1.021) (1.025) (1.025) (1.025) 

       Constant 2.313 2.331 2.332 2.513 2.516 2.516 

 
(1.548) (1.546) (1.546) (1.546) (1.544) (1.544) 

       Observations 43,778 43,778 43,778 43,778 43,778 43,778 

R-squared 0.925 0.925 0.925 0.926 0.926 0.926 

Number of Groups 3,127 3,127 3,127 3,127 3,127 3,127 

F-statistics and P-values of joint hypotheses 
     Five Year Project Number and  

 Post-Storm * Five Year Project  
9.17*** 7.81*** 

   

 
(0.0025) (0.0052) 

   Five Year Spending and Post- 
 Storm * Five Year Spending 

0.33 
 

0.14 
   (0.5661) 

 
(0.7099) 

   Ten Year Project Number and 
 Post-Storm*Ten Year Project     

12.03*** 10.64*** 

    
(0.0005) (0.0011) 

Ten Year Spending and Post- 
 Storm * Ten Year Spending    

0.25 
 

0.05 

   
(0.6166) 

 
0.8190 

Robust standard errors in parentheses           
*** p<0.01, ** p<0.05,* p<0.1 

       

Table 6 shows results for models using a three-year post-storm period measure. The 

post-storm dummy variable is still insignificant; however, the sign is positive, which is expected. 

The interaction terms are again all insignificant, except in Model 11, where the interaction term 

between post-storm period and ten-year cumulative projects is significant at the 10% level, 

shows the expected sign, and is also jointly significant with the cumulative variable. This model 

is close to what I hypothesized should happen: the post-storm period variable shows small 

increase in the unemployment rate of 0.00665 percentage points, which is reduced by the 

interaction term using number of projects (-0.00174 multiplied by the number of projects); 
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about four projects would completely offset the impact of the storm on unemployment. This 

provides some suggestive evidence that flood mitigation projects may play a role in limiting 

increases in unemployment after a flood.  

Table 7: Results using 5 years for the Post-Storm Period 
VARIABLES Model 13 Model 14 Model 15 Model 16 Model 17 Model 18 

Key Variables             

Five Year Cumulative Projects 0.00389*** 0.00801*** 0.00945*** 
   

 
(0.00131) (0.00298) (0.00318) 

   Five Year Cumulative Spending -0.0522 0.0059 -0.0731** 
   

 
(0.0417) (0.0112) (0.0331) 

   Ten Year Cumulative Projects 
   

0.00544*** 0.00813*** 0.00902*** 

    
(0.00124) (0.00249) (0.00255) 

Ten Year Cumulative Spending 
   

-0.0245 0.0065 -0.0494 

    
(0.0441) (0.0147) (0.0342) 

Post-Storm Period (5-year) 0.0743* 0.0907** 0.0852** 0.0785** 0.0954** 0.0913** 

 
(0.0384) (0.0389) (0.0392) (0.0380) (0.0388) (0.0392) 

Post-Storm Period *  
 Five-Year Projects  

-0.00454 -0.00611* 
   

 
(0.00338) (0.00362) 

   Post-Storm Period *  
 Five-Year Spending 

0.0610 
 

0.0831** 
   (0.0418) 

 
(0.0392) 

   Post-Storm Period *  
Ten-Year Projects     

-0.00326 -0.00434** 

    
(0.00216) (0.00221) 

Post-Storm Period * 
 Ten-Year Spending    

0.0318 
 

0.0588* 

   
(0.0446) 

 
(0.0342) 

Demographic Characteristics 
      Percent of Population in 

Poverty 0.0252*** 0.0250** 0.0251*** 0.0253*** 0.0250** 0.0251*** 

 
(0.00970) (0.00973) (0.00972) (0.00969) (0.00972) (0.00971) 

Infant Mortality 0.0828*** 0.0835*** 0.0832*** 0.0806*** 0.0809*** 0.0806*** 

 
(0.0225) (0.0225) (0.0225) (0.0225) (0.0224) (0.0224) 

Race 
      Black -0.221 -0.269 -0.284 -0.721 -0.756 -0.773 

 
(2.111) (2.124) (2.122) (2.157) (2.165) (2.163) 

American Indian &  
Native Hawaiian 

-10.91** -10.83** -10.82** -10.94** -10.85** -10.81** 

(4.489) (4.470) (4.499) (4.485) (4.476) (4.497) 

Asian -11.57*** -11.48*** -11.48*** -11.21*** -11.08*** -11.07*** 

 
(3.409) (3.419) (3.415) (3.404) (3.416) (3.414) 

Hispanic 8.539*** 8.478*** 8.496*** 8.028*** 7.982*** 7.996*** 

 
(1.727) (1.723) (1.724) (1.740) (1.735) (1.736) 

Multiracial or Other Race -7.698** -7.682** -7.521** -7.588** -7.463** -7.308** 

 
(3.703) (3.698) (3.699) (3.688) (3.687) (3.687) 
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VARIABLES Model 13 Model 14 Model 15 Model 16 Model 17 Model 18 

Education 
      High School Diploma / GED -4.189*** -4.153*** -4.163*** -4.281*** -4.253*** -4.267*** 

 
(1.148) (1.155) (1.152) (1.154) (1.160) (1.158) 

Associate’s Degree -2.913 -2.961 -3.012 -3.208* -3.239* -3.279* 

 
(1.891) (1.889) (1.889) (1.886) (1.882) (1.883) 

Bachelor's Degree 1.162 1.113 1.078 1.051 1.035 1.001 

 
(1.926) (1.925) (1.922) (1.915) (1.913) (1.911) 

Graduate Degree or Higher 1.063 1.269 1.219 1.209 1.404 1.374 

 
(2.044) (2.047) (2.046) (2.029) (2.031) (2.030) 

Economic Characteristics 
      Median Household Income 

 (in thousands) 
-0.0310*** -0.0312*** -0.0312*** -0.0315*** -0.0317*** -0.0318*** 

(0.00609) (0.00609) (0.00610) (0.00608) (0.00609) (0.00609) 
Housing Density 
 (natural log) 

0.638** 0.628* 0.642** 0.659** 0.645** 0.661** 

(0.319) (0.320) (0.321) (0.323) (0.324) (0.325) 

State Unemployment Rate 0.9580*** 0.9582*** 0.9584*** 0.9564*** 0.9565*** 0.9568*** 

 
(0.0114) (0.0114) (0.0114) (0.0114) (0.0113) (0.0113) 

Labor Force Population 0.594 0.609 0.584 0.530 0.543 0.519 

 (in millions) (0.880) (0.876) (0.878) (0.896) (0.891) (0.894) 
Percent of Population 
 in Labor Force 

-7.410*** -7.484*** -7.449*** -7.499*** -7.567*** -7.533*** 

(0.996) (0.991) (0.993) (0.999) (0.994) (0.997) 

       Constant 1.894 1.951 1.895 2.086 2.156 2.092 

 
(1.533) (1.534) (1.535) (1.526) (1.530) (1.531) 

       Observations 43,778 43,778 43,778 43,778 43,778 43,778 

R-squared 0.926 0.926 0.926 0.926 0.926 0.926 

Number of Groups 3,127 3,127 3,127 3,127 3,127 3,127 

F-statistics and P-values of joint hypotheses 
     Five Year Project Number and  

 Post-Storm * Five Year Project  
4.05** 5.43** 

   

 
(0.0443) (0.0198) 

   Five Year Spending and Post- 
 Storm * Five Year Spending 

1.87 
 

5.73** 
   (0.1712) 

 
(0.0167) 

   Ten Year Project Number and  
 Post-Storm * Ten Year Project     

6.39** 8.37*** 

    
(0.0115) (0.0038) 

Ten Year Spending and Post- 
 Storm * Ten Year Spending    

0.42 
 

2.61 

   
(0.5195) 

 
(0.1061) 

Robust standard errors in parentheses           

*** p<0.01, ** p<0.05,* p<0.1 
       

 Table 7 shows the results for models that use a five year post-storm period measure. For 

all of these models, the post-storm period variable is significant at the 5% or 10% level, and 

shows a positive sign. This means that over a five year time period, disasters are significantly 
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correlated with an increased unemployment rate of about 0.07 to 0.09 percentage points, 

indicating that floods have the expected impact, but only over the longer time period.  

In Models 15 and 18, both of the interaction terms are significant at the 10% level. 

Similar to Model 11, the interaction term with projects and the post-storm period diminishes 

the increase in the unemployment rate correlated with the post-storm period variable. In 

Model 15, the post-storm period is correlated with an increase in the unemployment rate of 

0.085 percentage points, holding other factors constant, while each additional project is 

correlated with a 0.006 reduction in the unemployment rate of a storm-affected county, again 

holding other factors constant. Model 18 shows similar results: the post-storm period is 

correlated with a 0.091 percentage point increase in the unemployment rate and each 

additional project in the storm-affected county is correlated with a 0.004 reduction in the 

unemployment rate.  

 In those two models, unlike all other models, the interaction term with project spending 

is also significant. However, the sign is not what was expected: each additional million dollars 

spent on flood mitigation projects in a storm-affected county is correlated with a .058 

percentage point increase in the unemployment rate. Very few county-years have over one 

million dollars in cumulative spending (0.9% of observations), but the result is still surprising. 

This could be due to omitted variable bias: this model does not account for how vulnerable a 

county is to a flood, which would likely be positively correlated with high project spending and 

with a high unemployment rate increase after a major flood, creating a strong positive bias on 

the interaction term. 
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The results of these regressions suggest that there may be effects from flood mitigation 

assistance projects in reducing unemployment in the years after a flood, but no effects from the 

amount spent. The unusual result for the spending and post-storm period interaction term in 

the five-year models is worth examining closely in follow-up studies. Other regressions were 

run that are not reported here: these used total cumulative values for all years, and total 

cumulative values that lagged two and three years after the approval date. The results from 

these models were not very different from the 10 year models. The finding that the impact of a 

storm is insignificant in the one-year period, insignificant but correctly signed in the three-year 

period, and significant and correctly signed in the five-year period is interesting. This suggests 

that it takes time for the impact of a storm to become apparent. Future research should seek to 

more closely examine short- and long-term impacts of flooding.  
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DISCUSSION 

 Previous research has demonstrated that FEMA’s Flood Mitigation Assistance spending 

levels are correlated with lower insurance losses after floods (McCarthy & Keegan, 2009; MMC, 

2005; CBO, 2007). This study extends the existing research on the topic by examining the 

correlation between mitigation spending and county unemployment rates one, three, and five 

years after a Federally declared disaster. It also contributes to the literature by using data on all 

counties in the US, rather than focusing on specific states or regions (Zahran et al., 2008; 

Highfield & Brody, 2013; Highfield et al., 2013; Brody & Highfield, 2012). Using county-level 

fixed effects models, I find that, in the short term, both the number of projects and amount of 

spending on projects have no correlation with the unemployment rate after a storm; however, 

over the long term, the number of projects correlates with a lower unemployment rate after a 

storm.  

In particular, my five-year models show that the number of mitigation projects is 

correlated with a lower unemployment rate (i.e., negatively correlated with the unemployment 

rate) five years after a disaster. However, this finding holds true only for the number of projects 

approved, not for project spending. In contrast with the number of projects approved, project 

spending is positively and significantly correlated with the unemployment rate five years after a 

disaster. It is possible that this unexpected result is due to omitted variable bias; my study did 

not include any measure of the severity of a flood. Assuming a positive correlation between 

flood severity and the unemployment rate and a positive correlation between flood severity 

and project spending, one would expect that failure to account for flood severity in my model 
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biases the estimated effect of project spending on unemployment upward.9 Regardless, other 

studies have found that increased mitigation spending is correlated with reduced damages after 

floods (Rose et al., 2007; McCarthy & Keegan, 2009; MMC, 2005; CBO, 2007), so my finding of a 

positive relationship is unexpected and should be examined in future studies. 

Future studies might seek to examine the long-range impact of flood mitigation projects 

on employment by examining unemployment rates among subgroups in order to determine 

whether the correlation between projects and unemployment rates is the same for different 

demographic or socioeconomic groups. Along these lines, Zissimopoulos and Karoly (2010) 

examined employment and labor force participation among non-evacuees in non-Katrina and 

Katrina states, returnee evacuees, and non-returnee evacuees. They found that non-returnees 

were more likely to be black and were less likely to have a college degree or higher. These 

groups also had much higher predicted unemployment rates and lower labor force participation 

rates than non-evacuees and returnees. This suggests that these groups were more likely to 

evacuate and not return after the flooding from Katrina, and were disproportionately likely to 

be unemployed. Further examination of the correlation between mitigation projects and 

subgroup unemployment rates could identify groups or areas where there are gaps in the 

protection these projects provide.  

This study finds that Flood Mitigation Assistance grants are effective not just in their 

primary goal of reducing insured losses, but also in assisting FEMA’s disaster relief efforts by 

preserving jobs. However, my findings also suggest that these grants might not have an impact 

                                                      
9
 Flood severity could be accounted for by using data on insured flood losses, such as from the SHELDUS database. 

These data were not available for use in this study. 
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in the short term. This is an area for future research, but it also poses an important question for 

FMA grant policy: if we are not seeing an effect one year after a storm when we would expect 

to see one, does this indicate that are people leaving the area or dropping out of the labor force, 

perhaps temporarily? Future studies could help FEMA to refine its programs in order to protect 

not just people and property, but also people’s livelihoods.  

 

  



37 
 

APPENDIX: FREQUENCY DISTRIBUTION OF PROJECT TYPES 
 

Type of Project Count 

Feasibility, Engineering and Design Studies 11 

Acquisition, Relocation, Elevation and 

Floodproofing 

485 

Utility Protection, Stormwater Management, and 

Flood Control Systems 

157 

Management Costs 72 

Miscellaneous 20 

FMA, CRS, Repetitive Loss Plan, or Other Plan 463 

Missing Project Type 116 
Observations: 704 

Note: Many observations have multiple project types included in their grants. For example, a county’s 
Flood Mitigation Assistance grant could include a feasibility study, a relocation project, and a flood 
control system all within the same grant.  
 

 Feasibility, Engineering and Design Studies are non-construction projects.10 These 

include studies to evaluate how to implement the project and whether it is feasible or cost-

effective to implement it. Acquisition projects purchase vulnerable public or private properties 

and convert them to open space. Relocation projects physically move structures away from 

flood-prone areas. Elevation projects involve physically raising or retrofitting structures above 

the level indicated in FEMA or local ordinance guidelines. Floodproofing projects seal structures 

to prevent floodwaters from leaking in. Utility protection projects harden utility systems against 

flood damage. Stormwater management and flood control system projects involve the 

construction or modification of water control infrastructures such as culverts, basins, and 

floodwalls, with the goal of controlling the flow of floodwaters and channeling them away from 

vulnerable structures and areas. “Management Costs” are indirect and administrative costs 

associated with the implementation of the grant; these could include equipment costs or staff 

                                                      
10

 All explanations in this paragraph are from the “Hazard Mitigation Assistance Guidance.” 
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costs for activities such as technical assistance. Miscellaneous projects are activities designed to 

address climate change adaptation and resiliency or projects that adopt ecosystem-based 

approaches to mitigation. FMA, Community Rating System (CRS), Repetitive Loss Plans, and 

Other Plans are projects focused on developing and adopting mitigation plans for the relevant 

program (Hazard Mitigation Assistance Guidance, 2015).   
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