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ABSTRACT 
 
 California suffers from the highest number of wildfires in the United States and has overrun 

its wildfire-fighting budget every year for the past decade (Hubbard).  To make matters worse, 

climate change impacts are lengthening the wildfire season and generating more severe wildfires, 

further stressing existing response capacity (Westerling et al. 940).  The state has augmented its 

own response capacity with federal assistance through national disaster declarations (NDDs).  

While these declarations are intended to help states in need, recent studies suggest that the 

process has become highly politicized, and factors such as partisanship, reelection, and the 

state’s electoral competitiveness have a disproportionate influence on presidential NDD 

decisions (Gasper and Reeves 1; Kriner and Reeves 1; Reeves 1142).  Using California county-

level data between 1992 and 2012, this thesis assesses the influence of gubernatorial and 

presidential partisanship, electoral cycles, and county-level electoral competitiveness on the 

likelihood that wildfires are declared national disasters.  This study finds that political and 

electoral variables do influence presidential NDD decisions.  However, the factors that influence 

presidential behavior and the governor’s chances of receiving NDDs at the county level 

contradict the findings in the wider literature at the national level.  Regardless, these results 

highlight a need for greater oversight and transparency in the allocation of federal resources 

under the NDD program.  Without these checks, state policymakers might leverage political 

incentives to manipulate the NDD decision-making process, potentially depleting finite resources 

that may become further taxed by climate change.  
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1 Introduction 

Wildfires tearing through California and the northwest states are posing greater safety risks 

than ever before.  Climate change related factors such as precipitation variability, reduced snow 

pack melt, and insect migration are expected to worsen wildfire conditions.  In instances when 

wildfires are so severe that the state has depleted its wildfire fighting resources, the state 

governor can request federal reinforcements.  These resources are provided under the national 

disaster declaration (NDD) process.  While the purpose of the NDD program is to augment local 

and state need, empirical research suggests that NDD decisions are influenced more by political 

factors than by need.  

This thesis further explores the existing research by asking if political factors influence the 

probability that a wildfire in California will be declared a national disaster.  The question is 

operationalized in two hypotheses that assess the influence of political and electoral variables on 

presidential behavior and on the governor’s chances of receiving a NDD at the county level.  

Specifically, the first hypothesis asserts that a president is more likely to grant NDDs during an 

election year, when he is a Democrat, and for counties that are electorally competitive as well as 

core bases of support.  The second hypothesis asserts that a president is more likely to grant 

NDDs to a Democratic governor as well as governors that are in the same political party as the 

president. 

Beginning with a brief summary of wildfires in California and the NDD process, this study 

describes the current literature and discusses how this thesis is distinct from previous works.  The 

third section explains the theory behind the empirical analysis and the two hypotheses mentioned 

above.  A description of the data and empirical methods used is in section four.  Section five 

summarizes the results and robustness checks.  Finally, section six is comprised of the analytical 
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limitations of this thesis, policy implications, and conclusion.  This study finds that political 

factors do influence presidential NDD decisions, but the types of relationships between politics 

and the president and governors differ from the conclusions in the wider literature at the national 

level.  State policymakers should take note of this discrepancy and avoid implementing policy 

solutions developed at the national level. 

 

1.1 Wildfires in California 

California experiences the highest rate of wildfires in the country (Hubbard).  Between 1992 

and 2012,1 the state experienced nearly 164,000 wildfires2 (Short).  On average, this amounts to 

8,000 wildfires per year.  About 90 percent of these wildfires were classified as Class B or lower, 

and only one percent of wildfires were classified as Class E or higher.3  The highest number of 

wildfires over this time period caused by either human or natural elements occurred in Riverside 

County (16,051) and the fewest wildfires occurred in San Francisco County (19).4  A breakdown 

of total wildfires by county is shown in Figure 1 below. 

                                                
1 1992 to 2012 are the most robust years of wildfire data available. 
2 A wildfire is defined as “any unwanted, unplanned, damaging fire burning in forest, shrub, or 
grass.”  Wildfire Science, 2015, February 16 2015 <http://www.smokeybear.com/wildfire-
science.asp>.  
3 Wildfires are classified by the acres burned.  The smallest wildfires are classified as Class A 
(one-fourth acre or less), up to the largest classification of wildfires, Class G (5,000 or more 
acres).  A distribution of wildfires by class size is available Figure 6 in the Appendix. 
4 Figure 7 in the Appendix provides a map of California’s counties. 
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Figure 1. California wildfires by county (1992-2012) 

 

Source: own illustration based on (Short). 
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raised its wildfire budget and was still forced to withdraw an additional $70 million in 

emergency reserve funds to combat wildfires (Hubbard).  These costs could further rise as 

wildfire seasons are expected to get worse.   

Warmer temperatures are resulting in dryer conditions and earlier snowpack melt, which 

creates longer and more intense wildfire seasons (Westerling et al. 940).  Acres burned by 

wildfires in North America are expected to double by 2050 (Westerling et al. 940).  Growing 

urban development further exacerbates these effects.  Wildfire fighting equipment and manpower 

will be stretched over a larger geographic area, and since humans cause the majority of wildfires, 

the incidence of wildfires may increase (McDonnell).  Lastly, these trends are part of a negative 

feedback loop.   

Trees act as a natural carbon sink because they absorb carbon dioxide from the atmosphere.  

Trees burned in wildfires release carbon dioxide into the atmosphere.  Once burned, these trees 

are unavailable to absorb carbon dioxide, further contributing to warming temperatures and 

worsening wildfire seasons (Westerling et al. 940).  Since California regularly outspends its 

wildfire-fighting budget, these expected trends raise the question of how California will be able 

to address this increasing demand signal (Hubbard).  One approach has been leveraging NDDs to 

augment its own emergency response capabilities.  

 

1.2 The National Disaster Declaration Process  

Internally, California relies on the Department of Forestry & Fire Protection (CAL FIRE) and 

local fire departments to prevent and fight wildfires (California Department of Forestry & Fire 

Protection).  These local and state resources are the first responders to wildfires.  In cases where 

the wildfire(s) are so severe and/or frequent that local and state resource capacities are exceeded, 
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the governor can invoke California’s emergency plan and submit a written request for a NDD 

from the president.  If the president issues a NDD, then a variety of federal resources under the 

Robert T. Stafford Disaster Relief and Emergency Assistance Act of 1988 (Stafford Act) are 

activated (Federal Emergency Management Agency).  Sylves and Búzás provide a more detailed 

history of presidential disaster relief authority (3).  Figure 2 below summarizes this emergency 

management response process. 

Figure 2. Notional emergency response process 

 
Source: own illustration based on (Apte and Heath 1). 
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Agency (FEMA) within the United States Department of Homeland Security, asserting the 
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Simultaneously, FEMA conducts a preliminary damage assessment (PDA) to determine 

California’s need for federal assistance and resources (Federal Emergency Management 

Agency).  A team of FEMA officials, state, local, and county officials, and a representative from 

the United States Small Business Administration reviews the estimated damage and emergency 

costs, and impacts of the wildfire (Federal Emergency Management Agency).  The written 

request and PDA, along with FEMA’s recommendation to approve or reject the request, are then 

presented to the president for a final decision (Federal Emergency Management Agency).  In the 

case of severe wildfires, the governor can submit a written request before a PDA is completed 

(Federal Emergency Management Agency).  Only the president can approve a NDD request 

under the Stafford Act.  Furthermore, the president “does not require the approval of Congress, 

nor does he need to explain or justify his decision” (Reeves 1142).   

NDDs generally fall into two categories: Emergency Declarations and Major Disaster 

Declarations.  The president can declare an Emergency Declaration at any time, but assistance 

exceeding $5 million must be reported to Congress (Federal Emergency Management Agency).  

In comparison, the president can issue a Major Disaster Declaration for any natural event if “the 

president determines [the disaster] has caused damage of such severity that it is beyond the 

combined capabilities of state and local governments to respond” (Federal Emergency 

Management Agency).  Federal assistance programs can only be activated under a Major 

Disaster Declaration (Federal Emergency Management Agency).  In the case of California 

wildfires, the state was granted 263 NDDs between 1992 and 2012 (Federal Emergency 

Management Agency).   
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1.3 National Disaster Declarations for California Wildfires 

Of the 263 NDDs issued for California wildfires, 133 were Emergency Declarations, 15 were 

Major Disaster Declarations, and 115 were Fire Management Assistance Declarations (these 

declarations fall under the same authority and purpose as Emergency and Major Disaster 

Declarations but enjoy an expedited process) (Federal Emergency Management Agency).  As 

shown in Figure 3 below, a large spike in declarations issued occurred between 2002 and 2008.  

Figure 3. Distribution of California wildfire disaster declarations (1992-2012)5 

 
Source: own illustration based on (Federal Emergency Management Agency). 

 

Since NDDs are intended to support states whose local response capacity has been exceeded, 

one explanation for this spike in NDDs could be the number of wildfires increased over that 

period of time.  However, as shown in Figure 4 below, the wildfire frequency between 2002 and 

                                                
5 Another potential explanation for the large spike is the Great Recession in 2008.  The 
California governor may have pushed more aggressively for federal assistance to offset 
California’s financial challenges.  However, this alternative fails to explain the spike in NDDs in 
the years preceding the recession. 
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2008 is within the normal range of the time period.  The graph displays the total number of 

wildfires by year between 1992 and 2012. 

 

Figure 4. California wildfires (1992-2012) 

 
Source: own illustration based on (Short). 
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Figure 5. Most severe California wildfires (1992-2012) 

 
Source: own illustration based on (Short). 
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framework for states experiencing a growing demand for disaster response due to climate change 

impacts.  

One of the most consistent findings across the literature is that the president is more likely to 

issue declarations when they are running for reelection (Sylves and Búzás 3; Reeves 1142; 

Kriner and Reeves 1; Salkowe and Chakraborty 1; Garrett and Sobel 496; Downton and Pielke 

Jr. 157).  The president can leverage NDDs to garner political goodwill.  NDDs are well-

publicized activities that achieve high visibility and media coverage.  In fact, Kriner and Reeves 

and Gasper and Reeves found that voters reward the president at the polls for NDDs, holding all 

else constant (348; 340).  However, in a separate study, Gasper did not find a statistically 

significant relationship between the president running for reelection and awarding a higher 

number of declarations, and Husted and Nickerson only found a positive and statistically 

significant effect when the president runs for reelection and the state has a large number of 

electoral votes (1; 35).   

At a more granular level of detail, some studies have found that a Democratic president is 

more likely to award disaster declarations as well as higher levels of per capita disaster 

assistance6 (Sylves and Búzás 3; Husted and Nickerson 35).  This disparity might be attributed to 

ideological differences between a Democratic and Republican president, with a Democratic 

president more willing to distribute federal resources.  Furthermore, Downton and Pielke Jr. 

found differences between individual presidential administrations, suggesting that NDD 

decisions are not only driven by political ideology but also by the individual values of the 

president (157).  Interestingly, this effect translates into greater NDDs awarded to Democratic 

                                                
6 The president determines the amount of federal disaster assistance awarded with input from 
FEMA. 
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governors; holding all else constant, Democratic governors receive more national disaster 

declarations than Republican governors (Sylves and Búzás 3).   

Many of the same studies analyzed the impact of the governor and president being from the 

same political party.  Some of these analyses found governors from the same political party as 

the president are more likely to receive NDDs (Gasper 1; Husted and Nickerson 35) while other 

studies found a weakly positive but not statistically significant relationship (Sylves and Búzás 3; 

Salkowe and Chakraborty 1; Reeves 1142; Garrett and Sobel 496; Stramp 839; Gasper and 

Reeves 1).  These findings generally imply that governors from the same party as the president 

are more likely to receive a NDD.  In a separate analysis, Gasper and Reeves determined that 

governors themselves do not base disaster assistance requests on political affiliation.  Governors 

will request aid from the president of the same or different political party (1). 

Electoral variables were also considered in many of the same studies.  Due to the “winner-

take-all” nature of voting, candidates are incentivized to target battleground states in which even 

a razor-thin margin of victory guarantees the candidate all the electoral votes.  A sitting president 

can leverage NDDs to gain an advantage over a campaign challenger.  As such, electorally 

competitive states (where the president won a narrow margin of victory in the previous election) 

are more likely to receive a NDD (Reeves 1142; Kriner and Reeves 1; Garrett and Sobel 496; 

Gasper 1; Stramp 839).  Gasper finds that this effect is heightened when the president is running 

for reelection (1).  However, the president is careful to protect his electoral base of support.  

Kriner and Reeves found that core support states (where the president won a large margin of 

victory in the last election) are also more likely to receive NDDs (1).  Only Sylves and Búzás 

found no effect between margin of victory and NDDs (3). 
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In some cases, congressional representation may also influence presidential disaster 

declarations.  Congress members in the same party as the president have a greater chance of 

receiving Emergency Declarations and federal grants (Kriner and Reeves 1; Salkowe and 

Chakraborty 1).  However, Salkowe and Chakraborty found the opposite effect for Major 

Disaster Declarations (1). 

Of course, many studies considered the extent of the natural disaster and the affected state’s 

need.  While a president can be influenced by political factors, he would be hard pressed to 

ignore a state that has a legitimate need for assistance.  States with a higher number of natural 

disasters and states suffering from more severe disasters (based on factors such as size, property 

damage, and human casualties) are more likely to receive federal assistance (Reeves 1142; 

Stramp 839; Downton and Pielke Jr. 157; Gasper 1; Husted and Nickerson 35).  Similarly, 

governors are more likely to request assistance when their state is experiencing multiple disasters 

and/or multiple severe disasters (Gasper and Reeves 1).  States that have a greater underlying 

need (measured in a variety of ways—poverty rate, per capita income, damage per capita) are 

more likely to receive federal assistance (Stramp 839; Salkowe and Chakraborty 1; Garrett and 

Sobel 496).  Only Downton and Pielke Jr. found the opposite effect for flood declarations; states 

with greater ability to pay for disaster response actually receive more NDDs (157).   

Other studies have considered the reverse case: voter behavior in response to NDD awards.   

Holding all else constant, voters punish a governor and president if they suffer from a natural 

disaster,7 but voters can distinguish between the individual actions of the president and governor 

(Gasper and Reeves 340).  Governors who request assistance can expect to be rewarded at the 

polls, whether or not the president approves the request (Gasper and Reeves 340).  If the 

                                                
7 Gasper and Reeves argue that voters are myopic and only consider what has happened since the 
most recent gubernatorial election. 
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president approves the request, he is also rewarded at the polls; conversely, if the request is 

denied, the president is punished at the polls (Kriner and Reeves 348; Gasper and Reeves 340).  

Kriner and Reeves find this effect increases when the affected county has two or more 

representatives in Congress (348).  Furthermore, ideologically moderate and liberal voters 

reward the president and governors at the polls with a higher margin of victory compared to 

ideologically conservative voters (Kriner and Reeves 348). 

Finally, Gasper and Reeves assess governors’ behavior in requesting assistance through 

NDDs.  If governors are aware of the political influence on presidential NDD decisions, they 

might take advantage of those opportunities.  The authors find that governors without term limits 

who represent battleground states (i.e., electorally competitive states) are more likely to request 

NDDs than governors with term limits.  Since unlimited term governors may face future 

elections, it is in their interest to balance state budget and taxation policies, so shifting some of 

the disaster response financial burden to the federal government can help them achieve that goal.  

This effect is heightened when the governor himself is up for reelection (1).8  

 

2.1 Contribution to the Literature 

Many studies assess the influence of political factors on presidential NDD decisions and 

gubernatorial behavior across all fifty states and all types of natural disasters.  This thesis focuses 

the analysis to counties in California and to wildfires as the sole type of natural disaster.  By 

narrowing the scope, this study examines whether national level analysis can be useful in the 

formation of state policy and provides a framework for other states contending with a growing 

demand for disaster response due to climate change impacts.  

                                                
8 Table 3 in the Appendix summarizes the various techniques used in the literature. 
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A primary concern in social science research is generalizability, or whether the findings in 

one study can be applied to other populations and settings (Stock and Watson).  The same 

concern is raised here.  Since the majority of research has been conducted at the macro level (i.e., 

the entire nation and all types of natural disasters), those conclusions might not be applicable at a 

micro level (i.e., California counties and wildfires).  If differences exist between the macro level 

and micro level, then policymakers cannot implement macro-level approaches at the micro level 

and expect the same results.  Testing the findings of national-level studies within California 

counties is an opportunity to test the accuracy and relevance of these broader, general 

conclusions.  Furthermore, wildfire response falls first on the shoulders of local and state 

policymakers.  While a macro level view of natural disasters may be helpful to national 

policymakers, it does not provide the level of detail that local policymakers face. 

California is a robust test case because it is a diverse state that mirrors much of the variation 

found across the country—rural and urban mix, variation in political ideologies, wealthy and 

poor areas, demographic diversity, geographic variation (e.g., forested areas and deserts), and 

varied rainfall patterns.  Wildfires are a reasonable natural disaster to examine because California 

experiences wildfires annually.  All years of data include at least one wildfire, allowing for more 

robust analysis than a natural disaster that occurs less frequently, such as a large magnitude 

earthquake.    

To date, five studies have conducted a county-level analysis, but critical differences exist in 

the key dependent and independent variables assessed in those studies and in this analysis 

(Gasper and Reeves 340; Kriner and Reeves 1; Gasper 1; Kriner and Reeves 348; Schmidtlein, 

Finch, and Cutter 1).  Both Gasper and Reeves and Kriner and Reeves use voter outcomes as 

their key dependent variable whereas this thesis examines the probability of a NDD being issued.  
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Furthermore, they also test whether governor NDD requests combined with presidential 

approvals results in a higher share of the vote for each politician (340; 348).  In another study, 

Gasper’s key dependent variable is the likelihood the president will deny a disaster declaration 

request (1).   

Both studies by Kriner and Reeves consider all federal grants and all federal outlays awarded 

to a county, respectively (1; 348).  Including all federal grants and outlays in their analysis 

exaggerates the influence of political factors on NDD decisions because NDD spending is only a 

portion of these expenditures.   

Schmidtlein and Finch compare the geographic location of natural disasters to the actual 

geographic location of approved NDDs.  They determine that the geographic location of natural 

disasters does not correlate with the geographic location of NDDs, but the authors do not 

evaluate any specific political variables in their analysis (1).       

This thesis focuses on a single type of natural disaster for the same reason it focuses on the 

county level of analysis.  The longer-term response window for wildfire fighting distinguishes it 

from other types of natural disaster responses and may produce findings at the micro level that 

cannot be distinguished at the macro level.  With one exception, the current literature addresses 

all types of natural disasters, Downton and Pielke Jr. focus on flooding nation-wide (157).   

This methodological approach can serve as a framework for states facing growing demand 

for natural disaster response to hurricanes, tornadoes, floods, dust storms, and snowstorms.  

States such as Arizona, Colorado, and New Mexico are experiencing a higher number of 

wildfires and states such as Missouri, Nebraska, and Iowa are facing more frequent and 

devastating floods.  A targeted framework can help states evaluate their individual needs and 

better understand the constraints and benefits of political influences on presidential NDD 
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decisions.  This thesis will provide the key independent variables and control variables needed to 

assess each state’s specific circumstances.  Furthermore, synthesizing these microanalyses into a 

macro framework could yield critical insights and a more accurate macro level assessment into 

state and federal spending for natural disaster relief at a time when these types of events seem 

likely to increase in frequency and severity.9   

 

3 Theoretical Considerations and Hypotheses 

Presidential NDD decisions are viewed through two theoretical frameworks: the median 

voter theorem and public choice theory.  While the median voter theorem was originally focused 

on individual voting preferences, it has been adapted to presidential behavior.  This theorem 

posits that the president, as the representative of the national interest, will act in a manner that 

appeals to the broadest preferences across the national constituency—essentially, the median 

voter (Downs 135; Kriner and Reeves 1).  As a result, the president is driven to fulfill the needs 

of as many constituencies as possible.  Within the scope of NDD decisions, median voter 

theorem implies that the president will distribute NDDs as broadly as possible to benefit as many 

constituents as possible (Kriner and Reeves 1).  But if political factors influence presidential 

NDD decision-making, then the median voter theorem may not sufficiently explain presidential 

behavior to date. 

A more recent theoretical framework—public choice theory—argues that politicians are 

more influenced by incentives around them than by median interests (Garrett and Sobel 496; 

Moe and Howell 132).  These incentives are primarily political incentives such as reelection, 

                                                
9 In the 1992-2012 data, the wildfire frequency does not appear to be increasing but data from 
CAL FIRE indicates that over a longer time scale (1933 to 2010), the number of wildfires has 
generally doubled since 1933 (data is available at 
http://www.fire.ca.gov/communications/downloads/fact_sheets/firestats.pdf).  
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maintaining approval ratings, and supporting political party agendas, and politicians act in 

accordance with these incentives rather than their constituency’s needs.  Within the scope of 

disaster declarations, this theorem implies that the president will allocate NDDs to benefit his 

interests the most.  Since the Stafford Act fails to provide a concrete set of criteria on which to 

base declaration decisions, the president enjoys wide authority in the allocation of these federal 

resources (Garrett and Sobel 496).  

This thesis assumes public choice theory most accurately describes presidential and governor 

behavior with respect to NDDs.  Consistently, the literature suggests that the president is 

incentivized to maximize his personal interests regardless of national need.  Building off this 

theory, the research question has been operationalized into two main hypotheses: a president-

centric hypothesis and governor-centric hypothesis.  

 

3.1 Hypothesis 1: President-Centric 

The first hypothesis concerns presidential NDD decisions.  It includes the most common 

findings across the literature: a president is more likely to issue NDDs during a reelection year, a 

Democratic president is more likely to issue NDDs than a Republican president, and a president 

is more likely to issue NDDs to electorally competitive counties as well as counties that are core 

bases of electoral support—especially during a reelection year (Reeves 1142; Garrett and Sobel 

496; Sylves and Búzás 3; Salkowe and Chakraborty 1; Kriner and Reeves 1; Downton and Pielke 

Jr. 157).  Since the president has the sole authority to grant or deny NDDs, understanding how he 

is influenced by political factors is critically important.   

NDDs are high-profile events that can improve an incumbent’s popularity among 

constituencies.  While politicians hope to maintain their popularity throughout their term, 
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positive regard is particularly important during election years.  The president can leverage his 

unique NDD granting authority to increase his chances of success in an election.  A recent 

example of this was President Obama’s response efforts leading up to and following super storm 

Hurricane Sandy resulting in a favorable bump in the 2012 election (Cohen, Craighill, and 

Clement).   

In addition, the ideological leanings of Democrats suggest they are inclined toward liberal 

sharing of federal resources compared to their Republican counterparts (Sylves and Búzás 3).  

Thus, a Democratic president is more likely to grant NDDs than a Republican president.  Due to 

the “winner-take-all” nature of elections, the president can benefit from even the smallest margin 

of victory.  This situation incentivizes the president to preferentially support counties where he 

may receive a narrow margin of victory.  In these situations, the president awards more NDDs to 

electorally competitive counties compared to non-competitive counties.  However, the literature 

suggests that the president will continue to support his core constituents by providing NDDs.  So 

the president can be expected to grant more NDDs for counties that provide a strong base of 

support as well as electorally competitive counties, holding all else constant.  Therefore, 

hypothesis 1 asserts that the president is more likely to grant disaster declarations (1) during an 

election year, (2) when he is a Democrat, (3) for electorally pivotal counties, and (4) for 

electorally safe counties.  Furthermore, the effect for electorally pivotal counties and electorally 

safe counties increases during presidential election years.   

 

3.2 Hypothesis 2: Governor-Centric 

The second hypothesis assesses the influence of political factors on the likelihood that 

governors with certain characteristics will receive NDDs.  As mentioned in the introduction, the 
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first step in the NDD process is a governor-submitted request for assistance.  Understanding the 

conditions under which governors are most likely to receive a NDD is also highly important. 

Multiple studies have followed a similar logic by assessing the influence of governor-level 

political factors (Sylves and Búzás 3; Salkowe and Chakraborty 1; Reeves 1142; Garrett and 

Sobel 496; Stramp 839; Gasper and Reeves 1). 

According to Sylves, Democratic governors are more likely to win NDDs compared to 

Republican governors (3).  One explanation is that Democratic governors are more willing to ask 

for federal resources.  Democratic governors may request a higher number of NDDs compared to 

Republican governors, so Democratic governors might receive more NDDs in absolute terms.  In 

terms of political affiliation, the president also serves the role of party leader and may be 

pressured to reward politically allied governor through additional NDDs (Gasper and Reeves 1).  

Governors who request and receive NDDs are shown to receive a boost at the polls, so the 

president can reinforce his party’s base of support through these awards (Gasper and Reeves 

340).  Therefore, hypothesis 2 asserts that Democratic governors and governors from the same 

political party are more likely to receive NDDs.   

 

4 Data and Empirical Analysis 

This thesis uses multiple data sources to create a panel data set of California wildfires, 

political, economic, and demographic factors between 1992 and 2012 at the county level of 

analysis.  Table 4 in the Appendix summarizes the data sources used.  

 

4.1 Dependent Variable: National Disaster Declarations  

The key dependent variable used in this analysis is NDDs for wildfires in California between 
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1992 and 2012.10  Over this time period, the sitting president issued 263 NDDs, of which 133 

were Emergency Declarations, 15 were Major Disaster Declarations, and 115 were Fire 

Management Assistance Declarations.  Across all 58 counties in California, 20 counties received 

zero declarations, ten counties received one declaration, and 28 counties received more than one 

declaration.  The top ten counties that received the most NDDs are below.  

County Number of NDDs 
Monterey County 43 
Shasta County 30 
Riverside County 26 
Mendocino County 19 
Butte County 14 
Tulare County 13 
Santa Clara County 11 
Los Angeles County 10 
Merced County 10 
San Bernardino County 9 

 

Table 5 and Figure 7 in the Appendix provide a breakdown of NDDs by county and a map of 

California’s counties, respectively.  In order to determine the likelihood a NDD is declared, 

counties that received one or more NDDs were coded 1 and counties that did not receive a NDD 

were coded 0.  

 

4.2 Key Independent Variables: Political and Electoral Factors  

Multiple independent variables are tested in this thesis.  Hypothesis 1 tests the following 

independent variables: presidential election year, the president political affiliation, electorally 

pivotal counties, and electorally friendly counties.  The presidential election year variable is a 

                                                
10 Governor NDD requests were not included in this analysis because a Freedom of Information 
Act (FOIA) request is needed to obtain this data, which could not be completed in the timeframe 
for this study. 
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dummy variable11 coded 1 for all presidential election years (1992, 1996, 2000, 2004, 2008, 

2012) and 0 for all non-presidential election years (1993 to 1995, 1997 to 1999, 2001 to 2003, 

2005 to 2007 and 2009 to 2011).12  The president political affiliation variable is also a dummy 

variable coded 1 for all Democratic presidents in the data set (Presidents William J. Clinton and 

Barack H. Obama) and 0 for all Republican presidents in the data set (Presidents George H.W. 

Bush and George W. Bush).13   

Multiple authors include state electoral competitiveness in their analysis (Sylves and Búzás 

3; Salkowe and Chakraborty 1; Reeves 1142; Kriner and Reeves 1; Garrett and Sobel 496; 

Gasper 1; Kriner and Reeves 348; Stramp 839; Gasper and Reeves 1).  However, this variable is 

defined differently among the studies.  For the sake of simplicity and greater accuracy, Sylves’ 

definition is used: electorally competitive counties are those where the presidential margin of 

victory is plus or minus five percent of the vote (3; 1142).14  All counties where the margin of 

victory was plus or minus five percent of the vote are coded 1 and the rest of the counties are 

coded 0.  Approximately 32 of the 58 counties in California are classified as electorally 

competitive over this time period. 

Similarly, electorally friendly variables were included in multiple studies but defined 

differently (Sylves and Búzás 3; Kriner and Reeves 1; Stramp 839; Gasper and Reeves 1).  

Sylves’ definition is also used to categorize electorally friendly counties, where the presidential 

winning margin of victory is greater than five percent of the vote (3).  All counties in which the 

                                                
11 Observations can only assume the values 0 or 1. 
12 Previous studies have restricted this variable to years that the president is running for 
reelection.  Due to the limited number of years in this data set, both election and reelection years 
were included. 
13 There were no Independent or third party presidents during this time period. 
14 Using an alternative method, such as Reeves’ approach, would have required dropping three 
elections from the data set due to insufficient data. 



 22 

margin of victory was greater than five percent are coded 1, the rest of the counties are coded 0.  

Over this time period, 55 counties are classified as electorally friendly. 

For the second hypothesis, the independent variables of interest are: governor political 

affiliation and governors and the president from the same political party.  The governor political 

affiliation variable is coded 1 for all governors from the Democratic Party (Governors Grey 

Davis and Jerry Brown) and all governors from the Republican Party are coded 0 (Governors 

Arnold Schwarzenegger and Pete Wilson).15  The same party variable is coded 1 when the 

governor and president are from the same political party (President George H.W. Bush and 

Governor Pete Wilson; President William J. Clinton and Governor Grey Davis; President George 

W. Bush and Governor Arnold Schwarzenegger; and President Barack H. Obama and Governor 

Jerry Brown) and 0 otherwise.   

 

4.3 Control Variables: Demographic, Economic, and Wildfire Factors 

A large variety of control variables are used across the literature.  This thesis includes a 

subset of control variables based on their prominence on the literature.  Control variables used in 

two or more studies were included in this analysis, with two exceptions—poverty rate and 

disaster damage per capita.  Three studies include a poverty rate variable as a control variable 

(Salkowe and Chakraborty 1; Kriner and Reeves 1; Stramp 839).  However, this data is not 

available every year and thus was excluded from the analysis.  Instead, per capita income is 

included as a proxy variable.  

Husted and Nickerson, Gasper and Reeves, and Gasper and Reeves include a disaster damage 

per capita measure (35; 340; 1).  This measure is calculated by dividing annual monetary damage 

                                                
15 There were no Independent or third party governors during this time period. 
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from natural disasters by the total population.  However, two challenges prevented replication of 

this measure.  First, the widely cited Spatial Hazard Events and Losses Database for the United 

States (SHELDUS) requires a fee to use, so this study relies on the CAL FIRE estimates for 

statewide monetary damage by wildfires.  Second, CAL FIRE’s data is only available at the state 

level, whereas the population data is provided at the county level.  This study includes the CAL 

FIRE data and the county-level population data as controls but does not combine the two 

variables since they are from different levels of analysis.       

After adjusting for these issues, the final set of control variables includes:  

• Number of fires by county-year (lfires),  

• Monetized wildfire damage by state-year (lrdamage),16  

• Average acres burned by wildfires by county-year (lacres),  

• Population by county-year (lpop),  

• Per capita income in by county-year (lrpcap), and  

• Natural resources budget by state-year (lrnr).17   

In order to better approximate a normal distribution and to remove the effect of potential outliers, 

all the variables were logged.18   

Generally, control variables are included in models in order to reduce the bias in the 

estimated relationship between the key dependent and independent variables.  For example, 

counties that experience a high number of wildfires are likely predisposed to receiving more 

NDDs.  Similarly, a large fire may require resources beyond the state’s capacity to extinguish.  

However, even a small fire can pose a serious threat when it occurs in a densely populated area.  

                                                
16 All monetary variables are measured in 2012 dollars. 
17 All wildfire costs are paid out of California’s natural resources budget.   
18 An index of all the variable names and their definitions is available in section 8. 
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Finally, the per capita income and natural resource budget variables are intended to capture the 

state’s and county’s ability to respond to wildfires.  California allocates a portion of its annual 

natural resources budget toward wildfire fighting, which should reduce its need for federal 

resources.  Likewise, wealthier counties can purchase more wildfire fighting equipment and 

personnel.  On the other hand, wealthier counties may also hold more political sway and can 

pressure the president into issuing NDDs. 

Table 6 in the Appendix includes descriptive statistics of the key dependent, independent, 

and control variables.  Additional tables and graphs describing the distribution of wildfires by 

cause, county, year, and class size are available in the Appendix (Figure 6, Figure 8, Table 1, and 

Table 2, respectively). 

 

4.4 Assessing Hypotheses with Fixed Effects Model  

As shown in Table 3 in the Appendix, the studies in the field rely on a relatively wide array 

of regression techniques to test the influence of political factors on presidential NDD decisions.  

With a few exceptions, the majority of the literature relies on multivariate, logit, and Poisson 

regression techniques.  This thesis is limited to regression techniques that allow for a 

dichotomous dependent variable,19 which includes linear probability models (LPM), logit 

models, and probit models. 

While these methods have their own merits, there are drawbacks, the most significant of 

which is that they are all subject to omitted variable bias (OVB).  Omitted variable bias refers to 

variables that are related to the key dependent and independent variables but that are excluded 

from the model.  The significance of OVB is that the estimated relationship between the key 

                                                
19 A dichotomous variable is synonymous with a dummy variable.  Observations can only 
assume the value of 0 or 1. 
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dependent and independent variables is biased and does not approximate the true relationship 

(Stock and Watson).  To help reduce OVB, this study employs a fixed effects model (FE).  These 

models are more robust than other regression techniques because they control for variables that 

do not change over time, even if those variables are excluded from the model.  However, FE 

models are not impervious to OVB.  Variables that (1) influence the key dependent and 

independent variables, (2) change over time, and (3) are omitted from the model will generate 

bias.  Thus, the empirical model should include these variables, where possible.   

 

5 Results 

 
5.1 Hypothesis 1 Results: President-Centric 

The first hypothesis in this thesis addresses the influence of political factors on presidential 

NDD decisions.  Specifically, hypothesis 1 states that a president is more likely to grant disaster 

declarations (1) during a election year, (2) when he is a Democrat, (3) for electorally pivotal 

counties, and (4) for electorally safe counties.  Furthermore, the effect for electorally pivotal 

counties and electorally safe counties increases during presidential election years.  The results 

are divided into multiple tables to improve readability.  Each table is organized as follows:  

• Column 1: LPM of NDD and the key independent variable (logit and probit model 

results are provided in the accompanying footnote); 

• Column 2: FE model of NDD and the key independent variable; 

• Column 3: FE model of NDD and the key independent variable, including the control 

variables; and  

• Column 4: Logit FE model of NDD and the key independent variable, including the 

control variables. 
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Structuring the tables in this way is intended to show the progression of the coefficient on the 

key independent variable.  As mentioned in section 4, LPM is useful for understanding the 

relationship between the key independent and dependent variables but is subject to OVB.  In 

contrast, FE models are less subject to OVB because they account for all time-invariant variables 

that are not included in the model.  Finally, FE models with controls are the most robust to OVB 

because they capture time-invariant variables as well as the time-variant variables.  

Table 7 in the Appendix shows the influence of presidential election year on the probability a 

NDD is issued.  Models 1 and 2 show a positive relationship between president election year and 

the probability a NDD is declared, but only Model 1 is statistically significant at the 0.05 percent 

level.20  However, when control variables are included in Models 3 and 4, the coefficient on the 

president election year variable switches from positive to negative, with the coefficient in Model 

3 being statistically significant at the 0.01 percent level.  

For the purpose of this analysis, only Model 1 and 3 are assessed because the coefficients are 

statistically significant.  However, Model 3 is a more robust representation of the relationship 

between president election year and the probability a NDD is issued because Model 3 accounts 

for more variation than Model 1.  The coefficient on Model 3 implies that the president is about 

12 percent less likely to award a NDD during an election year. This finding is in contrast to the 

literature.  Since this analysis is conducted at the county-level, a plausible explanation is that 

county-level politics are insufficient to grab a president’s attention from other competing 

priorities.21   

Table 8 in the Appendix shows the influence of a Democratic political affiliation on the 

likelihood the president awards a NDD.  The current literature states that a Democratic president 

                                                
20 Results are consistent across logit and probit models for Model 1 but not Model 2. 
21 Another possibility is that the FE model is treating the election variable as time-invariant.   
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is more likely to grant NDDs than a Republican president (Sylves and Búzás 3; Husted and 

Nickerson 35).  In Table 8, only the results from Model 5 are statistically significant at the 0.01 

percent level.22  Model 5 suggests that a Democratic president is actually 13 percent less likely to 

award NDDs compared to his Republican counterparts, contradicting the wider literature.  Thus 

the findings at the national level do not appear to be supported at the county level.   

This difference might be attributable to the timespan of the data and individual president 

characteristics.  The timespan of the data goes from 1992 and 2012, and only two Democrats 

held the office of the president during this period: Barack H. Obama and William J. Clinton.  

Furthermore, only a portion of each president’s administration is included in the data.  Additional 

years of data to include more presidential administrations may smooth out this influence.  

Another explanation is that this data is highly skewed by the individual preferences of President 

Obama and President Clinton.  Both presidents might simply be less willing to grant NDDs 

compared to other Democratic presidents.  If this is the case, then the results are more 

attributable to each president’s individual characteristics than to their political affiliation, which 

is similar to other findings (Downton and Pielke Jr. 157).   

Table 9 in the Appendix shows the relationship between electorally competitive counties and 

NDDs.  Unlike Table 7 and Table 8, Table 9 includes an interaction term between electorally 

competitive counties and presidential election year.  The interaction term should be interpreted 

as: the influence of an electorally pivotal county on NDDs during a presidential election year.  In 

his study, Gasper finds that the president is not only more likely to grant NDDs to electorally 

competitive counties, but that this effect increases when the president is running for reelection 

(1).  Models 9 through 12 show the relationship between electorally pivotal counties and the 

                                                
22 Results are consistent across logit and probit models for Model 5 but not for Model 6. 
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probability a NDD is granted.  Models 13 through 15 show the electorally pivotal county 

variable interacted with the presidential election year variable.   

Only the results from Model 13 and Model 15 are statistically significant (at the 0.1 percent 

level for Model 13 and at varying levels of statistical significance for Model 15).23  Because the 

results from Model 15 include controls, this model is a more robust representation of the 

relationship between electoral competitiveness and election year on the probability a NDD is 

awarded.  Interpreting the results from Model 15 requires inputting actual values.  During a non-

election year (where presidential election year = 0), an electorally pivotal county is about two 

percent more likely to receive a NDD compared to a non-pivotal county.  However, during an 

election year (where presidential election year = 1), an electorally pivotal county is 20 percent 

less likely to receive a NDD.  This finding contradicts multiple studies in the field that identify a 

positive and statistically significant relationship (Reeves 1142; Kriner and Reeves 1; Garrett and 

Sobel 496; Gasper 1).  The contrast could be explained by the fact that county-level politics are 

not important enough for focused presidential attention. 

The results describing the relationship between electorally friendly counties and NDDs are 

shown in Table 10 in the Appendix.24  Models 16 through 19 show the direct relationship 

between electorally friendly counties and the likelihood a NDD is issued, and Models 20 through 

22 show electorally friendly counties interacted with presidential election year.25  Only Model 16 

shows a statistically significant result at the 0.01 percent level in the direct relationship.  This 

model suggests that electorally friendly counties are five percent more likely to receive a NDD 

compared to non-friendly counties.  This relationship is further supported in Model 20, where 

                                                
23 Results are consistent across logit and probit models. 
24 Note, logit FE results are not provided because there are no observations in the dataset that 
meet the criteria of the interaction term. 
25 Results are consistent across probit and logit models. 
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electorally friendly counties are not only five percent more likely to receive a NDD, but that 

probability increases by 13 percent during an election year, for a total of 18 percent.  These 

initial results support the findings at the national level. 

When time-invariant variables are included in the more robust and statistically significant 

Models 21 and 22, the opposite effect occurs.  During a non-election year (where presidential 

election year = 0), electorally friendly counties are two percent and one and a half percent more 

likely to receive a NDD, respectively.  In an election year (where presidential election year = 1), 

electorally friendly counties are 41 percent and 38 percent less likely to receive a NDD, 

respectively.  These figures suggest a very different outcome than anticipated, but they further 

support the hypothesis that national-level findings do not hold at the county level. 

Determining how these results compare to the wider literature is challenging.  While the 

initial results support the findings in the literature, the final results substantially contradict some 

studies.  If the same criteria is applied—that the model with the interaction term, control 

variables, and time-invariant variables better explains the variation in the likelihood NDDs are 

granted—then the FE models with the interaction terms should be considered more robust and 

therefore better able to represent the relationship between electorally friendly counties and NDD 

decisions.   

One rationale is that the president is not as concerned about maintaining his core base of 

support and more likely to focus his attention on electorally pivotal counties.  This explanation is 

supported in the results from Model 15 as electorally pivotal counties are 20 percent less likely to 

receive a NDD, but electorally friendly counties are even less likely to get a NDD (about 40 

percent). 

In short, national-level findings about presidential incentives do not hold at the county level.    
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5.2 Hypothesis 2 Results: Governor-Centric 

The second hypothesis assesses the likelihood a NDD is issued under certain governor 

political criteria.  Hypothesis 2 states that governors are more likely to receive NDDs when they 

are Democrats and from the same political party as the president.  Similar to hypothesis 1, this 

hypothesis is divided in two and shown in two tables of results.  The first model shown in each 

table is a LPM, the subsequent two models are FE models (one with and one without control 

variables), and the final model is a logit FE model with controls.   

Table 11 in the Appendix shows the relationship between Democratic governors and the 

likelihood a NDD is granted.  The current literature suggests that Democratic governors are more 

likely to receive NDDs than Republican governors.  This finding is contradicted in the results 

table.  Only Model 25 shows statistically significant results at the 0.01 percent level.26  The 

coefficient suggests that Democratic governors are 33 percent less likely to be awarded a NDD 

compared to Republican governors.  This result might be explained by the requesting behavior of 

governors.  As mentioned in section 3.2, Democrats may be more inclined to request federal 

assistance for natural disasters.  A sitting president may tire of the frequent requests and be less 

inclined toward granting them.  Unfortunately, governor request data could not be incorporated 

into this data set for the reasons provided in footnote 10. 

Table 12 in the Appendix shows the estimated relationship between governors and the 

president being from the same political party and the probability a NDD is awarded.  The 

literature claims that governors from the same party as the president are more likely to receive 

NDDs than governors from the opposite party as the president, but Table 12 shows mixed 

                                                
26 Results are consistent across probit and logit models. 
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results.27  Models 27 and 29 both show a statistically significant relationship at the 0.01 percent 

level.  Model 27 supports the wider literature by suggesting that governors from the same party 

as the president are about eight percent more likely to be awarded a NDD compared to governors 

from another political party.  However, Model 29, which is a more robust representation of the 

relationship between the key dependent and independent variables, shows a negative 

relationship.  Governors from the same political party as the president are about 12 percent less 

likely to obtain a NDD compared to governors of another political party.  The short time period 

of the data might suggest that NDD decisions are driven more by the individual relationships 

between the president and the governor than by their political affiliations.  Some presidents and 

governors, regardless of their political affiliations, might not get along and so the president is 

unwilling to approve NDD requests. 

In conclusion, this study’s findings on the influence of political factors on the likelihood a 

governor gets a NDD consistently contradicts the wider literature.  Between hypothesis 1 and 2, 

the results in this study suggest that national-level findings cannot be applied to the likelihood a 

NDD is issued for California wildfires. 

 

5.3 Discussion of Control Variables 

The control variables included in the models are selected from the most common control 

variables used in the literature.  Across all the models, the sign of the coefficients on the control 

variables generally supports the reasoning in section 4.3.  A table summarizing the sign of the 

coefficients and statistical significance across all models is summarized below.   

 

                                                
27 Results are consistent across probit and logit models for Model 27 but not Model 28. 
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Control variable Coefficient 
sign 

Statistically 
significant 

Logged number of wildfires  + No 
Logged dollar damage by wildfires  +/- Both 
Logged average acres burned by wildfires  + Yes 
Logged population by county  - No 
Logged per capita income  - Both 
Logged California natural resource budget  + Both 

 

As expected, the number of wildfires and average acres burned variables are positively 

correlated with NDDs, and per capita income is negatively correlated with NDDs, but the dollar 

damage by wildfires is not clearly positive, the population variable is negatively correlated, and 

the California natural resource budget is positively correlated with NDDs.  In absolute terms, a 

county experiencing a higher number of wildfires probably requires more NDDs.  While it seems 

unusual that this variable is not statistically significant, out of all the studies that include this type 

of variable only Reeves found the number of disasters to be statistically significant (1142).  As 

stated previously, larger fires require more resources to extinguish, regardless of geographic 

location.  If a fire is large enough, it probably exceeds state’s emergency response capacity and 

requires additional federal assistance.  Finally, wealthier counties can better afford wildfire-

fighting resources, and thus are less dependent on federal resources. 

Most of the studies cited in the literature review found that disaster damage was both 

statistically significant and positive, indicating that more severe disasters in terms of property 

damage and human lives have a better chance of receiving a NDD (Downton and Pielke Jr. 157; 

Gasper 1; Stramp 839; Gasper and Reeves 1).  The results here suggest that the disaster damage 

variable is sensitive to the model specification and may not provide a clear relationship to 

declaration decisions.  
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The negative relationship between population and probability of NDD granted suggests that 

larger populations are actually less likely to receive a NDD.  This finding might be explained by 

the possibility that wildfires are simply occurring in less populated areas, a hypothesis that is 

confirmed in a scatterplot of county population and the number of wildfires (see Figure 9 in the 

Appendix).  

Lastly, the negative correlation between the California natural resource budget and NDD 

decisions suggests that the more money California allocates for wildfires, the more it needs 

NDDs.  While this outcome appears counter-intuitive, one explanation is that increases in the 

natural resource budget are not going toward wildfire fighting, but to other programs such as 

energy conservation, Native American heritage preservation, or river management.  Note that the 

California natural resource budget includes the wildfire fighting budget as well as numerous 

other programs.   

 

5.4 Robustness Checks 

Three robustness checks were used to test the validity of the results.  The first one involved 

removing the outlier observations from the key control variables.  Outlier observations have the 

potential of skewing the results of the analysis; removing them should help to correct for this 

bias.  Based on the histograms of the per capita income and average acres burned control 

variables (see Figure 10 and Figure 11 in the Appendix), the observations used for analysis were 

restricted to those within the normal distribution.  Even after the outlier observations are 

removed, the results remain consistent across all models. 

The second robustness check restricted the models to years when the governor and president 

were from the same political party (years 1992 to 1993, 2000 to 2001, 2004 to 2009, and 2012).  
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According to Model 29, governors from the same political party as the president are negatively 

correlated with probability of receiving a NDD.  Therefore, selecting this subset of years should 

cause the coefficients on the other independent variables to become less positive or possibly 

negative.  This robustness check holds across all models.   

The third robustness check replaced the interaction term in Models 9 through 22 with the 

governor election year.  Recall these models included an interaction term between the electoral 

competitiveness of the county and presidential election year.  This presidential election year 

variable was replaced by the governor election year variable—coded 1 for the years in which a 

governor election or reelection occurs and 0 otherwise.  Arguably, the governor will work harder 

in his own home state to amass political goodwill, particularly during an election year.  One of 

the ways to do so is through NDDs.  As Kriner and Reeves point out, voters reward governors 

that request NDDs and further reward governors if the president approves the request (348). This 

robustness check should show the opposite result of Models 9 through 22, that the probability of 

a NDD increases within electorally pivotal and friendly counties, particularly during a governor 

election year.   

In the case of electorally pivotal counties, the robustness check confirms prior regression 

results—the likelihood a NDD is issued is about two percent in an electorally pivotal county 

during a non-election year and increases by about 24 percent during gubernatorial election years.  

However, the robustness check does not hold in electorally friendly counties.  One explanation is 

that governors are less concerned with their core bases of support than with electorally pivotal 

counties.  

With one exception, the results were supported by the robustness checks.  This resiliency to 

the robustness checks suggests that the results are less susceptible to skewing outlier effects.  
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6 Conclusion  

Previous research suggests that NDDs are not fulfilling their intended purpose.  Rather than 

supporting states in need with additional federal assistance, existing national-level research has 

found that NDDs are influenced by political factors.  Since critical disaster response decisions 

are made first at the state level—the governor determines whether he will request a NDD—this 

study sought to bring the level of analysis down to the county level to examine whether national 

level findings are consistent at the county level. 

Interestingly, the county-level analysis in this thesis consistently revealed different results 

compared to national-level findings for presidential NDD decisions.  In particular, a Democratic 

president is less likely to award NDDs compared to a Republican president, and is less likely to 

award NDDs during an election year even for electorally competitive counties and core bases of 

electoral support.  Similarly, Democratic governors are less likely to receive NDDs compared to 

Republican governors, and governors in the same party as the president are less likely to receive 

NDDs than governors in the opposite political party.  While the results were generally consistent 

against the robustness checks, there are some omitted variable bias and data limitation concerns 

that may also have impacts on the quality of the results.    

 

6.1 Analytical Limitations and Omitted Variable Bias 

While this thesis borrows heavily from the literature by drawing on similar variables for 

analysis, some variables were omitted due to lack of availability.  First, many earlier studies 

include monetized disaster damage (Reeves 1142; Garrett and Sobel 496; Downton and Pielke Jr. 

157; Gasper 1).  A common approach involved using insurance estimates of damage, but this 
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approach could not be replicated for the reasons discussed in section 4.3 (Reeves 1142).  A 

modified disaster damage variable was used in this analysis, but there is a drawback.  This 

variable is provided at the state level, so it may not be sufficiently detailed for the level of 

analysis in this study.  Using data on average acres burned can also be misleading because a 

large wildfire may occur in a relatively unpopulated area, and a small wildfire may occur in a 

wealthy, populated area.  The smaller-scale wildfire might entail higher political costs—property 

damage, casualties, and loss in labor productivity—that cannot be inferred directly without 

another variable such as wildfire damage.   

Second, some studies include a count variable of governor requests for disaster assistance 

(Sylves and Búzás 3; Salkowe and Chakraborty 1; Gasper 1).  As described in section 1.2, 

governors traditionally request a NDD from the president, and the president decides whether to 

approve the request.  A governor can submit requests for natural disaster assistance so long as he 

can prove the state has a need.  This factor may skew the incidence of NDDs granted because 

some governors may try to capitalize on their state’s electoral importance by leveraging NDD 

requests (Gasper and Reeves 1).  The president may be aware of this incentive and refuse NDD 

requests.  However, the authors who did collect this data primarily did so through FOIA request.  

Collection of this data was not feasible within the timeframe of the writing of this thesis.   

Third, this thesis is limited by the available years of data, which was driven by the 

availability of robust wildfire data.28  To overcome this limitation, this study included all years in 

which there was a presidential election, even if the sitting president was not eligible for 

reelection.  This approach varies from other studies that were limited to presidential reelection 

                                                
28 While another source of wildfire data is available from 1980 to 2013 (the Federal Wildland 
Fire Occurrence Data available at http://wildfire.cr.usgs.gov/firehistory/data.html) these are 
duplicative and conflicting records as it is an aggregation of federal records. 
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years, which may explain the different results in Model 3.  However, out of the six election years 

in the data set, four were reelection years (President George H.W. Bush in 1992, President 

William J. Clinton in 1996, President George W. Bush in 2004, and President Barack H. Obama 

in 2012), so this modified approach should not bias the results too heavily.  

Furthermore, the limited years of data cover only two complete presidential administrations 

and two complete gubernatorial administrations (portions of the President George H.W. Bush, 

President Barack H. Obama, Governor Pete Wilson, and Governor Jerry Brown administrations 

are included in the data).  Some presidents may be more or less inclined toward granting NDDs.  

Both Reeves and Downton and Pielke Jr. assess different presidential administrations and found 

statistically significant results between individual presidents, suggesting that individual 

characteristics might influence NDD decisions more than political affiliation (1142; 157). 

Finally, inclusion of a control variable for the dollars allocated under each NDD would have 

been useful.  Some declarations require substantially more resources than others.  Since the 

president is not required to adhere to any assistance formula, he can allocate however much 

assistance he considers appropriate.  Thus, the president who wants to curry favor with voters 

may grant more NDDs but at lower funding levels.  However, not all NDD records consistently 

report the dollar assistance provided and so could not be included in the data set.   

 

6.2 Policy Implications  

In 1988, Congress passed the Stafford Act, granting the president sole authority to issue 

NDDs in order to augment state disaster response capacity with federal resources.  However, the 

president is not required to justify his decisions, and this study shows that these NDD decisions 

are influenced by political and electoral factors rather than by objective need.  Thus, the Stafford 
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Act is not achieving its intended goal—to help states in need.  Congress might consider revising 

the Act to provide greater transparency in the decision-making process or impose additional 

oversight.  Failing to implement either of these policy solutions jeopardizes the purpose of the 

program and leaves it vulnerable to manipulation by state politicians seeking to further their 

political goals.   

This concern is magnified by the rising impact of climate change on the frequency and 

severity of natural disasters.  As the number of these events increase over time, states’ internal 

disaster response capacity may weaken without adequate funding and they will turn to the federal 

government for more assistance.  If state policymakers are simultaneously manipulating this 

system, then states truly in need face dire consequences.   

Finally, state and federal policymakers can expect serious challenges in future budgeting if 

nothing is done today.  California might be able to anticipate how many wildfires it will 

experience in a given year, but predictions are by definition imperfect.  California state 

policymakers must estimate what their natural disaster need will be and allocate funds.  In the 

event where funding levels are inadequate, they turn to the federal government and request 

assistance.  Under the Stafford Act, when the president issues a NDD, states are required to pay 

25 percent of the cost associated with these additional resources.  However, states are requesting 

cost share waivers to skirt this provision (Stramp 839).  The impact of growing natural disasters 

with manipulative policymakers and obscure budget priorities does not bode well for the future.  

For the past several decades, California has faced a rising number of wildfires.  These 

wildfires are not only becoming more frequent and severe, but also more costly.  Despite the 

existence of federal support systems such as NDDs, it is clear from both the wider literature and 

this analysis that NDDs are not fulfilling their intended goals to augment state disaster response 
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capabilities and capacities.  Rather than providing support to states with needs, NDDs appear to 

be issued in support of political goals and ambitions.   

This study showed county-level and national-level analyses produce different results.  In 

contrast to the wider literature, a Democratic president was found to award fewer NDDs than a 

Republican president, and during election years, the president is less likely to award NDDs, even 

in electorally pivotal or friendly counties.  In the case of governors, Democrats have a lower 

chance of receiving a NDD than Republicans, and governors from the same political party as the 

president receive fewer NDDs than governors from the opposite political party.  Since findings 

across national-level studies do not hold at the county level, state and county policymakers 

cannot implement national policy solutions and expect the same results. 

Additional analysis is needed, at least to correct for the limitations described in section 6.1.  

More studies along this line of research would benefit individual states that are looking for 

tailored solutions to better respond to natural disasters with federal resources.  If sufficient work 

is conducted at this more refined level of analysis, these studies could then be aggregated into a 

macro-level study that informs the nuanced issues of state- and county-level politics.  Natural 

disasters have become a regular part of American lives, and climate change is expected to make 

matters worse.  Imposing greater transparency and oversight into the NDD process to ensure the 

program is meeting its intended goals today will improve tomorrow’s outcomes.   
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7 Appendix A: Tables and Figures 

Figure 6. California wildfires by class size (1992-2012) 
 

Source: own illustration based on (Short). 
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Figure 7. California counties 

 
Source: (California Secretary of State). 
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Figure 8. Number of wildfires by county and cause (1992-2012) 

 

Source: own illustration based on (Short). 
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Table 1. California wildfires by county and year (1992-2002) 
County 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 
Alameda 61 76 50 42 59 65 51 52 79 45 44 
Alpine 87 24 38 11 33 31 55 47 174 45 67 
Amador 95 60 70 37 61 72 34 64 87 49 64 
Butte 321 320 280 274 286 264 162 250 194 532 192 
Calaveras 174 108 135 96 169 150 45 90 121 74 59 
Colusa 21 12 14 12 15 12 5 12 13 36 22 
Contra Costa 53 54 38 47 46 38 35 42 60 36 32 
Del Norte 39 36 86 34 46 40 70 60 34 105 51 
El Dorado 389 264 345 233 252 236 106 164 330 164 184 
Fresno 449 433 429 308 388 345 232 546 269 233 271 
Glenn 30 29 15 15 18 18 12 19 7 38 33 
Humboldt 360 254 289 379 224 272 275 269 317 732 320 
Imperial 16 17 16 26 21 29 16 9 11 8 22 
Inyo 70 50 52 56 40 38 38 113 20 16 27 
Kern 85 128 82 124 112 89 102 105 51 49 55 
Kings 7 8 12 9 14 7 6 9 3 3 3 
Lake 138 85 72 99 71 78 76 59 96 70 78 
Lassen 336 85 167 85 231 189 93 109 43 141 94 
Los Angeles 165 172 162 200 263 255 301 420 202 219 230 
Madera 442 353 310 187 291 244 206 460 210 243 338 
Marin 13 8 5 6 8 4 12 8 15 8 2 
Mariposa 128 106 91 85 114 78 57 148 114 69 96 
Mendocino 200 120 165 194 170 143 116 132 149 220 174 
Merced 527 331 306 208 257 326 204 641 409 366 333 
Modoc 220 113 170 86 151 112 81 106 53 293 130 
Mono 123 79 77 42 98 109 40 97 141 74 62 
Monterey 154 157 121 117 134 138 75 205 76 95 88 
Napa 73 64 61 41 43 64 29 55 119 43 47 
Nevada 180 128 169 100 108 108 42 67 66 95 58 
Orange 6 8 11 10 11 9 25 8 7 5 19 
Placer 276 175 194 160 201 173 85 130 223 132 141 
Plumas 281 138 175 74 244 133 95 163 80 275 181 
Riverside 969 1006 811 877 915 759 1235 479 487 423 780 
Sacramento 25 19 25 18 8 12 10 25 48 32 27 
San Benito 66 34 38 43 58 45 53 69 53 43 57 
San Bernardino 583 570 457 487 551 359 572 375 239 208 284 
San Diego 423 504 445 548 998 731 597 242 282 349 393 
San Francisco         1   
San Joaquin 33 27 29 22 30 26 10 25 30 28 30 
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San Luis Obispo 176 161 164 152 183 188 150 250 108 126 143 
San Mateo 24 26 17 18 22 16 15 45 22 18 6 
Santa Barbara 22 14 22 11 14 18 10 36 10 10 8 
Santa Clara 77 91 86 57 64 72 37 124 115 66 70 
Santa Cruz 70 67 59 65 85 85 30 119 96 54 38 
Shasta 395 300 392 256 326 244 204 348 153 399 215 
Sierra 98 28 39 18 54 32 30 24 5 38 32 
Siskiyou 701 200 409 307 250 249 140 308 183 535 261 
Solano 22 23 29 11 23 23 9 16 39 14 20 
Sonoma 161 118 132 139 108 112 69 130 245 130 105 
Stanislaus 62 45 52 42 47 31 30 51 42 51 51 
Sutter 2  1 1 6 1   2  9 
Tehama 220 186 259 217 238 174 147 249 123 290 191 
Trinity 264 104 171 97 124 123 60 108 97 191 149 
Tulare 508 472 429 337 526 472 390 843 409 340 443 
Tuolumne 266 149 181 127 188 137 97 136 233 93 164 
Ventura 14 14 48 19 34 23 23 66 17 13 12 
Yolo 22 30 20 22 21 11 31 18 33 15 18 
Yuba 66 48 55 51 52 54 41 73 91 143 70 
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Table 2. California wildfires by county and year (2003-2012) 
County 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 
Alameda 50 118 81 131 133 63 120 52   
Alpine 14 2  1 15 1  15 30  
Amador 38 79 48 108 80 56 82 32 4  
Butte 219 359 230 223 626 223 389 157 14  
Calaveras 70 135 96 191 184 110 164 88 10  
Colusa 12 21 11 15 33 9 21 18 14  
Contra Costa 25 98 54 87 76 44 65 22  30 
Del Norte 46 34 29 40 99 40 49 41 18 30 
El Dorado 111 217 142 311 278 197 192 136 116 231 
Fresno 453 268 416 712 348 710 293 348 105 346 
Glenn 24 49 12 12 50 12 27 23 17 17 
Humboldt 304 539 322 278 996 278 406 413 398 364 
Imperial 17 15 15 35 42 50 9 33 56 33 
Inyo 33 24 17 28 32 16 21 22 23 37 
Kern 84 104 48 100 248 100 53 248 338 165 
Kings 10 8 5 10 4 10 3 4 2 8 
Lake 41 114 73 113 125 55 105 52 9 62 
Lassen 82 63 73 50 201 50 98 57 60 67 
Los Angeles 412 19 15 18 208 21 13 208 669 373 
Madera 459 235 293 481 213 410 243 196 283 237 
Marin 15 13 7 14 20 10 8 13 27 16 
Mariposa 91 119 72 139 191 78 127 120 130 104 
Mendocino 113 211 123 274 359 240 207 148 217 137 
Merced 653 392 469 742 457 507 497 282 298 223 
Modoc 86 60 17 38 85 38 28 52 115 65 
Mono 36 44 1 3 32 1 3 31 66 65 
Monterey 183 86 112 137 65 137 61 65 105 88 
Napa 41 79 62 116 117 67 104 55 54 50 
Nevada 71 87 83 183 217 143 143 97 123 112 
Orange 7 2       82 57 
Placer 131 215 213 351 414 206 308 200 236 220 
Plumas 192 22 7 11 84 11 20 64 123 96 
Riverside 512 538 1248 532 666 1134 548 181 1085 866 
Sacramento 33 40 17 42 44 24 45 27 150 27 
San Benito 104 33 51 72 30 72 30 30 40 40 
San Bernardino 216 141 216 163 244 260 88 241 582 355 
San Diego 308 383 311 176 240 396 144 96 528 255 
San Francisco  1 3 2 3 1 1  7  
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San Joaquin 29 71 43 54 71 25 57 28 68 19 
San Luis Obispo 279 134 168 210 99 210 87 99 137 117 
San Mateo 14 25 22 44 29 28 28 12 35 28 
Santa Barbara 31 5  38 32 38 15 32 62 14 
Santa Clara 92 61 82 139 64 113 81 55 99 51 
Santa Cruz 109 54 105 151 51 131 71 51 81 64 
Shasta 218 318 150 260 507 260 286 194 308 215 
Sierra 21 30 1 2 37 2 2 36 69 40 
Siskiyou 231 229 88 88 294 88 114 142 177 144 
Solano 19 36 11 23 24 12 24 13 19 18 
Sonoma 109 162 156 275 230 159 190 74 92 113 
Stanislaus 45 107 57 108 117 59 108 65 115 39 
Sutter 11 13 9 14 18 8 15 9 29  
Tehama 177 275 203 157 423 157 209 113 141 155 
Trinity 104 72 7 36 87 36 53 38 80 97 
Tulare 857 470 321 313 224 313 83 224 329 184 
Tuolumne 122 169 91 174 211 103 145 120 194 127 
Ventura 27 9 12 10 31 16 4 31 51 37 
Yolo 17 33 5 31 13 20 19 8 84 30 
Yuba 59 134 108 158 211 111 145 65 81 96 
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Table 3. Regression methods in the literature 

Author(s) Logit Poisson  Multivariate  Fixed 
effects  

Random 
effects  

Geospatial 
weighted  

Sylves and Búzás, 
2007 !      

Reeves, 2011  !     
Kriner and Reeves, 
2014    !   

Stramp, 2013 !      
Salkowe and 
Chakraborty, 2009 !      

Garrett and Sobel, 
2003  !     

Downtown and 
Pielke Jr., 2001   !    

Schmidtlein and 
Finch, 2008      ! 

Kriner and Reeves, 
2012    !   

Gasper and Reeves, 
2011    !   

Gasper, 2013     !  
Husted and 
Nickerson, 2013    !   

Gasper and Reeves, 
2012 !      
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Table 4. Data sources 
Variable(s) Source  Description Notes 
California 
wildfires 

U.S. Forest Service 
(2014) 

Data on all reported wildfires in 
California, includes fire size, 
cause, geospatial location, 
county, start date, end date (if 
available) (1992-2012) 

Data set is 
available online in 
a downloadable 
format 

CAL FIRE (2011) Data on dollar damage and 
structures destroyed in 
California (1933-2010) 

Data set is 
available online in 
a downloadable 
format 

National disaster 
declarations 

U.S. Department of 
Homeland Security, 
FEMA (2014) 

National disaster declarations by 
state/tribal area, year, and type 
of natural disaster (1953-2014) 

Data set is 
available online in 
a downloadable 
format 

Gubernatorial 
and presidential 
elections 
 

California Secretary 
of State (2014) 

Gubernatorial and presidential 
election data in California, by 
county (1990-2010) 

Data set is 
available online in 
a downloadable 
format 

Economic and 
demographic 
factors  

U.S. Department of 
Commerce, Bureau 
of Economic 
Analysis (2014) 

Data on per capita income and 
population in California, by 
county (1992-2012) 

Data set is 
available online in 
a downloadable 
format 

California 
Department of 
Finance (2014) 

Data on California natural 
resources budget, by year (1976-
2014) 

Data set is 
available online in 
a downloadable 
format 
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Table 5. Distribution of NDDs across counties (1992-2012) 

County Total NDDs Emergency 
Declarations 

Fire 
Management 

Assistance 
Declarations 

Major Disaster 
Declarations 

Alameda 2 0 2 0 
Alpine 0 0 0 0 
Amador 0 0 0 0 
Butte 14 13 1 0 
Calaveras 3 0 2 1 
Colusa 0 0 0 0 
Contra Costa 0 0 0 0 
Del Norte 2 0 2 0 
El Dorado 0 0 0 0 
Fresno 7 0 7 0 
Glenn 0 0 0 0 
Humboldt 4 0 4 0 
Imperial 1 0 1 0 
Inyo 1 0 1 0 
Kern 1 0 1 0 
Kings 0 0 0 0 
Lake 3 0 3 0 
Lassen 0 0 0 0 
Los Angeles 10 4 5 1 
Madera 5 0 5 0 
Marin 0 0 0 0 
Mariposa 2 0 2 0 
Mendocino 19 18 1 0 
Merced 10 0 10 0 
Modoc 0 0 0 0 
Mono 0 0 0 0 
Monterey 43 42 1 0 
Napa 4 0 4 0 
Nevada 1 0 1 0 
Orange 0 0 0 0 
Placer 1 0 1 0 
Plumas 1 0 1 0 
Riverside 26 8 12 6 
Sacramento 0 0 0 0 
San Benito 0 0 0 0 
San Bernardino 9 2 3 4 
San Diego 7 2 5 0 
San Francisco 0 0 0 0 
San Joaquin 1 0 1 0 
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San Luis Obispo 2 0 2 0 
San Mateo 1 0 1 0 
Santa Barbara 1 0 0 1 
Santa Clara 11 9 2 0 
Santa Cruz 8 6 2 0 
Shasta 30 26 4 0 
Sierra 0 0 0 0 
Siskiyou 3 0 3 0 
Solano 1 0 1 0 
Sonoma 3 0 3 0 
Stanislaus 0 0 0 0 
Sutter 0 0 0 0 
Tehama 4 0 4 0 
Trinity 3 2 1 0 
Tulare 13 0 13 0 
Tuolumne 3 0 3 0 
Ventura 3 1 0 2 
Yolo 0 0 0 0 
Yuba 0 0 0 0 
Grand Total 263 133 115 15 

 

Source: (Federal Emergency Management Agency) 
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Table 6. Descriptive statistics of key variables 
Variable N Mean Median St.Dev. Variance Min. Max. 
National disaster 
declarations 1218 0.074 0 0.262 0.068 0 1 

Presidential election 
year 1218 0.286 0 0.452 0.204 0 1 

Democratic president  1218 0.524 1 0.500 0.250 0 1 
Electorally pivotal 
counties 1218 0.208 0 0.406 0.165 0 1 

Electorally friendly 
counties  1218 0.327 0 0.469 0.220 0 1 

Democratic governor 1218 0.238 0 0.426 0.182 0 1 
President and 
governor same 
political party 

1218 0.524 1 0.500 0.250 0 1 

Logged number of 
wildfires  1183 4.246 4.394 1.315 1.728 0 7.129 

Logged wildfire 
damage in 2012 
dollars  

1218 18.190 18.269 1.248 1.559 15.035 20.918 

Logged average acres 
burned  1183 2.408 2.328 1.851 3.425 -2.303 8.663 

Logged population 1218 11.952 12.013 1.770 3.133 7.012 16.114 
Logged per capita 
income in 2012 
dollars  

1218 10.518 10.462 0.273 0.075 10.031 11.528 

Logged California 
natural resources 
budget in 2012 
dollars  

1218 7.351 7.398 0.296 0.088 6.847 7.942 
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Table 7. Results for presidential election year29 

 

Model 1 
LPM 

Model 2 
FE 

Model 3 
FE 

Model 4 
Logit FE 

Presidential 
election year  0.037** 0.017 -0.119*** -1.101 

 (0.018) (0.017) (0.038) (3.461) 
lfires   0.003 0.406 

   (0.010) (0.334) 
lrdamage   0.014 0.280 

   (0.010) (1.756) 
lacres   0.036*** 0.795*** 

   (0.005) (0.118) 
lpop   -0.012 -6.353 

   (0.161) (5.273) 
lrpcap   -0.246* -3.478 

   (0.126) (6.576) 
lrnr   0.068* 5.514 

   (0.041) (8.041) 
Constant 0.063*** -0.000 1.958  
  (0.008) (0.009) (2.109)  
N 1218 1218 1183 793 
R-squared 0.004 0.138 0.197  
Standard errors are in parentheses 
* p-value<0.1, ** p-value<0.05, *** p-value<0.01 
 
  

                                                
29 An index of all the variable names and their definitions is available in section 8. 
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Table 8. Results for a Democratic president 

 

Model 5 
LPM 

Model 6 
FE 

Model 7 
FE 

Model 8 
Logit FE 

Democratic 
president -0.132*** -0.017 0.003 4.854 

 (0.015) (0.017) (0.022) (15.256) 
lfires   0.003 0.406 

   (0.010 (0.334) 
lrdamage   -0.023** -0.080 

   (0.011) (0.717) 
lacres   0.036*** 0.795*** 

   (0.005) (0.118) 
lpop   -0.012 -6.354 

   (0.161) (5.273) 
lrpcap   -0.246* -3.478 

   (0.126) (6.576) 
lrnr   -0.010 -2.920 

   (0.017) (20.121) 
Constant             0.143*** 0.017 3.120  
 (0.015) (0.019) (2.370)  
N                     1218 1218 1183 793 
R-squared      0.064 0.138 0.197  
Standard errors are in parentheses 
* p-value<0.1, ** p-value<0.05, *** p-value<0.01 
 



 54 

Table 9. Results for electorally competitive counties  

 

Model 9 
LPM 

Model 
10 
FE 

Model 11 
FE 

Model 12 
Logit FE 

Model 
13 

LPM 

Model 14 
FE 

Model 15 
FE 

Electorally 
pivotal 
counties 

0.026 0.013 0.025 0.223 0.018 - 0.023 

 (0.020) (0.048) (0.017) (0.604) (0.022) - (0.018) 
Presidential 
election 
year     0.032 0.011 -0.125*** 

     (0.02) (0.021) (0.04) 
Interaction 
term      0.078* 0.041 -0.093* 

     (0.041) (0.041) (0.054) 
lfires   0.004 0.414   0.004 

   (0.010) (0.335)   (0.010) 
lrdamage   -0.025** -0.405   0.014 

   (0.011) (0.642)   (0.010) 
lacres   0.036*** 0.792***   0.036*** 

   (0.005) (0.118)   (0.005) 
lpop   -0.032 -6.358   -0.032 

   (0.158) (5.253)   (0.158) 
lrpcap   -0.254** -3.604   -0.254** 

   (0.124) (6.601)   (0.124) 
lrnr   -0.008 3.18   0.070* 

   (0.027) (4.27)   (0.041) 
Constant 0.068*** 0.011) 3.454    2.254 

 -0.008 (0.022) (2.323)    (2.087) 
N 1218 1218 1183 793 1218 1218 1183 
R-squared 0.002 0.139 0.115  0.006 0.13 0.115 
Standard errors are in parentheses 
* p-value<0.1, ** p-value<0.05, *** p-value<0.01 
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Table 10. Results for core support counties  

 

Model 16 
LPM 

Model 
17 
FE 

Model 
18 
FE 

Model 
19 

Logit FE 

Model 
20 

LPM 

Model 21 
FE 

Model 22 
FE 

Electorally 
friendly 
counties 

0.054*** 0.026 0.025 0.457 0.048** 0.022 0.015 

 (0.018) (0.020) (0.020) (0.327) (0.02) (0.023) (0.023) 
Presidential 
election 
year     0.03 -0.233*** -0.22*** 

     (0.02) (0.064) (0.049) 
Interaction 
term     0.099*** -0.196** -0.173*** 

     (0.034) (0.076) (0.063) 
lfires   0.003 0.389   0.004 

   (0.010) (0.336)   (0.010) 
lrdamage   -0.020* -0.361   0.047*** 

   (0.011) (0.642)   (0.012) 
lacres   0.036*** 0.801***   0.036*** 

   (0.005) (0.120)   (0.005) 
lpop   0.000 -5.133   0.004 

   (0.164) (5.593)   (0.163) 
lrpcap   -0.184 -1.008   -0.181 

   (0.138) (6.942)   (0.139) 
lrnr   -0.022 1.830   0.103** 

   (0.029) (4.361)   (0.050) 
Constant 0.056*** 0.015 2.359  0.048*** 0.248*** 0.329 

 (0.008) (0.019) (2.504)  (0.009) (0.056) (2.331) 
N 1218 1218 1183 793 1218 1218 1183 
R-squared 0.01 0.140 0.198  0.014 0.140 0.199 
Standard errors are in parentheses 
* p-value<0.1, ** p-value<0.05, *** p-value<0.01 
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Table 11. Results for Democratic governor 

 

Model 23 
LPM 

Model 24 
FE 

Model 25 
FE 

Model 26 
Logit FE 

Democratic governor -0.011 0.034 -0.330*** -1.424 

 (0.017) (0.035) (0.070) (4.477) 
lfires   0.003 0.406 

   (0.010) (0.334) 
lrdamage   0.045*** 0.386 

   (0.012) (2.080) 
lacres   0.036*** 0.795*** 

   (0.005) (0.118) 
lpop   -0.012 -6.353 

   (0.161) (5.273) 
lrpcap   -0.246* -3.478 

   (0.126) (6.576) 
lrnr   0.472*** 7.989 

   (0.104) (15.216) 
Constant 0.077*** 0.017 -1.581  
 (0.009) (0.019) (2.184)  
N 1218 1218 1183 793 
R-squared 0.000 0.138 0.197  
Standard errors are in parentheses 
* p-value<0.1, ** p-value<0.05, *** p-value<0.01 
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Table 12. Results for governor and president being from same political party  

 

Model 27 
LPM 

Model 28 
FE 

Model 29 
FE 

Model 30 
Logit FE 

Governor and president 
in the same political party 0.075*** 0.017 -0.119*** -1.101 

 (0.015) (0.017) (0.038) (3.461) 
lfires   0.003 0.406 

   (0.010) (0.334) 
lrdamage   0.014 0.280 

   (0.010) (1.756) 
lacres   0.036*** 0.795*** 

   (0.005) (0.118) 
lpop   -0.012 -6.353 

   (0.161) (5.273) 
lrpcap   -0.246* -3.478 

   (0.126) (6.576) 
lrnr   0.068* 5.514 

   (0.041) (8.041) 
Constant 0.034*** 0.000 1.958  
 (0.008) (0.009) (2.109)  
N 1218 1218 1183 793 
R-squared 0.021 0.138 0.197  
Standard errors are in parentheses 
* p-value<0.1, ** p-value<0.05, *** p-value<0.01 
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Figure 9. Scatterplot of county population and wildfires 

 
Source: own analysis. 
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Figure 10. Histogram of logged per capita income (lrpcap) variable 

 
Source: own analysis. 
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Figure 11. Histogram of logged average acres burned (lacres) variables 

 
Source: own analysis. 
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8 Appendix B: Glossary of Acronyms and Index of Variables 

Acronym Description 
CAL FIRE California Department of Forestry & Fire Protection  
FE Fixed effects 
FEMA Federal Emergency Management Agency  
FOIA Freedom of Information Act 
LPM Linear probability model 
NDD National disaster declaration 
OVB Omitted variable bias 
PDA Preliminary damage assessment  
SHELDUS Spatial Hazard Events and Losses Database for the United States 
 
Variable Description 
dndd National disaster declarations (dummy variable) 
govd Democratic governors 
lacres Logged average acres burned 
lfires Logged number of wildfires 
lpop Logged population 
lrdamage Logged disaster damage (2012 dollars) 
lrnr Logged California natural resources budget (2012 dollars) 
lrpcap Logged per capita income (2012 dollars) 
pelect Presidential election year 
pelect*ppivotal Presidential election year interacted with electorally pivotal counties 
pelect*pfriend Presidential election year interacted with electorally friendly counties 
pfriend Electorally friendly counties 
ppivotal Electorally pivotal counties 
presd Democratic president 
samep President and governor from the same political party 
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