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Abstract 

Extreme weather events have increased in frequency and severity, and it is anticipated that these 

events will continue to rise into the future. These extreme weather events have affected the natural 

system, disrupting wildlife and ecosystem services, amongst other challenges. In order to mitigate 

the impacts of extreme weather events, individuals, households, and firms may need to adjust their 

behavior and way of life. In this study, we focus on the influence of these extreme weather events 

on households’ resilience and land management with respect to infrastructure services, 

conservation and preparedness, with a more concentrated focus on wildfire events. The focus on 

wildfire events stems from the frequency and intensity of these events and how they have been 

increasing, especially in the Great Plains of the U.S. We examined how wildfire influences natural 

systems in the first chapter. In the other two chapters, we look at how individual behavior is shaped 

by exposure to severe weather events in general. 

In chapter 1, we study the effect of wildfire and severe drought on Conservation Reserve 

Program (CRP) persistence. We define CRP persistence as the number of years in which grassland 

was the majority of the land use in an expired CRP contract parcel. In the literature, there is a lot 

of research on what influences CRP persistence, but little literature extensively examines the 

effects of wildfires and drought, as well as surrounding land use, on CRP persistence. To study 

this, we built a 10-year unique geodatabase at the CRP parcel level and used a Mixed Effects 

Weibull accelerated failure time model (AFTM) to do the analysis. We find that CRP persistence 

is 3 years on average. CRP persistence is higher if an expired CRP parcel or surrounding land is 

burnt by a megafire, located in mid-range drought, and increases for every increase in the 

percentage of grassland and open water for a 50m buffer and decreases if bordered by crops or 



  

found in more wet areas. There is a need for policy intervention through education to encourage 

landowners to retain CRP-based practices and enhance wildfire mitigation land management 

efforts on both CRP and post-CRP lands. Alternatively, the government can increase the likelihood 

of reenrollment for CRP lands classified as risky areas, such as those that are less connected or 

surrounded by crop production and located in wetlands or areas with higher rainfall. 

Chapter 2 estimates how much households are willing to pay (WTP) to avoid power 

outages that vary both in frequency and duration across states in the Great Plains of the U.S. 

because of severe weather events or natural disasters. A secondary objective was to assess the 

differences in WTP across different population segments, i.e. Metropolitan Statistical Areas and 

Non-Metropolitan Statistical Areas. With an ageing electric grid and power infrastructure that is 

more than 100 years old, power outages caused by severe weather events are more frequent and 

longer in duration, and the situation is expected to worsen in the future. Before building grid 

resilience and adopting different resilience technologies, we need to understand households’ WTP 

for such technologies in the case of a severe weather outage. Using primary data from a two-stage 

choice experiment and a theoretically consistent framework, we find that WTP was much higher 

when both duration and frequency varied, but this depended on the acceptable level of duration 

and frequency of power outage for a household. When comparing the WTP across MSA and N-

MSA, we find that it is higher for the former. The positive WTP values show that a market exists 

for backup services, and utility companies, government, and community members can invest in 

the improvement of power infrastructure reliability and resilience, depending on the cost of 

investment and use the WTP values for resource planning and pricing. 

In my last chapter, Chapter 3, we examine the influence of alternative information sources 

on a household’s perceived level of wildfire and disaster preparedness and perceived confidence 



  

in being prepared for a wildfire or disaster between households in states in the Great Plains (GP) 

and mountainous western regions (MW) of the U.S. In the literature, understanding the effect of 

various disaster preparedness information channels across various geographical areas that differ in 

disaster preparedness resources is sparse. To do this, we analyze 3 years of an annual household 

disaster preparedness survey conducted by the Federal Emergency Management Agency, focusing 

specifically on households surveyed about wildfires. We find that the perceived level of wildfire 

and disaster preparedness or perceived confidence level to prepare for a wildfire or disaster does 

not differ between the two regions, and the effect of information sources on both is region-specific. 

Public announcements served as the strongest information source influencing disaster 

preparedness in the MW, while network sources served as the most influential information source 

for the GP. For the perceived confidence level to prepare for a wildfire and disaster, networks 

served as the strongest source, but the effect was mostly driven by MW. Practical implications 

suggest targeting more than one appropriate area-specific communication channel in each region 

for disseminating wildfire disaster preparedness information, as well as providing needed 

resources that ensure effective and efficient distribution of disaster preparedness information.  
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Abstract 

Extreme weather events have increased in frequency and severity, and it is anticipated that 

these events will continue to rise into the future. These extreme weather events have affected the 

natural system, disrupting wildlife and ecosystem services, amongst other challenges. In order to 

mitigate the impacts of extreme weather events, individuals, households, and firms may need to 

adjust their behavior and way of life. In this study, we focus on the influence of these extreme 

weather events on households’ resilience and land management with respect to infrastructure 

services, conservation and preparedness, with a more concentrated focus on wildfire events. The 

focus on wildfire events stems from the frequency and intensity of these events and how they have 

been increasing, especially in the Great Plains of the U.S. We examined how wildfire influences 

natural systems in the first chapter. In the other two chapters, we look at how individual behavior 

is shaped by exposure to severe weather events in general. 

In chapter 1, we study the effect of wildfire and severe drought on Conservation Reserve 

Program (CRP) persistence. We define CRP persistence as the number of years in which grassland 

was the majority of the land use in an expired CRP contract parcel. In the literature, there is a lot 

of research on what influences CRP persistence, but little literature extensively examines the 

effects of wildfires and drought, as well as surrounding land use, on CRP persistence. To study 

this, we built a 10-year unique geodatabase at the CRP parcel level and used a Mixed Effects 

Weibull accelerated failure time model (AFTM) to do the analysis. We find that CRP persistence 

is 3 years on average. CRP persistence is higher if an expired CRP parcel or surrounding land is 

burnt by a megafire, located in mid-range drought, and increases for every increase in the 

percentage of grassland and open water for a 50m buffer and decreases if bordered by crops or 



  

found in more wet areas. There is a need for policy intervention through education to encourage 

landowners to retain CRP-based practices and enhance wildfire mitigation land management 

efforts on both CRP and post-CRP lands. Alternatively, the government can increase the likelihood 

of reenrollment for CRP lands classified as risky areas, such as those that are less connected or 

surrounded by crop production and located in wetlands or areas with higher rainfall.  

Chapter 2 estimates how much households are willing to pay (WTP) to avoid power 

outages that vary both in frequency and duration across states in the Great Plains of the U.S. 

because of severe weather events or natural disasters. A secondary objective was to assess the 

differences in WTP across different population segments, i.e. Metropolitan Statistical Areas and 

Non-Metropolitan Statistical Areas. With an ageing electric grid and power infrastructure that is 

more than 100 years old, power outages caused by severe weather events are more frequent and 

longer in duration, and the situation is expected to worsen in the future. Before building grid 

resilience and adopting different resilience technologies, we need to understand households’ WTP 

for such technologies in the case of a severe weather outage. Using primary data from a two-stage 

choice experiment and a theoretically consistent framework, we find that WTP was much higher 

when both duration and frequency varied, but this depended on the acceptable level of duration 

and frequency of power outage for a household. When comparing the WTP across MSA and N-

MSA, we find that it is higher for the former. The positive WTP values show that a market exists 

for backup services, and utility companies, government, and community members can invest in 

the improvement of power infrastructure reliability and resilience, depending on the cost of  

investment and use the WTP values for resource planning and pricing. 

In my last chapter, Chapter 3, we examine the influence of alternative information sources 

on a household’s perceived level of wildfire and disaster preparedness and perceived confidence 



  

in being prepared for a wildfire or disaster between households in states in the Great Plains (GP) 

and mountainous western regions (MW) of the U.S. In the literature, understanding the effect of 

various disaster preparedness information channels across various geographical areas that differ in 

disaster preparedness resources is sparse. To do this, we analyze 3 years of an annual household 

disaster preparedness survey conducted by the Federal Emergency Management Agency, focusing 

specifically on households surveyed about wildfires. We find that the perceived level of wildfire 

and disaster preparedness or perceived confidence level to prepare for a wildfire or disaster does 

not differ between the two regions, and the effect of information sources on both is region-specific. 

Public announcements served as the strongest information source influencing disaster 

preparedness in the MW, while network sources served as the most influential information source 

for the GP. For the perceived confidence level to prepare for a wildfire and disaster, networks 

served as the strongest source, but the effect was mostly driven by MW. Practical implications 

suggest targeting more than one appropriate area-specific communication channel in each region 

for disseminating wildfire disaster preparedness information, as well as providing needed 

resources that ensure effective and efficient distribution of disaster preparedness information. 
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Chapter 1 - Wildfire and Severe Drought Effects on 

Conservation Reserve Program (CRP) Persistence 

1. Introduction 

The Conservation Reserve Program (CRP) is the largest conservation program in the USA to enroll 

private lands (Barnes et al. 2023; Morefield et al. 2016; Roberts and Lubowski 2007; Bigelow et 

al. 2020). The program was established in 1985 by the Food Security Act to decrease soil erosion, 

stabilize commodity prices, improve water quality, and nurture wildlife habitat through 

rehabilitating highly erodible cropland with perennial conservation cover in exchange for annual 

rental payments (Vandever et al. 2023; Coppess 2017; USDA Farm Service Agency 2021).  

However, because of its limited-term contracts, the benefits from conservation under the program 

are not guaranteed in the long-term.  

Environmental benefits from CRP participation depend on how the land enrolled in CRP 

is managed after contract expiration. Land that remains under CRP vegetative cover is said to 

persist under CRP land management conservation practices. In this study, we simply define CRP 

persistence as the continuance of CRP-based practices on the land after contract expiration. We 

measure this by the number of years the CRP-based or similar land use has been retained on a 

parcel of land after CRP contract expiration. In contrast, Vandever et al. (2023) were more 

restrictive, defining CRP land to be persistent if half or more of the land that was enrolled remains 

under CRP vegetative cover for 3 years or more after the expiration of the contract. Retaining land 

under the same vegetative land cover after a CRP contract has expired may have higher ecological 

benefits and potential economic benefits, as well (Barnes et al. 2023; Dayer et al. 2018; Vandever 

et al. 2023). Reverting land to other uses can be detrimental to wildlife habitats, soil quality, and 
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some of the conservation benefits achieved while the land was enrolled in CRP. If the land is used 

for crop production, any potential adverse effects will depend on the agricultural practices adopted 

and the type of crop planted (Dayer et al. 2018; Bigelow et al. 2020; J. E. Gilley et al. 1997).  

CRP persistence has ranged from as low as 15% to as high as 66 % of previously enrolled 

land in the CRP (Sullins et al. 2021; Jessica C. Barnes et al. 2020; Roberts and Lubowski 2007). 

CRP persistence has been higher in drier states in the Pacific, Mountain, and Southern Plains 

regions of the U.S. and lower in wetter states in the Northern Plains, Lake States, and Corn Belt 

regions of the U.S. (Vandever et al. 2023). In the Central and Western United States, CRP 

persistence has varied between 19% and 84%. At least 50% of these expired CRP lands have 

retained CRP land cover for three or more years (Vandever et al. 2023). How long CRP practices 

remain on the land after the expiration of a contract depends on the type of conservation practices 

adopted (Jessica C. Barnes et al. 2020). Other factors that influence CRP persistence are 

geographical location, landscape, program experience, ease and desirability of maintaining CRP 

cover, aesthetic value of the land, valuation of wildlife/livestock, land quality, amongst other 

factors (Sullins et al. 2021; Roberts and Lubowski 2007; J.C. Barnes et al. 2023; Vandever et al. 

2023).  

There has been a lot of research into what happens to CRP land after contract expiration. 

Studies have examined land use transitions after the CRP contract expiration (Atkinson et al. 2011; 

Barnes et al. 2020), CRP persistence (Dayer et al. 2018; S. Jacobson 2014; Sullins et al. 2021), 

and factors that influence CRP re-enrollment (Roberts and Lubowski 2007; Daniel Hellerstein and 

Malcolm 2011; Barnes et al. 2020; Morefield et al. 2016), among other research directions. Some 

studies have attributed CRP land cover to causing fast-moving fires due to the nature of the 
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vegetation and potential fuel load that may build up on CRP lands. These fields have management 

restrictions that increase the fuel load and dry materials, which may increase wildfire risk 

(Community Wildfire Protection Plan Steering Group and Hulbert 2007; Collins 2017; Frazier 

2018; Bergtold et al. 2024). High fuel loads during a period of extreme drought can further increase 

wildfire risk (A. L. Westerling et al. 2006). CRP land has been perceived as a fire hazard in the 

Mountain, Pacific, and Southern Plains regions of the U.S. by landowners (Allen and Vandever 

2003; Bergtold et al. 2024). Wildfire risk on CRP land varies, becoming significantly higher during 

periods of greater drought severity (Hodur et al. 2002; Steiner et al. 2020, 2018).   

Wallander et al. (2013) found that climatic conditions influence participation in 

conservation programs, including the CRP. Farmers were more willing to enroll in conservation 

programs in drought-prone areas (Wallander et al. 2013). Farmers viewed participation in 

conservation programs as a safety net when faced with high drought risk (Wallander et al. 2013). 

Drought conditions have influenced CRP persistence as well after contract expiration (Li et al. 

2022; Aragon et al. 2025; Barnes and Dayer 2021). Aragon et al. (2025) found that in the U.S., 

drought was one of the factors that influenced CRP persistence after contract expiration. In Texas, 

Li et al. (2022) found that most CRP conversion to cropland happened during a period of extreme 

drought. Contrarily, J.C. Barnes and Dayer (2021) found that in the Great Plains, during a period 

of drought, landowners were more likely to retain CRP fields in grass or use them for grazing. 

However, little is known about the effect of environmental factors, especially wildfires, on 

landowner decisions on the reversion of expired CRP to cropland or other uses (Vandever et al. 

2023). 
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 Wildfire risk is determined by the  interaction of land use and fire management decisions 

in an area and its surrounding areas (Butsic et al. 2015; Steiner et al. 2020). Fire proneness tends 

to be high in shrublands and grasslands and lower in agricultural and agroforestry areas (Carmo et 

al. 2011; Stavi 2019; Radeloff et al. 2023; Zhai et al. 2023). In the Great Plains, 90% of the area 

that is burned by a large wildfire (wildfire that burnt more than 400 ha) tends to occur in woody 

and grassland landscapes and is less likely in croplands, pasture/hay fields, and developed areas 

(V. M. Donovan et al. 2020). This is further worsened by the low rate of CRP management on 

expired CRP parcels, where only 39% of the parcels with persistent CRP cover are managed, but 

it does not specify if it is for wildfire reasons (Vandever et al. 2023). Expired CRP parcels that 

retain CRP-based grassland practices tend to have higher grass cover compared to active CRP 

contracts (Vandever et al. 2023). This may result from having no dedicated management practices 

that are required after contract expiration (Bigelow et al. 2020). The most common management 

practices used on expired CRP land are grazing, haying, and mowing (Vandever et al. 2023; 

Heimlich and Kula 1990). However, the intensity of activity will determine the level of vegetation 

cover and any potential fire risk. Excessively grazing or haying may result in a decrease in 

vegetation cover and an increase in bare ground, leading to a lower wildfire risk and potentially 

reversing the environmental benefits achieved (Steffensmeier 2025). Yet, the decision to utilize 

and the level of grazing, haying and mowing depends on the economic tradeoffs between 

maintaining prior CRP land use and management practices and the returns from grazing, haying 

and mowing the land and reductions in wildfire risk.  

The purpose of this study is to examine how environmental factors, including wildfire risk, 

drought and neighboring land use, influence CRP persistence on expired CRP lands across Kansas. 

We define CRP persistence as the number of years in which grassland was the majority of the land 
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use in an expired CRP contract parcel. Between 2013 and 2016, Kansas was among the 5 states 

with the most expired land (532,000 acres) with less than 50% reenrolled back to CRP (Bigelow 

et al. 2020).  We focus on the influence of two specific environmental factors, wildfires and 

drought. A secondary objective of the study is to better understand how neighboring land use (e.g. 

crop production, grassland, urban development, etc.) influences CRP persistence. Neighboring 

land uses may influence wildfire and drought risk management strategies, as well as land 

management decisions on expired CRP land. How landowners manage neighboring land may 

impact CRP persistence on a given parcel after CRP expiration (Barnes et al. 2023). To ensure 

ongoing environmental benefits of CRP land after it exits the program, policymakers and land 

managers need to understand whether experience with or exposure to wildfire and drought affects 

CRP persistence. We developed three primary research questions: (1) Does wildfire or drought 

affect the marginal likelihood of CRP persistence or maintaining CRP practices on the land after 

contract expiration?; (2) Does CRP persistence vary depending on the severity of wildfire or 

droughts?; and (3) Does the effect of surrounding land management influence CRP persistence? 

This is the first study, to our knowledge, to primarily focus on the effects of environmental factors, 

such as wildfire, and the percentages of neighboring land uses, such as cropland, open water and 

development, on CRP persistence.  

Our developed geodatabase covers a period of ten years from 2012 to 2021, and we find 

CRP persistence is, on average, 3 years, and most CRP reversals occur within the first 2 years. 

Environmental factors and land use in the surrounding area played a significant role in influencing 

CRP persistence. Expired CRP parcels or surrounding land that were burned by a megafire had a 

higher CRP persistence level, while other wildfires (fires that burned less than 100,000 acres) did 

not influence CRP persistence. In addition, the closer a megafire is to a parcel, the greater the 
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likelihood of CRP persistence on the margin. Parcels that were exposed to megafires were more 

often surrounded by a larger percentage of grasslands. It is likely that, given the surrounding land 

use is primarily in grasslands, maintaining similar land covers to CRP provides higher economic 

returns from grazing for livestock, driving the CRP persistence.1 Another explanation could be 

that landowners perceive managing the land for wildfire risk may not be effective or worthwhile, 

so they maintain a similar land use cover as under CRP, as it provides the highest overall return 

for them.  We observe a positive effect of drought on CRP persistence. CRP persistence tends to 

be higher in drought-prone regions. This may result from a similar effect on landowner 

management decisions as wildfire. That is, it may be less desirable or meaningful to convert the 

land to an alternative land use that provides a less perceived return and may be riskier. As expected, 

land use in the immediate surrounding area (50m buffer) influenced CRP persistence. CRP 

persistence increased with each increase in the percentage of grassland and open water and 

decreased with each increase in the percentage of crops, with a change in the percentage of local 

development having no impact on CRP persistence.  

This study builds on existing literature by highlighting the importance of policy 

interventions within the first two years of contract expiration if there is a desirability to ensure 

conservation benefits of CRP are retained in the longer term. Expired CRP parcels maintained in 

grassland practices can reach higher fuel loads that may result in faster-spreading fires. There is a 

need for outreach and policy efforts to enhance wildfire mitigation land management efforts on 

both CRP and post-CRP lands to reduce wildfire incidence. This becomes more important as CRP 

                                                   

1 A limitation of our study is that we did not differentiate types of grassland management (e.g. cover, biomass levels, 

grazing intensity, etc.) in our study. We do though account for haying as alternative land uses. This may provide an 

opportunity for future research. 
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persistence increases with wildfire risk, especially from megafire events, which themselves may 

result in long-term effects on land use. Education campaigns should specifically focus on fire 

management to manage the high fuel loads on expired and current CRP parcels. The government 

can also use this information to target risky areas that are more likely to revert to other land uses, 

such as expired CRP parcels with higher acreage, those that are less connected to other CRP lands, 

those surrounded by crop production, parcels located in wetlands or areas with higher rainfall, and 

during periods of short-term drought. This can be done through policy changes that increase the 

likelihood of reenrollment in CRP. 

2. Background on the Conservation Reserve Program 

The CRP provides financial incentives to encourage private land conservation in the U.S. on 

marginal and vulnerable lands in the U.S. (Dayer et al. 2018). Payment for private land 

environmental services stems from experience with drought, dust storms, and economic depression 

during the 1930s (Claassen et al. 2008). Since 1985, the U.S. Department of Agriculture (USDA) 

has implemented conservation practices on agricultural working lands, marginal cropland, and for 

wetland restoration (Ciuzio et al. 2013).   

Most CRP contracts are allocated through intermittent reverse auctions, where the 

landowner submits an annual rental amount they are willing to accept to establish a specific set of 

conservation practices (Bigelow et al. 2020). In 2019, there were 43 different Conservation 

Reserve Program land management practices, grouped into four broad categories: grasses, trees, 

wetlands, and wildlife habitat, that could be adopted on CRP lands (Bigelow et al. 2020). Other 

lands are enrolled through the continuous signup that targets specific CRP initiatives or a given 

high-priority practice, e.g. pollinator habitat and water restoration (Bigelow et al. 2020). The 
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benefits to the landowner for enrolling in CRP are financial incentives, enhancement and 

enjoyment of ecosystem services, and improvement of land quality (Bigelow et al. 2020). CRP 

provides an estimated annual benefit of $1.3 billion, which accounts for 75 to 80% of the cost of 

CRP (Hansen 2007). Recent studies have found that the benefits of CRP exceed its cost (Johnson 

et al. 2016). CRP has increased average farmland value in the Mountain, Southern Plains, and 

Northern Plains of the U.S. by 9%, 2%, and 3%, respectively (J. Wu and Lin 2010; Allen and 

Vandever 2003).  

CRP enrollment was highest in 2007 (36.7 million acres) and has been declining since 

2012. This year, the program had the most area under contract expiration, 6.5 million acres. 

Enrolled acres were fewer than expired acres that year (Bigelow et al. 2020). In 2020, the area 

enrolled in CRP was 21.9 million acres, the lowest in 3 decades (USDA Farm Service Agency 

2020). CRP has lost 10 million acres over the last 10 years, resulting in reduced environmental 

benefits (Vandever et al. 2023). Morefield et al. (2016) estimate that the percentage loss of CRP 

acreage since 2007 exceeds 25%. Most of the expired CRP lands that are lost are grasslands, 

followed by wildlife habitat, with the lowest being wetlands (Morefield et al. 2016). CRP lands 

with trees were more likely to retain 60 to 70 percent of their tree cover (Roberts and Lubowski 

2007). Not all environmental benefits are lost when CRP land is converted to other land 

management options or uses (Bigelow et al. 2020). The extent of the potential loss of 

environmental effects of not re-enrolling CRP land depends on land management practices adopted 

and the type of crop grown if converted to cropland (Morefield et al. 2016). Growing crops on 

former CRP land can diminish soil and water quality, reduce wildlife habitat, and harm wildlife 

species, potentially undoing the benefits previously attained (Gewin et al. 1999; Gilley et al. 1997; 

Schlaepfer et al. 2002; Herkert 2009).  
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Some of the reasons that an expired CRP land is retained in grassland are for hay 

production, livestock grazing, aesthetic value or wildlife habitat (Janssen et al. 2008; Roberts and 

Lubowski 2007; Barnes et al. 2023; Vandever et al. 2023). In some cases, the conversion cost and 

uncertainty in future returns may warrant retaining the CRP-based practice after contract 

expiration (Schatzki 2003), but we don’t directly consider this in our study, following (Lubowski 

et al. 2008). Others may retain the CRP-based practice because of their prior intention of retiring 

the land from crop production before enrolling the land in CRP (Lubowski et al. 2008). In a few 

cases, landowners may retain CRP-based practices to participate in other conservation practices in 

cases where land cannot be re-enrolled in CRP (Barnes et al. 2020).  Landowners may also simply 

retain the CRP-based practice because they receive a higher utility and not for a profit motive 

(Kuhfuss et al. 2016). A program may positively change a landowner's perceptions of conservation 

and increase persistence behavior, as well (Dayer et al. 2018; Race and Curtis 2013). 

3. Methods 

3.1 Conceptual Framework  

A landowner will choose a land use or management activity that maximizes quasi-rent minus the 

variable cost of that land use or management activity. We assume the quasi-rents earned by the 

landowner may not be purely monetary and can include nonpecuniary, option, existence and non-

use values (e.g. from ecosystem services that are valued by the landowner).  Quasi-rent is a 

temporary return above normal return that a landowner earns from investing in specific land 

management activities (Durlauf and Blume 2008). The quasi-rent received will depend on land 

characteristics such as soil fertility, climate, location and other physical characteristics that relate 

to the rents or returns from alternative land use options (Roberts and Lubowski 2007). In the 

southern Great Plains, post-CRP land use decisions are shaped by biophysical, socioeconomical, 
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and institutional factors (Barnes and Dayer 2021). CRP lands are privately owned, and the decision 

to retain CRP-based practices on the land after contract expiration will be landowner-specific and 

be driven by the quasi-rent received and perceived by the landowner.  

Following Wu et al. (2013), we assume that a landowner's decision to retain CRP-based 

practices on the land in time 𝑡 after the CRP contract expiration at time 𝑇0 is a continuous process 

and depends on the quasi-rent received by the producer from continued CRP or conservation 

practices on the land, given by 𝑈𝑖(𝑡; . ). Let  𝑖 represent a parcel-producer combination, i.e. expired 

CRP parcel d managed by producer q. Assuming that retaining the land on the same CRP-based 

practice generates a maintenance cost 𝐾𝑖𝑡, the net present value of the expected discounted return 

for the 𝑠 = 𝑡 − 𝑇0 years for maintaining the land under CRP-based practice is: - 

(1)        𝑉𝑖𝑡 = ∫ 𝑈𝑖(𝑡)𝑒−𝜌𝑡𝑡

𝑇0
𝑑𝑡 − 𝐾𝑖𝑡 , 

Where 𝑈𝑖(𝑡) = 𝑓(𝑬𝑖𝑡 , 𝑷𝑖, 𝑭𝑖𝑡 , 𝑪𝑖𝑡), 𝑬𝑖𝑡 , 𝑷𝑖, and 𝑭𝑖𝑡 are vectors of explanatory factors that 

influence quasi-rent or utility. 𝑬𝑖𝑡  is a vector and denotes environmental factors. 𝑷𝑖 is a vector of 

parcel characteristics. 𝑭𝑖𝑡 is a vector of financial and economic market factors. Finally, 𝑪𝑖𝑡 is a 

vector of factors representing the type of land cover in the surrounding land. 

Changes in environmental factors (E) influence land use changes and participation in 

conservation programs (Dan Hellerstein et al. 2019; Wallander et al. 2013). In this study, we 

examined the effects of drought and wildfire on CRP persistence. We included drought as a 

variable because wildfires occur most often during times of drought. We wanted to assess the 

effects of drought and wildfires on CRP persistence. We speculate that wildfire or drought  

characteristics affect CRP persistence. Previous studies have shown that the type of wildfire 

influences a person's response to mitigation (Wong et al. 2023). Drought also influences 
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participation in conservation programs (Wallander et al. 2013) and determines a landowner's 

decision to retain CRP practice after contract expiration (Li et al. 2022; Aragon et al. 2025; Barnes 

and Dayer 2021). We also included weather information, such as rainfall and temperature patterns, 

as they can influence decision-making for agricultural enterprises (Haigh et al. 2015; Morton et al. 

2017), and CRP persistence (Sullins et al. 2021; Morefield et al. 2016).  

Parcel characteristics (P) help capture the valuation of the land by the land owner and/or 

operator (Roberts and Lubowski 2007) and influence CRP persistence (Caldas et al. 2016). Land 

characteristics, such as soil quality, slope, or landscape characteristics, determine the suitability of 

land for farming after CRP contract expiration (Barnes and Dayer 2021). Size of the CRP expired 

parcel has also been known to influence CRP persistence (Sullins et al. 2021; Caldas et al. 2016). 

Another important factor is the surrounding area’s land cover (C) for an expired CRP parcel, which 

has been shown to impact wildfire impacts and CRP persistence (Sullins et al. 2021). The 

percentage of surrounding land that was under crop production, grassland, and development, based 

on findings from previous studies, has been attributed to influencing CRP persistence (Sullins et 

al. 2021; Barnes and Dayer 2021; Berger et al. 2020). 

Financial and economic market factors (F) play a significant role in CRP persistence 

(Caldas et al. 2016). For example, an increase in crop prices has been known to decrease CRP 

persistence (Sullins et al. 2021; Barnes et al. 2020; Daniel Hellerstein and Malcolm 2011; Stubbs 

2014; Bigelow et al. 2020; Li et al. 2022). Land owners compare CRP rental rates and land rental 

rates when deciding to reenroll land back into CRP (Stubbs 2014), which may also influence CRP 

persistence. 
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Land can be converted to other land management options at time 𝑡 after the contract 

expiration at time 𝑇0. Assume there are 𝑛 = 1, … , 𝑁 alternative land use options (e.g. crop 

production, development, etc.) in addition to retaining the land under CRP-based practices. Let the 

net discounted returns for each of the alternative land use options be represented as 

𝐴𝑖1(𝑡), … , 𝐴𝑖𝑁(𝑡)), for 𝑠 = 𝑡 − 𝑇0 years after contract expiration. Let 𝜔 represent the expected 

discounted net return for the best alternative land management option, which is given by: - 

(2)        𝐴𝑖𝑡𝜔 = ∫ 𝐴𝑖𝜔(𝑡)𝑒−𝜌𝑡
𝑡

𝑇0

𝑑𝑡 

where 𝐴𝑖𝜔(𝑡) = 𝑓(𝑬𝑖𝑡 , 𝑷𝑖 , 𝑭𝑖𝑡 , 𝑪𝑖𝑡). We assume the same factors or considerations that would 

influence 𝑈𝑖(𝑡) influence other potential land use options.  

Considering this framework, a landowner will continue to retain CRP-based practices at 

time 𝑡 or for s years after contract expiration, if the net present value of the return (quasi-rents 

minus variable costs of land management) from CRP-based practices after contract expiration for 

s years is greater than the return from the next best alternative land management option. That is, if 

∆𝛱𝑖𝑡𝜔(𝑬𝑖𝑡, 𝑷𝑖 , 𝑭𝑖𝑡 , 𝑪𝑖𝑡) > 0 for the s years of maintaining CRP-based land cover after CRP 

expiration, where: - 

(3) ∆𝛱𝑖𝑡𝜔(𝑬𝑖𝑡 , 𝑷𝑖 , 𝑭𝑖𝑡 , 𝑪𝑖𝑡) = 𝑉𝑖𝑡 (𝑬𝑖𝑡 , 𝑷𝑖 , 𝑭𝑖𝑡 , 𝑪𝑖𝑡) − 𝐴𝑖𝑡𝜔(𝑬𝑖𝑡 , 𝑷𝑖 , 𝑭𝑖𝑡 , 𝑪𝑖𝑡) > 0   

where 𝜔 is the next best alternative land management option.  

A landowner will consider shifting away from CRP-based land management practices to the 

next best alternative land management option when ∆𝛱𝑖𝑡𝜔(𝑬𝑖𝑡 , 𝑷𝑖 , 𝑭𝑖𝑡 , 𝑪𝑖𝑡) < 0. The question 

becomes, at what point in time does a producer choose to switch to an alternative land use practice? 

The “optimal” time (𝑡∗) to switch from a CRP-based practice to another land management options 
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is the point in time when  ∆𝛱𝑖𝑡𝜔(𝑬𝑖𝑡 , 𝑷𝑖 , 𝑭𝑖𝑡 , 𝑪𝑖𝑡) < 0 for the next best alternative land 

management option 𝜔. The landowner will retain the land under the CRP-based practice otherwise. 

The optimal time t* can be immediately (at time T0) or s years after CRP contract expiration. 

3.2 Empirical Model 

Based on the conceptual model, we adopt an accelerated failure time model to model the duration 

of time of CRP persistence and the environmental, surrounding land use and other factors 

influencing it. The accelerated failure time model measures the survival time of an event before it 

fails. Survival time here refers to how long CRP-based practices remain on an expired CRP parcel 

before it is converted to another land management option, which is referred to as failure. That is, 

the duration s a parcel retains similar CRP cover after CRP contract expiration at time T0. Our 

study covers a period of ten years from 2012 to 2021, and the maximum duration s a parcel retains 

similar CRP cover after CRP contract expiration is 9 years, assuming the contract expired in 2012.   

We observe a landowner’s switching time, 𝑡∗, from a CRP-based practice to the best 

alternative land cover or duration, they retain the same CRP-based practice for the period of 

observation. To capture this, one can use a hazard function that captures the instantaneous 

probability at time t that a landowner will switch from a CRP-based practice to another land 

management option after 𝑠 years or the limit of the time horizon being assessed, whichever comes 

first. The hazard rate based on Greene (2018) and Kiefer (1988) is written as follows: - 

(4)        ℎ𝑖(𝑡) = lim
∆𝑡→0

𝑃𝑟𝑜𝑏(𝑡 ≤ 𝑠 ≤ 𝑡 + ∆𝑡|𝑠 ≥ 𝑡)

∆𝑡
= lim

∆𝑡→0

𝐹(𝑡 + ∆𝑡) − 𝐹(𝑡) 

∆𝑡
=

𝑓(𝑡)

𝑆(𝑡)
 

where ℎ𝑖(𝑡) =
−𝑑𝑙𝑛𝑆(𝑡)

𝑑𝑡
, 𝑓(𝑡) = 𝑆(𝑡)ℎ𝑖(𝑡), and s is a random variable that represents switching 

time (𝑡 − 𝑇0), which has a probability density distribution of 𝑓(𝑠) and a cumulative distribution 
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function 𝐹(𝑠). 𝑆(𝑡) is a survival function that represents the probability that the landowner will 

retain similar CRP-based practice and not switch to other land management options at time t. The 

timing decision is based on the conceptual framework, and is a function of a number of factors, 

𝑬𝑖𝑡 , 𝑷𝑖, 𝑭𝑖𝑡 , and 𝑪𝑖𝑡 . 𝑬𝑖𝑡 (Environmental factors) capture parcel experience with wildfire and 

drought by examining wildfire-damage severity, drought intensity, and parcel distance to the 

closest wildfire. We also capture wildfire-damage severity on the nearest surrounding land. We 

distinguished wildfire-damage severity and parcel distance to the closest wildfire by whether it 

was a megafire or other wildfire for both the parcel and the surrounding land. A megafire is a 

wildfire that burns more than 100,000 acres, with other wildfires representing those burning less 

than 100,000 acres.  𝑬𝑖𝑡   also contains climatic conditions such as precipitation and temperature 

patterns. We included the size of the CRP expired parcel, soil type, land capability classification, 

and erosion capability, such as wind and water erodibility measures, to represent parcel 

characteristics (𝑷𝑖). For surrounding land use (𝑪𝑖𝑡), we examine the percentage of surrounding 

land that was under crop production, grassland, development, and open water. Finally, we consider 

the ratio of CRP rental rates to land rental rates (land valuation) and crop price index as direct 

economic factors, as well as and population density as a proxy to capture additional development 

pressures (𝑭𝑖𝑡). 

CRP-expired land often extends CRP based practice after the expiration of the contract 

(Roberts and Lubowski 2007) and most reversal of CRP practices to other land use occurs within 

five years of contract expiration (Bigelow et al. 2020; Sullins et al. 2021; Vandever et al. 2023; 

Aragon et al. 2025). Some studies attribute that CRP persistence decreases with how long the 

contract has expired (Barnes et al. 2020). Based on this, we included the year of contract expiration 

(𝑌𝑗𝑖) making the timing decision as a function of 𝑬, 𝑷, 𝑭, 𝑪, and 𝑌. 
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We model the hazard function following Canales et al. (2020) and Sullins et al. (2021). We 

assume the hazard function has a baseline hazard ℎ0(𝑡𝑗𝑖) that is common to all landowners in the 

same county. Grouping observations at the county level allows for capturing of differences in 

cultural practices that are not directly observed (Becker et al. 2022). Also, CRP persistence 

depends on the geographical location (Vandever et al. 2023; Sullins et al. 2021). We also 

incorporate the effects of exogenous variables (𝑬, 𝑷, 𝑭, 𝑪, and 𝑌) on the hazard rate since they 

influence the timing decision. Thus, the  hazard rate function is specified as:  

(5)        ℎ(𝑡𝑖,𝑬𝑖𝑡 , 𝑷𝑖, 𝑭𝑖𝑡 , 𝑪𝑖𝑡,𝑌𝑖) = ℎ0(𝑡𝑖)exp(𝜷𝟏𝑬𝑖𝑡 + 𝜷𝟐𝑷𝑖 + 𝜷𝟑𝑭𝑖𝑡 + 𝜷𝟒𝑪𝑖𝑡 + 𝛽5𝑌𝑖) 

where ℎ0(𝑡𝑖) represents the baseline hazard at time t, 𝑬𝑖𝑡 , 𝑷𝑖 , 𝑭𝑖𝑡 , and 𝑪𝑖𝑡 , are all vectors of 

explanatory variables, and 𝑌𝑗𝑖  is an explanatory variable. 𝜷𝟏, 𝜷𝟐, 𝜷𝟑, 𝜷𝟒 and 𝛽5 are parameters to 

be estimated. 𝑬𝑖𝑡 is a vector of environmental factors, 𝑷𝑖 is a vector of parcel characteristics, 𝑭𝑖𝑡 

is a vector of financial and economic market factors, 𝑪𝑖𝑡 is a vector of factors capturing the type 

of land cover surrounding the parcel, and 𝑌𝑖  represents the year the contract expired. We dropped 

the index 𝑗 = 1, … , 𝑘 that represents the various counties in a state in the equation to simplify the 

notation. We assume an exponential specification to ensure the hazard function remains positive 

(Canales et al. 2020; Greene 2018). 

We assume that the distribution of s follows a Weibull distribution (Greene 2018; Canales 

et al. 2020), giving the following specification for the baseline hazard function, which is a hazard 

that is common to all the landowners in the county.  

(6)        ℎ0(𝑡𝑖) = 𝑃𝑡𝑃−1exp (𝐺𝑖). 

𝑃 is a scale parameter. When 𝑃 > 1, then the probability of maintaining CRP-based practice to 

other land management options increase monotonically with time, and the reverse if 𝑃 < 1. Given 
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changes in agricultural policies and land management across the agricultural landscape of Kansas 

(e.g., county- and state-specific conservation options, landowner management style, and specific 

practices), we assume that there is unobserved heterogeneity across counties. To capture this, we 

assume that 𝐺𝑖 is a random intercept in the baseline county hazard function at the county level.2 

That is 𝐺𝑖 = 𝛾 + 𝜎𝐺𝜗𝑖 , where 𝜗𝑖~𝑁(0,1). Putting all this together, the hazard rate is given by: 

(7)        ℎ𝑖(𝑡𝑖,𝑥𝑖𝑡) = 𝑃𝑡𝑃−1exp ( 𝐺𝑗 + 𝜷𝟏𝑬𝑖𝑡 + 𝜷𝟐𝑷𝑖 + 𝜷𝟑𝑭𝑖𝑡 + 𝜷𝟒𝑪𝑖𝑡 + 𝛽5𝑌𝑖). 

To compute how long before a landowner switches the CRP-based practice to another land 

management option (CRP persistence), we estimate the logarithm of the hazard rate function 

shown above. The log of CRP persistence is estimated using the following regression function:  

(8)        ln 𝑠𝑖 = 𝐺 + 𝜷1𝑬𝑖𝑡 + 𝜷𝟐𝑷𝑖 + 𝜷𝟑𝑭𝑖𝑡 + 𝜷𝟒𝑪𝑖𝑡 + 𝛽5𝑌𝑖 + 𝜎𝜀𝑖  

where 𝜎 =
1

𝑃
 is a scale parameter and 𝜀 is a mean zero stochastic error term with Type-1 extreme 

value distribution.  

We estimated the duration of persistence as a Mixed Effects Weibull accelerated failure 

time model (AFTM). That is, we include a random intercept that varies across counties to capture 

unobserved geographical heterogeneity as specified earlier. We also estimated a fixed-effects 

model at the county level as a robustness check. Duration of persistence measures how long the 

expired CRP-based practice was maintained on the land after contract expiration; we refer to this 

time as s years in the conceptual model, which is 𝑡 − 𝑇0 . The detailed mixed-effect Weibull 

AFTM we specified is given in equation (9). 

                                                   

2 Ideally, we would make Gji a random intercept across producers, but due to numerical issues, estimation of such a 

model would not reliably converge to a solution using multiple algorithms and starting points. We instead assume 

that unobserved heterogeneity arises at the county level, which did allow for an estimable model.  
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(9)        ln 𝑠𝑖 = 𝐺𝑖 + 𝜇1𝐶𝑙𝑎𝑦𝑖𝑡 + 𝜇2𝑆𝑖𝑙𝑡𝑖𝑡 + 𝜇3𝐾𝑤 𝑓𝑎𝑐𝑡𝑜𝑟𝑖𝑡 + 𝜇4𝑊𝐸𝐼𝑖𝑡 + 𝜇5𝐴𝑐𝑟𝑒𝑠𝑖𝑡

+ 𝜇6𝐴𝑐𝑟𝑒𝑠2
𝑖𝑡 + 𝜇7𝐿𝑎𝑛𝑑 𝐶𝑙𝑎𝑠𝑠𝑖𝑡 + 𝜇8 𝐿𝑎𝑛𝑑 𝐶𝑙𝑎𝑠𝑠𝑖𝑡 ∗ 𝐴𝑐𝑟𝑒𝑠𝑖𝑡

+ 𝜇9𝐿𝑎𝑠𝑝𝑒𝑦𝑟𝑒𝑠 𝑐𝑟𝑜𝑝 𝑖𝑛𝑑𝑒𝑥 𝑖𝑡 + 𝜇10𝑇𝑖𝑚𝑒 0𝑖𝑡 + 𝜇11𝑀𝑎𝑣𝑒𝑡𝑒𝑚𝑝_10𝑦𝑟𝑙𝑎𝑔𝑖𝑡

+ 𝜇12𝑀𝑎𝑣𝑒𝑝𝑟𝑒𝑝_10𝑦𝑟𝑙𝑎𝑔𝑖𝑡 + 𝜇13𝑀𝑎𝑣𝑒𝑝𝑑𝑠𝑖_10𝑦𝑟𝑙𝑎𝑔𝑖𝑡

+ 𝜇14𝑁𝑒𝑎𝑟𝑒𝑠𝑡 𝑤𝑖𝑙𝑑𝑓𝑖𝑟𝑒𝑖𝑡 + 𝜇15𝑀𝑒𝑔𝑎𝑓𝑖𝑟𝑒𝑖𝑡 + 𝜇16𝑀𝑒𝑔𝑎𝑓𝑖𝑟𝑒𝑖𝑡

∗ 𝑁𝑒𝑎𝑟𝑒𝑠𝑡 𝑚𝑒𝑔𝑎𝑓𝑖𝑟𝑒𝑖𝑡 + 𝜇17𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝑝𝑎𝑟𝑐𝑒𝑙 𝑏𝑢𝑟𝑛𝑡𝑖𝑡

+ 𝜇18𝑀𝑒𝑔𝑎𝑓𝑖𝑟𝑒 𝑑𝑎𝑚𝑎𝑔𝑒𝑖𝑡 +𝜇19𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝑝𝑎𝑟𝑐𝑒𝑙 𝑏𝑢𝑟𝑛𝑡𝑖𝑡

∗ 𝑀𝑒𝑔𝑎𝑓𝑖𝑟𝑒 𝑑𝑎𝑚𝑎𝑔𝑒𝑖𝑡 + 𝜇20𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝑏𝑢𝑓𝑓𝑒𝑟 𝑏𝑢𝑟𝑛𝑡𝑖𝑡

+ 𝜇21𝑀𝑒𝑔𝑎𝑓𝑖𝑟𝑒 𝑏𝑢𝑓𝑓𝑒𝑟 𝑑𝑎𝑚𝑎𝑔𝑒𝑖𝑡 +𝜇22𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝑏𝑢𝑓𝑓𝑒𝑟 𝑏𝑢𝑟𝑛𝑡𝑖𝑡

∗ 𝑀𝑒𝑔𝑎𝑓𝑖𝑟𝑒 𝑏𝑢𝑓𝑓𝑒𝑟 𝑑𝑎𝑚𝑎𝑔𝑒 + 𝜇23𝑃𝑒𝑟𝑏𝑢𝑓𝑓𝑒𝑟50𝑚_𝐶𝑟𝑜𝑝𝑖𝑡

+ 𝜇24𝑃𝑒𝑟𝑏𝑢𝑓𝑓𝑒𝑟50𝑚𝐷𝑒𝑣𝑒𝑙𝑜𝑝𝑒𝑑𝑖𝑡 + 𝜇25𝑃𝑒𝑟𝑏𝑢𝑓𝑓𝑒𝑟50𝑚_𝑤𝑎𝑡𝑒𝑟𝑖𝑡

+ 𝜇26𝑃𝑒𝑟𝑏𝑢𝑓𝑓𝑒𝑟50𝑚_𝑔𝑟𝑎𝑠𝑠𝑖𝑡 + 𝜇27𝐿𝑎𝑛𝑑 𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛𝑖𝑡 + 𝜇28𝑃𝑜𝑝 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑖𝑡  

Table 1.2 describes the explanatory variables included in the model. We include four interaction 

terms: land capability class and acres, nearest wildfire distance and megafire burn, megafire 

damage and percentage of the parcel burnt, and megafire damage and percentage of the buffer 

burnt to capture heterogeneity and areas of interest that were used to refine the study.  

 We estimate the mixed-effects Weibull AFTM using simulated maximum likelihood 

estimation methods (StataCorp 2025). We use the mestreg command in Stata to estimate the 

model. Mestreg command fits a mixed-effects parametric survival models using adaptive Gaussian 

quadrature; in our case, we use seven integration points. We clustered standard errors at the county 

level because landowners in the same county share similar characteristics, and hence the standard 

errors are likely to be correlated. Parameters from the Mixed Effects Weibull AFTM can be used 

to assess the influence of factors on the direction of the switch time to or from CRP-based practices 

on a parcel of land. A positive (negative) coefficient of the Mixed Effects Weibull AFTM shows 

that CRP persistence increases (decreases) over time, and we plot Kaplan-Meier curves in STATA 

to estimate CRP persistence percentages over time. For magnitude changes, we estimated the 

average marginal effect (AME) of a unit change in an explanatory variable, i.e. 𝑬, 𝑷, 𝑭, and 𝑪 
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(Canales et al. 2020). Based on Canales et al. (2020), the percentage change in AME for an 

explanatory variable such as 𝐸𝑘  (environmental factors) is given by: 

(10) % ∆ 𝐴𝑀𝐸 =
𝑠𝑖(𝐸𝑘+1)−𝑠𝑖(𝐸𝑘)

𝑠𝑖(𝐸𝑘)
= [𝑒𝑥𝑝(𝜷1) − 1] × 100, 

where s𝑖 = 𝑒𝑥𝑝( 𝐺 + 𝜷𝟏𝑬𝑖𝑡 + 𝜷𝟐𝑷𝑖 + 𝜷𝟑𝑭𝑖𝑡 + 𝜷𝟒𝑪𝑖𝑡 + 𝛽5𝑌𝑖 )exp (𝜎𝜀). 

4. Data 

Various geospatial datasets to assess the effects of wildfire and drought on CRP persistence were 

used to construct a unique geodatabase for this study. CRP persistence is the number of years in 

which grassland was the majority of the land use in an expired CRP contract parcel.  The scale of 

the analysis is at the CRP parcel level. We obtained CRP parcel boundaries, management practices 

and contract information for this study directly from USDA, Farm Service Agency through a 

Memorandum of Understanding. The analysis conducted is for Kansas, which has 26,284 parcel-

level observations that were over an acre, managed mostly as grasslands, and at some point, had 

an expired CRP contract that was not immediately reenrolled in CRP, and had at least 1 year of 

observation after the CRP contract expired. The geodatabase developed covers a period of 10 

years, 2012-2021, and we use ArcGIS to do all processing for GIS data layers or geospatial data.   

We only use CRP parcels that were over an acre, managed mostly as grasslands, and at 

some point, had an expired CRP contract that was not immediately reenrolled back to CRP, and 

had at least 1 year of observation after the CRP contract expired3. We focused on CRP grassland 

                                                   

3We initially had 72,426 parcel-level observations, of which 13, 104 (18.09%) observations were still active contracts, 

19,153 observations were parcels that were immediately reenrolled (26.44%) back to CRP (Scenario 1), and 40,169 

(55.46%) had an expired CRP contract at some point. Of the 40,169 expired CRP contract, we dropped 13 observations 

that had missing CRP based practice at contract expiration, 10 observation with missing information on CDL land 
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because prairie grasses have been known to increase fuel load, increasing wildfire risk and 

intensity (Collins 2017; Frazier 2018). To determine the CRP persistence level, we first had to 

determine whether the CRP contract had expired and in which year it expired. If the expired 

contract was immediately renewed, we dropped those observations and retained those that were 

renewed at least one year later after contract expiration.4 We then obtained information on the 

CRP-based practice from the expired contract. We retained expired CRP parcels that were not 

buffers, and the majority of the land use was under grassland. 5 

We created observations for each year from the expiration date to 2021 for expired CRP 

parcels. In each year of observation, we obtained land use from crop data layers (CDL) in ArcGIS, 

sourced from the USDA National Agricultural Statistics Service (2024). The CDL provides annual 

land-use information, including categories of cultivated crops, grassland, shrubland, development, 

and open water. We resample the CDL layer from a 30m spatial resolution to a 10 meters spatial 

resolution to increase spatial accuracy. However, we cannot tell the difference between a CRP 

                                                   

use, 3536 observations that were not managed as grasslands based on the CRP contract, 2593 observation that had the 

majority of the land use that was not grassland at contract expiration based on CDL classification, and 7,729 

observations that had CRP contract expired in 2021 (the last year of our study period). After this adjustment, we were 

left with 26,288 parcel-level observations and dropped an additional 4 observations with missing values for one of the 

explanatory variables. 

4If we had multiple expired contracts but the difference between the contracts was 5 years or less, we treated the first 

contract as an extension and the second as an expired contract. We repeated the same process for cases with more 

than 2 expired contracts between 2012 and 2021. After correcting for this, none of the observations had more than 1 

expired contract between 2012 and 2021. 

5 We retained the following CRP practice number; CP1 (establishment of permanent introduced grasses & legumes, 

CP10 (Grass already established), CP12 (Wildlife food plot), CP18 (Establishment of permanent vegetation to reduce 

salinity), CP2 (Establishment of permanent native grasses), CP25 (Rare and declining habitat), CP38E (State acres for 

wildlife enhancement (SAFE), CP4 (Permanent wildlife habitat), CP42 (Pollinator habitat), 87 (Establishment of 

permanent introduced grasses and legumes), and 88(CRP grassland) CRP practices. 
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grassland practice and a regular grassland or pasture. We overlayed the CDL yearly layer to the 

CRP boundaries layer, and allocated land use to the land use that was the majority for each year 

of observation. However, a few observations were inconsistent; that is, the majority of the land use 

was not grassland in the year the contract expired, so we dropped these limited observations. We 

then calculated CRP persistence in years by counting the number of years the CRP-based practices 

had been retained on the land after contract expiration. If it switched to another land use, we 

recorded the event year and dropped every observation where the year was greater than the event 

year. We recognize that this is a limitation of the current study in that we are unable to differentiate 

between grassland management options, including CRP practices, pasture, grazing, etc. Future 

research could focus on this using remote sensing techniques, but that was beyond the scope of 

this study (Wang et al. 2022). 

Based on the data, we observe seven CRP persistence scenarios for a parcel that could arise 

after CRP contract expiration. Table 1.1 provides a detailed description of each scenario. In 

Scenarios 1, 2, 3, and 4, the expired CRP parcel is reenrolled in CRP, but the timing of enrollment 

differs across scenarios and determines whether the CRP-based practice is maintained. The other 

three remaining scenarios, 5, 6, and 7, pertain to an expired CRP contract that was never re-enrolled 

during the period of observation. The three scenarios differ in whether CRP-based practice was 

changed to another land management option and when that change occurred. It is important to note 

that in cases where a landowner switched between CRP and another land management option a 

couple of times, we considered only the period between the expiration year and the first switch 

when assessing persistence. We therefore ignore whether a parcel was eventually reverted to a 

CRP-based practice after being converted to a non-CRP-based practice. We dropped Scenario 1 

because it consists of CRP contracts that were immediately re-enrolled in CRP; all other scenarios 
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are included in the sample. For Scenario 2, Scenario 3, and Scenario 4, the contracts were renewed 

at least one year after contract expiration. If the CRP-based practice was retained between 

contracts, we captured CRP as the total number of years between the expiration year and 2021. 

However, if CRP-based practice changed between contracts, then CRP persistence was the 

difference between the event year when the landowner changed the land use and the expiration 

date. For the acreage of expired CRP parcels, we used the CRP boundaries layer and computed the 

acreage using the calculate geometry attributes tool in ArcGIS. 

Table 1.1. CRP Persistence Scenarios for a Land Parcel Previously in the CRP 

CRP 
Persistence 

Scenario 

CRP 
Contract 

Renewed 

Time of CRP 
Contract 

Renewal 

Change in 
CRP-

based 
practice  

Time of CRP-
based practice 

reversal  

Short Description 

Scenario 1 YES Immediately NO - Full CRP persistence 
and always active 

CRP contract 
Scenario 2 YES Future date NO - Full CRP persistence 

and renewed contract 
Scenario 3 YES Future date YES Immediately  Zero CRP 

persistence and 
renewed contract 

Scenario 4 YES Future date YES Future date   Partial CRP 
persistence and 

renewed contract 
Scenario 5 NO - NO - Full CRP persistence 

and expired contract 
Scenario 6 NO - YES Immediately Zero CRP 

persistence and 
expired contract 

Scenario 7 NO - YES Future date Partial CRP 

persistence and 
expired contract 

 

Data on wildfire occurrence, severity, boundaries, and ignition points were obtained from 

various sources in the Southern Great Plains: Monitoring Trends in Burn Severity (MTBS): 

https://www.mtbs.gov/, National Interagency fire center and historic Geospatial Multi-Agency 

Coordination Group (GeoMAC) perimeters: https://data-

https://www.mtbs.gov/
https://data-nifc.opendata.arcgis.com/datasets/48978dc5987e4fc19dce61ebdf02683b/about


22 

 

nifc.opendata.arcgis.com/datasets/48978dc5987e4fc19dce61ebdf02683b/about and Kansas Forest 

Service: https://hub.kansasgis.org/. We used ArcGIS software to calculate wildfire-damage 

severity and parcel distance to the closest wildfire for each year from 2012 to 2021. We overlayed 

each year’s wildfire boundary layer, i.e., 2012-2021, on the CRP boundaries layer and obtained 

information on the nearest wildfire distance in km and the percentage of the area burned by a 

wildfire.  

We were interested in the influence of megafires; we used the wildfire boundary layer to 

create a megafire boundary layer. A megafire is a fire that burns 100,000 acres of land or more. 

We computed the area burnt for each wildfire in the wildfire boundary layer and dropped any 

wildfire that burned less than 100,000 acres for each year from 2012-2021. We then overlayed the 

megafire boundary layer for each year on the CRP boundaries layer to obtain information on the 

nearest megafire distance in km and the percentage of parcel area burnt by megafire from 2012-

2021.  

We were to explore the influence of wildfire-damage severity on the surrounding land on 

CRP persistence. We created a 1000m buffer for each expired CRP parcel in ArcGIS using the 

CRP boundaries layer. A 1000m buffer captures the burnt area in the surrounding landscape in 

close proximity. This was done by using a buffer tool that adds a 1000m buffer around the expired 

CRP parcel in the CRP boundaries layer. We then used an erase tool to remove the area of the 

expired CRP parcel, leaving only the 1000m buffer. Using the created 1000m buffer layer, we 

intersected it with each wildfire and megafire boundary layer between 2012 and 2021 to obtain the 

percentage of the 1000m buffer burned by wildfire and megafire and the nearest distance to a 

wildfire and megafire for each year in the study.  

https://data-nifc.opendata.arcgis.com/datasets/48978dc5987e4fc19dce61ebdf02683b/about
https://hub.kansasgis.org/


23 

 

For parcel characteristics, we obtained information on soil type, land capability 

classification, and erosion capability from the California Soil Resource Lab (2025) that aggregates 

data from the Soil Survey Geographic Database (SSURGO) (UC Davis Soil Resource Laboratory 

2025). In the study, we used the land capability class for non-irrigated land and the percentage by 

weight for sand, clay, and silt. We used the land capability class for non-irrigated land because we 

focused only on CRP land under grassland. We also included the Kw factor and wind erodibility 

index (WEI), which measures soil erosion susceptibility to water and wind, respectively. We used 

soil properties measured at 0-25 cm depth. Soil properties were not measured yearly and are 

assumed constant over time.  

To capture the influence of land use for surrounding land, we estimate the percentages of 

surrounding land under crop production, grassland, development, and open water around a CRP 

parcel in ArcGIS. We do this using two buffers, a 50m buffer and a 1000m buffer. A 50m buffer 

captures the influence of immediate land use around the buffer, while a 1000m buffer captures 

land use for the surrounding landscape up to 1 km distance. We use the tabulate Area tool in 

ArcGIS to compute the area for different land uses. The two-input raster used was the 50m buffer 

and the CDL yearly layer. To obtain the percentage for each land use, we divided the area of the 

specific land use by the total area of the expired CRP parcel. We retained the percentages of crops, 

developed land, open water, and grass within a 50m buffer and a 1000m buffer for each parcel for 

each study year.  

We supplement these geospatial datasets with a calculated Laspeyres price index using 

state crop price levels and harvest data at the county level for four major crops in Kansas: corn, 

sorghum, wheat, and soybeans. The state crop price levels and state harvest data were obtained 
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from the U.S. Department of Agriculture, National Agricultural Statistics Service (USDA-NASS) 

(2025) and county harvest data were sourced from the Farm Service Agency (FSA) (2025). The 

Laspeyres index is a widely used measure of price changes over time, holding quantity constant at 

the selected base year. The index is easier to compute and interpret (Abe 2025; Goldschmidt et al. 

1973; Christensen 1975; Wahtra and Johnsson 2025). We decided to use 2010 total production as 

the fixed base weight for index calculation. The formular is shown below; we have suppressed the 

county index 𝑗 = 1, … , 𝑘 to simplify the notation.  

(11)𝐿𝑎𝑠𝑝𝑒𝑦𝑟𝑒𝑠 𝑃𝑟𝑖𝑐𝑒 𝐼𝑛𝑑𝑒𝑥𝑡 =
∑ (𝑃𝑖𝑡∗𝑄𝑖𝑡0

)𝑘
𝑖=1

∑ (𝑃𝑖𝑡0
∗𝑄𝑖𝑡0

)𝑘
𝑖=1

∗ 100, 

Where 𝑘 = 1, 2, 3, and 4, representing the crop codes for the four crops: corn (1), sorghum (2), 

wheat (3), and soybeans (4), with the numbers in brackets representing the crop code. 𝑄𝑖𝑡 is the 

base year 2010, 𝑃𝑖𝑡  represents the price for each crop at time t, 𝑃𝑖𝑡0
 is the price for each crop in 

2010 (base period), 𝑄𝑖𝑡  is the quantity for each crop at time t, and 𝑄𝑖𝑡0
is the quantity for each crop 

in 2010. 

To estimate the Laspeyres price index, we first adjusted the state crop prices using the 

producer price index (PPI) sourced from U.S. Bureau of Labor Statistics (2025) with 2021 as our 

base year, to obtain 𝑃𝑖  at various years (2010-2021). We then computed total production (𝑄𝑖𝑡) per 

county by multiplying the harvested acreage by the yield per acre. For any missing county yield-

per-acre data, we used a regional average.  We multiplied the 2010 total production per county by 

adjusted state crop prices for each year from 2010-2021 for corn (𝑃1𝑡 ∗ 𝑄1𝑡0
), sorghum (𝑃2𝑡 ∗

𝑄2𝑡0
), wheat (𝑃3𝑡 ∗ 𝑄3𝑡0

), and soybeans (𝑃4𝑡 ∗ 𝑄4𝑡0
) to get the value of production for each crop 

for each year. We then estimate the yearly Laspeyres price index by summing the value of 
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production for corn, sorghum, wheat, and soybeans for each county (∑ (𝑃𝑖𝑡 ∗ 𝑄𝑖𝑡0
)𝑘

𝑖=1 ), and divided 

by the value of total production for the four crops in 2010 (∑ (𝑃𝑖𝑡0
∗ 𝑄𝑖𝑡0

)𝑘
𝑖=1 ).  

We followed the same process and computed the state Laspeyres price index by using the 

state mean crop prices, mean yield per acre, and harvested acreage for each of the four crops. For 

counties with missing production values for any of the four crops, we used the state Laspeyres 

price index. We computed a lagged crop price index, a two-lagged crop price index, and a two-

year lagged moving-average crop price index. The two-year lagged moving average was used as 

our base variable, with the other crop price indices used as robustness checks.   

Yearly CRP rental rates and land rental rates were obtained from Farm Service Agency 

(FSA) (2025a) and U.S. Department of Agriculture, National Agricultural Statistics Service 

(USDA-NASS) (2025). In some years, land rates were missing for some counties, so we used an 

average land rate from neighboring counties. We had missing values in 2015 and 2018, as well. 

For the missing land rates for 2015, we used the average of 2014 and 2016, and for 2018, we used 

the average of 2017 and 2019.  We obtained land valuation by dividing the CRP rate by the land 

rental rate for each county in each year of the study. Population estimates per 1000 people were 

obtained from Census Bureau’s Population Estimates Program (PEP) (2025)  and also covered a 

10-year period. We had no missing county information for any of the years. 

Temperature and precipitation data were obtained from PRISM (2025), and the drought 

indices were obtained from Abatzoglou et al. (2025). We used the Palmer Drought Severity Index 

(PDSI) because it is a widely used and reliable measure of long term drought and drought risk. 

The index is suitable for areas with similar topography and accounts for geographical differences 

(Becker et al. 2022; Wallander et al. 2013; Hayes et al. 2002). We also did a robustness check by 
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using the Standardized Precipitation Index (SPI) that measures long-term drought risk and the 

Palmer Z-index (Z-index) that measures short-term drought risk. We downloaded monthly values 

from 1989 to 2021 for temperature, precipitation, PDSI, SPI, and the Z-index. We use extract multi 

values to points tool in ArcGIS to extract parcel-specific temperature, precipitation, PDSI, SPI, 

and Z-index from the various geospatial layers. We first computed a yearly value, and then a one-

year lagged value, a 2-year lagged moving average, a 5-year lagged moving average, and a 10-

year lagged moving average for the measures of temperature, precipitation, and drought indices in 

STATA. Our base category was a 10-year lagged moving average for weather variables and 

drought, as it captures weather trends. We conducted robustness checks using the other measures 

to assess the impact of different time horizons. 

Table 1.2 shows the mean and standard deviation of the set of dependent and explanatory 

variables used in the empirical model. The dependent variable is CRP persistence (survival time) 

and captures how long the parcel retains the CRP-based practice after CRP contract expiration. 

The mean CRP persistence for a CRP-based practice was 3.32 years, and persistence ranged 

between zero and nine years. In Figure 1.1, we show the mean persistence level for each county in 

Kansas across expiring CRP parcels. 
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Table 1.2. Descriptive Statistics and Definitions for Dependent and Explanatory Variables 

Variable Description N a 

Mean 

(Standard 
Deviation) b 

Dependent variable 

CRP Persistence  
Number of years CRP-based practice has been retained 
on the land after contract expiration 

26284 
3.32 

(2.98) 

Cross-Sectional Explanatory Variables 

Clay Per cent of clay by weight 26284 
23.86 
(7.87) 

Silt Per cent of silt by weight 26284 
49.60 

(16.40) 

Kw factor 
Measures the susceptibility of soil to detachment caused 

by runoff or raindrop impact 
26284 

0.35 

(0.06) 

WEI 
Wind erodibility index (WEI) measures the susceptibility 
of soil to wind erosion 

26284 
68.00 

(26.42) 

Acres Size of expired CRP parcel (acres) 26284 
37.36 

(53.12) 

Land class 
Land 
capability 
class 

Class 1 (Base and most suitable for crop 
production) 

130 
130.00 

(0.49%) 

Class 2 10232 38.93 
Class 3 10972 41.74 
Class 4 2629 10.00 
Class 5 62 0.24 
Class 6 2140 8.14 
Class 7 (Least suitable for crop 
production) 

119 0.45 

Time 0 
CRP Contract 
Expiration 
Year (T0)  

T0=2012 4443 16.90 

T0=2013 2644 10.06 
T0=2014 2762 10.51 
T0=2015 1910 7.27 
T0=2016 2625 9.99 
T0=2017 2171 8.26 
T0=2018 2375 9.04 
T0=2019 879 3.34 

T0=2020 (Base) 6475 24.63 

Time-varying explanatory variables  

Mavetemp_10yrlag 10-year lagged moving average temperature (Celsius) 96042 
12.86 
(0.86) 

Maveprep_10yrlag 
10-year lagged moving average precipitation 
(millimeters) 

96042 
60.39 

(15.71) 

Mavepdsi_10yrlag 10-year lagged moving average PDSI score 96042 
1.44 

(0.72) 

Nearest wildfire Distance to the nearest wildfire (Kilometers) 96042 
62.53 

(48.20) 

Nearest megafire Distance to the nearest megafire 96042 
337.14 

(269.45) 
Megafire =1 if we had a megafire in that year 96042 70.85 
Percent parcel burnt Per cent of the expired CRP parcel that was burned by 96042 0.26 
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Variable Description N a 

Mean 

(Standard 
Deviation) b 

wildfire (4.98) 

Percent buffer burnt Per cent of the 1000m buffer that was burned by wildfire 96042 
0.24 

(4.17) 
Megafire damage =1 if a megafire caused wildfire damage on the parcel 96042 0.16 
Megafire buffer 
damage 

=1 if a megafire caused wildfire damage on the 1000m 
buffer 

96042 0.20 

Perbuffer50m_crop 
Percentage of crops on a 50m buffer of the surrounding 
land 

96042 
25.66 

(25.87) 
Perbuffer50m_develo
ped 

Percentage of developed land on 50m buffer of the 
surrounding land 

96042 
12.04 

(13.19) 

Perbuffer50m_water 
Percentage of open water on 50m buffer of the 
surrounding land 

96005 
0.32 

(2.02) 

Perbuffer50m_grass 
Percentage of grass on a 50m buffer of the surrounding 

land 
96005 

48.19 

(28.28) 
Perbuffer1000m_cro
p 

Percentage of crops on a 1000m buffer of the 
surrounding land 

96042 
43.14 

(24.58) 
Perbuffer1000m_dev
eloped 

Percentage of developed land on a 1000m buffer of 
surrounding land 

96042 
4.50 

(3.13) 

Perbuffer1000m 
water 

Percentage of open water on 1000m buffer of the 
surrounding land 

96042 
0.48 

(1.27) 

 
Perbuffer1000m_gras
s 

Percentage of grass on a 1000m buffer of the 
surrounding land 

96042 
39.51 

(24.85) 

Land valuation Ratio of CRP rental rates to land rental rates for pasture  96042 
17.94 
(6.77) 

Pop estimate Population estimates per 1000 people 96042 
17.15 

(35.10) 

Laspeyres crop index  
The mean two-year lagged moving average crop price 

index 
96042 

87.48 

(39.91) 
a N is different for Perbuffer50m_water and Perbuffer50m_water because the land use was missing.  
b For categorical variables, like land capability class and expiration year, the mean represents the frequency of 

occurrence of a given variable. 
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Figure 1.1. Map of CRP Persistence per County of Expiring CRP Parcels between 2012-2021 

 

We classified the explanatory variables into four groups: parcel characteristics, type of land 

cover for surrounding land, environmental factors, and financial and economic markets. For parcel 

characteristics, we included size of the parcel in acres, percentage weight of silt and clay, land 

capability class for non-irrigated land, kw factor, and wind erodibility index (WEI). On average, 

expired CRP contract parcels were about 37.36 acres in size. Figure 1.2. shows the total acreage 

of CRP land that was under CRP contracts between 2012 and 2021. The soil composition of these 

expired CRP contract parcels was, on average, 50% silt, 24% clay, with the rest constituting sand. 

The majority of expired CRP contract parcels were classified in class 3 and class 2 of the land 

capability class at 42% and 39%, respectively. Two other classes, class 4 and class 6, had about 

10% of the observations each, with the remaining classes accounting for less than 1% each. The 

suitability of land for crop use decreases with an increase in class value (USDA 2014). Classes 1 

to 4 are suitable for crop production if properly managed, pasture production, and woodland. 
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Classes 5 to 7 are not suitable for crop production without specialized management but are good 

for permanent covers such as grasses and trees, and class 8 is suitable for recreation and wildlife 

habitat (USDA 2014). The mean WEI was 68.00, and the higher the erodibility index, the higher 

the wind erosion. As for the Kw factor, the mean was 0.35, with higher values indicating that the 

soil is more susceptible to detachment caused by runoff or raindrop impact (USDA 2024). 

Figure 1.2. Total CRP Acreage per County from 2012 to 2021. 

 

In order to capture trends in environmental factors, we used a 10-year moving average as 

a base. The mean 10-year moving average precipitation was 60.39 millimeters and 12.86° Celsius 

for temperature. The mean 10-year moving average PDSI was 1.44, depicting a slightly wet period. 



5 

 

There were some parcels that had experienced extremely wet conditions and others that had 

incipient dry spells. The classification of PDSI was based on Hayes et al. (2002). As for wildfires, 

we were interested in the distance to the closest wildfire and megafire, if a parcel and surrounding 

area were burnt during a megafire event, and the percentage of the parcel and surrounding land 

that was burnt by any wildfires. The mean distance to the closest wildfire was 62.53km and 337.14 

km for a megafire. On average, only 0.26% of expired CRP contract parcels were burnt by any 

wildfire, and megafires burned 0.16% of these parcels. In order to determine the effect of wildfire 

on surrounding land, we created a 1000m buffer around the expired CRP contract parcel, and on 

average, a slightly higher percentage of buffers were burnt, i.e., 0.24% of the 1000m buffer and 

0.20% of these parcels were burnt by megafires.  

We also created a 50m buffer to capture the land management activities for the surrounding 

land of the expired CRP contract parcel. We did not capture all land management options, as we 

were only interested in the percentage of the area under grassland, open water, crops, and 

development. The mean percentage for the area of land around a parcel was 48.19% devoted to 

grassland, 0.32% to open water, 25.66% to crop production, and 12.04% to development. Land 

use was much different for a 1000m buffer; it was 39.51% for grassland, 43.14% for crop 

production, 4.50% for development, and 0.48% for open water. It was felt that the 50m buffer was 

a much better indicator of the influence of surrounding land, as it captures the immediate land use 

around the CRP parcel and not up to 1 km away.  

We captured financial and economic market factors using land valuation, population 

estimates, and crop price indices. The mean population per county was 17,155 people, and the 

rental payments received from CRP per county were always higher than those of renting land for 
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pasture. The mean land valuation measure, which was (
CRP rental rates

Land rental rates
), was 17.94. The population 

was measured in thousands of people. The mean two-year lagged moving average crop price index 

was 87.48, indicating a decrease in the prices of goods based on the 2010 base year. However, 

there were some cases where the price index more than doubled and instances where the price 

index was about half the base year index, indicating fluctuations in crop prices over the period for 

the study. 

5. Results  

5.1 Summary Statistics of CRP Persistence  

CRP persistence in this study captures how long land has persisted in a CRP-based practice after 

contract expiration. We observed six CRP persistence scenarios as detailed in Table 1.1. The 

largest category, representing 54% of the parcels examined, was Scenario 5 and constituted land 

that retained the same CRP-based practice after contract expiration. It was followed by scenario 7 

with partial CRP persistence on an expired contract at 17%. Partial CRP persistence means that 

CRP-based practice was not retained for the entire observation period after contract expiration but 

persisted for at least one year. This was followed by scenario 6 at 15%, where land was 

immediately converted after contract expiration, indicating zero CRP persistence. The remaining 

14% of the observations were parcels that were re-enrolled in CRP after contract expiration. Of 

these, 13% maintained the same CRP-based practice between contracts (Scenario 2). For the two 

remaining scenarios, Scenario 3 and Scenario 4, which both consisted of less than 1% of total 

parcels being examined, the former represented parcels where there was a change from the CRP-

based practice immediately (zero CRP persistence), and for the latter, CRP-based practice 

persisted for at least one year after contract expiration (partial CRP persistence). 
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Although the average CRP persistence was 3.32 years, it varied across the different CRP 

persistence scenarios. In Table 1.3, we show persistence in years for each CRP category and the 

percentage of observations in each category. The mean CRP persistence was highest in Scenario 

2 at 5.65 years, with grassland practices persisting between CRP contract expiration and renewal. 

This scenario was followed by Scenario 5 at 4.07 years, which had full CRP persistence but never 

renewed the CRP contract. The third longest was Scenario 7 at 2.27 years with partial CRP 

persistence, with the parcel never being re-enrolled into a contract. The least persistent was 

Scenario 4 at 1.84 years, which had partial CRP persistence, meaning CRP grassland practices 

persisted for a period of time, but land was eventually converted to another use (crop production, 

development, etc.) prior to the parcel being re-enrolled into the CRP. In Scenarios 3 and 6, the 

CRP persistence was zero as it constituted parcels that immediately reverted to other land 

management options for land that was re-enrolled back to CRP and those that never renewed the 

CRP contract. 

Table 1.3. CRP Persistence in Years Based on CRP Categories 

CRP Persistence Scenario Percentage of observations Persistence in years 

Scenario 2 12.90% 5.65 
Scenario 3 0.40% 0 
Scenario 4 0.41% 1.84 
Scenario 5 53.89% 4.07 
Scenario 6 15.09% 0 

Scenario 7 17.31% 2.27 

After CRP contract expiration, two-thirds of the parcels with expired CRP contracts 

retained the same or similar CRP-based practices for the period of observation, i.e. Scenario 2 and 

Scenario 5. All the other scenarios consisted of a third of the parcels that converted to another land 

use within the period of observation; the majority converted to crop production (68.96%). The four 

major crops that were grown on expired CRP land were soybeans (26.3%), corn (15.5%), winter 
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wheat (16.3%), and sorghum (10.2%). Other land uses included shrubland (9.72%), fallow 

(11.31%), hay (7.42%), and development (0.74%), with the rest of the other land use constituting 

less than 2% of parcels with expired contracts. Over time, we observe the same trend in land use 

conversion for lands converted after contract expiration, which was most often crop production.  

When land-use changes are examined considering parcels that were re-enrolled in CRP, our 

story changes. We found that for parcels that were re-enrolled in CRP during the observed period, 

less than 37% of the land use conversion was cropland. For Scenario 3, the two top land uses were 

hay at 30.48%, followed closely by crop production at 29.5%. In Scenario 4, the primary land-use 

conversion was to crop production (36.1%), followed closely by shrubland (35.2%). In Scenario 

3, reversing the CRP-based practice was immediate, and in Scenario 4, it was at least one year 

after contract expiration. For CRP contracts that were not renewed, if converted, the most likely 

land use conversion was to cropland. This accounted for 72.66% of parcels under scenario 6 and 

72.81% of parcels under scenario 7, with the former representing land conversion immediately and 

at least one year after contract expiration for the latter. 

5.2 Factors Influencing CRP persistence 

We used a Mixed Effect Weibull AFTM to determine which explanatory variables influenced CRP 

persistence. We estimated average marginal effects (AME) for each explanatory variable, as well. 

These marginal effects capture the percentage change in CRP persistence per unit change in an 

explanatory variable, holding all other explanatory variables constant. The scale parameter 𝑃 for 

each of the estimated models in Table 1.4 is greater than one, meaning that the probability of 

maintaining the CRP-based practice increases monotonically with time and supports the 

assumption that the baseline hazard follows a Weibull distribution. We also find a statistically 



9 

 

significant standard deviation for the random intercept that varies across counties, supporting the 

use of a Mixed Effect Weibull AFTM clustered at the county level, with a P-value <0.05.6 A 

positive (negative) coefficient estimates in the Mixed Effect Weibull AFTM show that a covariate 

increases (decreases) persistence over time. In our case, this means that the covariate prolongs 

(shortens) CRP persistence.  

 

                                                   

6We also re-estimated the Weibull AFTM using county fixed effects instead of a mixed effect model. We used an 

LR test to compare the mixed effect Weibull AFTM to a fixed effect Weibull AFTM. The results support the use of 

mixed effect Weibull AFTM with a p-value<0.01 for the LR test.  
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Table 1.4. Mixed Effects Weibull Accelerated Failure Time Model (AFTM) Estimation for CRP Persistence 
 

Model 4A Model 4B Model 4C Model 4D Model 4E 

Variables Coeff % AME Coeff % AME Coeff % AME Coeff % AME Coeff % AME 
  

 
 

 
 

 
 

 
  

Clay 0.004 0.40 0.004 0.40 0.003 0.30 0.002 0.20 0.002 0.20  
(0.004)  (0.005)  (0.005)  (0.005)  (0.005) 

 

Silt 0.003 0.30 0.003 0.30 -0.000 0.00 -0.001 -0.10 -0.001 -0.09  
(0.003)  (0.003)  (0.003)  (0.003)  (0.003) 

 

Kw factor -
1.508** 

351.77 -
1.502** 

-77.73 -0.733 -51.95 -0.830 -56.40 -0.783 -54.27 

 
(0.593)  (0.593)  (0.620)  (0.663)  (0.657) 

 

WEI 0.003 0.30 0.003 0.30 0.001 0.10 0.000 0.00 0.000 0.03  
(0.002)  (0.002)  (0.001)  (0.001)  (0.001) 

 

Acres -
0.009** 

-0.90 -
0.009** 

-0.90 -
0.010** 

-1.00 -
0.011** 

-1.09 -
0.011** 

-1.05 

 
(0.004)  (0.004)  (0.004)  (0.004)  (0.004) 

 

Acres^2 0.000**
* 

0.00 0.000**
* 

0.00 0.000**
* 

0.00 0.000**
* 

0.00 0.000**
* 

0.00 

 
(0.000)  (0.000)  (0.000)  (0.000)  (0.000) 

 

Class 2 -0.072 -6.95 -0.072 -6.95 -0.163 -15.04 -0.180 -16.47 -0.176 -16.15  
(0.130)  (0.130)  (0.118)  (0.137)  (0.137) 

 

Class 3 0.060 6.18 0.059 6.08 -0.094 -8.97 -0.094 -8.97 -0.093 -8.84  
(0.131)  (0.131)  (0.120)  (0.139)  (0.138) 

 

Class 4 0.110 11.63 0.109 11.52 -0.092 -8.79 -0.110 -10.42 -0.108 -10.20  
(0.138)  (0.138)  (0.127)  (0.144)  (0.142) 

 

Class 5 0.557 74.54 0.556 74.37 0.160 17.35 0.148 15.95 0.151 16.34  
(0.441)  (0.441)  (0.400)  (0.373)  (0.373) 

 

Class 6 0.266* 30.47 0.265* 30.34 0.023 2.33 0.017 1.71 0.022 2.27  
(0.154)  (0.154)  (0.143)  (0.158)  (0.157) 

 

Class 7 0.110 11.63 0.110 11.63 -0.056 -5.45 -0.052 -5.07 -0.041 -3.97  
(0.203)  (0.203)  (0.184)  (0.201)  (0.200) 

 

Class 2* Acres 0.003  0.003  0.004  0.004  0.004  
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Model 4A Model 4B Model 4C Model 4D Model 4E 

Variables Coeff % AME Coeff % AME Coeff % AME Coeff % AME Coeff % AME 
 

(0.004)  (0.004)  (0.004)  (0.004)  (0.004)  

Class 3* Acres 0.003  0.003  0.004  0.004  0.004   
(0.004)  (0.004)  (0.004)  (0.004)  (0.004)  

Class 4* Acres 0.005  0.005  0.005  0.005  0.005   
(0.004)  (0.004)  (0.004)  (0.004)  (0.004)  

Class 5* Acres 0.011  0.011  0.014  0.013  0.012   
(0.016)  (0.016)  (0.017)  (0.014)  (0.013)  

Class 6* Acres 0.004  0.004  0.004  0.004  0.004   
(0.004)  (0.004)  (0.004)  (0.004)  (0.004)  

Class 7* Acres 0.006  0.006  0.007  0.007  0.007   
(0.005)  (0.005)  (0.005)  (0.006)  (0.005) 

 

Laspeyres crop index  -

0.011**
* 

-1.09 -

0.011**
* 

-1.09 -

0.012**
* 

-1.19 -

0.012**
* 

-1.19 -

0.011**
* 

-1.12 

 
(0.001)  (0.001)  (0.001)  (0.001)  (0.001) 

 

T0=2012 1.941**
* 

596.57 1.942**
* 

597.27 1.887**
* 

559.95 1.852**
* 

537.26 1.873**
* 

550.60 

 
(0.076)  (0.076)  (0.077)  (0.076)  (0.076) 

 

T0=2013 1.591**
* 

390.87 1.592**
* 

391.36 1.556**
* 

373.98 1.530**
* 

361.82 1.546**
* 

369.33 

 
(0.075)  (0.075)  (0.075)  (0.073)  (0.071) 

 

T0=2014 1.409**
* 

309.19 1.409**
* 

309.19 1.384**
* 

299.08 1.345**
* 

283.82 1.361**
* 

289.87 

 
(0.075)  (0.074)  (0.070)  (0.071)  (0.070) 

 

T0=2015 1.205**
* 

233.68 1.204**
* 

233.34 1.197**
* 

231.02 1.152**
* 

216.45 1.168**
* 

221.43 

 
(0.092)  (0.091)  (0.089)  (0.088)  (0.089) 

 

T0=2016 1.098**
* 

199.82 1.098**
* 

199.82 1.075**
* 

193.00 1.032**
* 

180.67 1.047**
* 

184.90 

 
(0.100)  (0.100)  (0.096)  (0.094)  (0.093) 
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Model 4A Model 4B Model 4C Model 4D Model 4E 

Variables Coeff % AME Coeff % AME Coeff % AME Coeff % AME Coeff % AME 

T0=2017 0.970**

* 

163.79 0.970**

* 

163.79 0.943**

* 

156.77 0.896**

* 

144.98 0.902**

* 

146.46 

 
(0.107)  (0.106)  (0.103)  (0.099)  (0.095) 

 

T0=2018 0.870**
* 

138.69 0.869**
* 

138.45 0.854**
* 

134.90 0.823**
* 

127.73 0.829**
* 

129.13 

 
(0.066)  (0.066)  (0.061)  (0.058)  (0.058) 

 

T0=2019 0.434**
* 

54.34 0.438**
* 

54.96 0.443**
* 

55.74 0.438**
* 

54.96 0.444**
* 

55.89 

 
(0.095)  (0.095)  (0.094)  (0.096)  (0.095) 

 

Mavetemp_10yrlag 0.349**
* 

41.76 0.348**
* 

41.62 0.312**
* 

36.62 0.323**
* 

38.13 0.349**
* 

41.80 

 
(0.106)  (0.106)  (0.080)  (0.087)  (0.091) 

 

Maveprep_10yrlag -0.003 -0.30 -0.002 -0.20 -0.009* -0.90 -0.011* -1.09 -0.016* -1.54  
(0.008)  (0.008)  (0.006)  (0.006)  (0.008) 

 

Mavepdsi_10yrlag 0.035 3.56 0.034 3.46 0.036 3.67 0.044 4.50 0.056 5.80  
(0.044)  (0.044)  (0.040)  (0.039)  (0.041) 

 

Nearest wildfire 0.001 0.10 0.001 0.10 0.000 0.00 0.000 0.00 -0.000 -0.01  
(0.000)  (0.000)  (0.000)  (0.000)  (0.000) 

 

Megafire 0.452**

* 

57.15 0.451**

* 

56.99 0.409**

* 

50.53 0.386**

* 

47.11 0.355**

* 

42.55 

 
(0.118)  (0.117)  (0.111)  (0.111)  (0.109) 

 

Megafire *Nearest megafire -
0.001**

* 

 -
0.001**

* 

 -
0.001**

* 

 -
0.001**

* 

 -
0.000**

* 

 

 
(0.000)  (0.000)  (0.000)  (0.000)  (0.000) 

 

Megafire damage 9.908**
* 

2008945
.29 

0.145 15.60 0.198 21.90 0.023 2.33 0.027 2.72 

 
(0.631)  (0.292)  (0.331)  (0.300)  (0.293) 

 

Percent parcel burnt -0.001 -0.10 -0.014* -1.39 -0.013 -1.29 -0.013 -1.29 -0.013 -1.27  
(0.006)  (0.008)  (0.008)  (0.009)  (0.009) 
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Model 4A Model 4B Model 4C Model 4D Model 4E 

Variables Coeff % AME Coeff % AME Coeff % AME Coeff % AME Coeff % AME 

Megafire damage *Percent parcel 

burnt 

0.006  0.019**

* 

 0.017**  0.020**

* 

 0.020**

* 

 

 
(0.005)  (0.007)  (0.007)  (0.007)  (0.007) 

 

Megafire buffer damage 
 

 9.877**
* 

1947620
.33 

9.916**
* 

2025082
.11 

9.368**
* 

1170667
.63 

10.747*
** 

4650281
.35   

 (0.509)  (0.511)  (0.493)  (0.535) 
 

Percent buffer burnt 
 

 0.025* 2.53 0.024 2.43 0.025 2.53 0.024 2.48   
 (0.015)  (0.016)  (0.017)  (0.017) 

 

Megafire buffer damage* Percent 
buffer burnt 

 
 -0.025*  -0.020  -0.026  -0.025 

 

  
 (0.015)  (0.016)  (0.017)  (0.017) 

 

Perbuffer1000m_crop 
 

 
 

 -0.001 -0.10 
 

 
  

  
 

 
 (0.001)  

 
 

  

Perbuffer1000m_developed 
 

 
 

 -0.000 0.00 
 

 
  

  
 

 
 (0.003)  

 
 

  

Perbuffer1000m_water 
 

 
 

 0.004 0.40 
 

 
  

  
 

 
 (0.009)  

 
 

  

Perbuffer1000m_grass 
 

 
 

 0.010**
* 

1.01 
 

 
  

  
 

 
 (0.001)  

 
 

  

Perbuffer50m_crop 
 

 
 

 
 

 -

0.005**
* 

-0.50 -

0.005**
* 

-0.50 

  
 

 
 

 
 (0.001)  (0.001) 

 

Perbuffer50m_developed 
 

 
 

 
 

 -0.000 0.00 -0.000 -0.03   
 

 
 

 
 (0.001)  (0.001) 

 

Perbuffer50m_water 
 

 
 

 
 

 0.010**
* 

1.01 0.009**
* 

0.94 

  
 

 
 

 
 (0.003)  (0.003) 

 

Perbuffer50m_grass 
 

 
 

 
 

 0.008**
* 

0.80 0.008**
* 

0.80 
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Model 4A Model 4B Model 4C Model 4D Model 4E 

Variables Coeff % AME Coeff % AME Coeff % AME Coeff % AME Coeff % AME 
  

 
 

 
 

 (0.001)  (0.001) 
 

Land valuation 
 

 
 

 
 

 
 

 0.023** 2.28   
 

 
 

 
 

 
 (0.009) 

 

Pop estimate 
 

 
 

 
 

 
 

 -0.001* -0.09   
 

 
 

 
 

 
 (0.001)    

 
 

 
 

 
 

 
 

 

Constant -

2.553** 

 -

2.552** 

 -1.747*  -1.450  -1.959*  

 
(1.277)  (1.275)  (0.984)  (1.040)  (1.110)  

Weibull parameter (P) 1.914  1.914  1.921  1.927  1.946  

Variance (constant [County]) 0.215**
* 

 0.215**
* 

 0.126**
* 

 0.133**
* 

 0.152**
* 

 

 
(0.071)  (0.071)  (0.041)  (0.044)  (0.059)  

AIC 50533.4
10 

 50518.9
12 

 49447.8
95 

 48283.7
90 

 48232.9
99 

 

Log likelihood -
25227.7

05 

 -
25217.4

56 

 -
24677.9

47 

 -
24095.8

95 

 -
24068.4

99 

 

Observations 96042  96042  96042  96005  96005  

Note: Asymptotic standard errors are in parentheses. *** denotes p<0.01, ** denotes p<0.05, and * denotes p<0.1 
% AME change refers to the percentage change in the time of CRP persistence. % AME for interaction terms is incorporated into the individual 
% AME. 
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Model 4A in Table 1.4 is our base model and captures the influence of environmental 

factors, parcel characteristics, crop price index, and contract expiration year. As we move from 

one subsection to another, we build on the base model by adding more explanatory variables. We 

did this to determine whether including more explanatory variables improves the model's fit and 

whether the story changes. Model 4B adds wildfire damage to surrounding land; Model 4C 

captures the influence of alternative land uses within the 50m buffer; Model 4D estimates the same 

effects as Model 4C but increases the buffer to 1000m (1 km) for alternative land uses; and Model 

4E adds land valuation and population density to the model. AIC and log-likelihood decrease with 

additional explanatory variables, indicating a better model fit. 

5.2.1 Influence of environmental factors, parcel characteristics, crop price index, and 

contract expiration year on CRP persistence. 

In the base model (Model 4A), we see that CRP persistence increases every year the land has been 

retained in a CRP practice after contract expiration, and the effect was highly significant. The 

coefficient of the expiration year decreases as we move from 𝑇0 = 2012 to 𝑇0 = 2020. The year 

2021 is the base year. Looking at the effect of wildfire on CRP persistence, we find that only 

megafire characteristics had a significant effect on CRP persistence. The closer the megafire was 

to the parcel, the higher the likelihood of persistence (p-value is 0.01). However, for parcels that 

were further away from the megafire, CRP persistence decreased for each km the megafire was 

from the homestead, and it was highly significant. Parcels that were burned by a megafire had a 

higher CRP persistence level compared to those that were burned by other wildfires. Despite CRP 

persistence increasing for the percentage of area burned by a megafire event and decreasing for 

every increase in percentage burned by a smaller wildfire, both effects were insignificant. The 
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effect of wildfire damage was the same regardless of the percentage of the area burned on the 

parcel  

Regarding climatic factors, we find that as drought severity increases, CRP land is more 

likely to be converted to other land uses, but the effect was not statistically significant. An increase 

in the 10-year-moving average lagged temperature increases CRP persistence, while an increase 

in the 10-year-moving average lagged precipitation decreases CRP persistence. Of the two 

environmental factors, temperature was the only factor that had a significant relationship with CRP 

persistence. 

For the remaining explanatory variables, the effects on CRP persistence differed. An 

increase in the two-year lagged moving-average crop price index (Laspeyres price index) resulted 

in a significant reduction in CRP persistence. None of the physical soil properties influenced CRP 

persistence in the base model. Based on land capability, the higher the capability class, the greater 

the CRP persistence relative to Class 1, which was the most suitable for crop production. 

Irrespective of the acreage, we only observe a significant positive difference between Class 1 and 

Class 6. As for the influence of erodibility of the land, the higher the Kw-factor, the lower the level 

of CRP persistence. We observed no significant relationship between the wind erodibility index 

and CRP persistence in the base model. We found that CRP persistence decreased with acreage as 

the coefficient on acres was negative, and the effect of acreage was decreasing at an increasing 

rate (p-value < 0.05, and the coefficient on acres2 is positive).  

Looking at the percentage change average marginal effect (AME) for some significant 

variables, we find that an increase in acreage by 10 acres decreased CRP persistence time by 9%. 

For climatic conditions, an increase in the 10-year-moving-average lagged temperature by one 
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degree Celsius increased CRP persistence time by 42%. An increase in the crop price index by 1% 

decreased CRP persistence time by 1%. It was interesting that during years with megafires, CRP 

persistence time increased by 57%, but the effect decreased for every increase in kilometers from 

a megafire.   

5.2.2 Influence of wildfire damage on surrounding land (1000m buffer) on CRP persistence  

To further explore the effect of wildfire damage on surrounding land, we estimated Model 4B by 

including the percentage of burnt area from wildfires and whether megafires or other wildfires 

caused the damage within a 1000m buffer around the parcel. For every increase in percentage area 

burned for the surrounding land within a 1000m buffer, CRP persistence increased at a decreasing 

rate, but the effect was much higher if a megafire caused wildfire damage. Both effects were 

statistically significant. However, the effect of megafires was the same regardless of the percentage 

of area burned by megafires. 

The size of the coefficients is mostly the same when we compare Model 4B and Model 4A. 

However, no significant difference was observed for wildfire damage caused by megafires and 

other wildfires on a parcel. For other wildfires, CRP persistence decreased with an increase in the 

percentage of area burned by a wildfire, but CRP persistence increased if a megafire caused the 

damage. At the same time, the sign and significance level remain unchanged for distance to closest 

wildfire (insignificant) and megafires (-), PDSI drought index (insignificant), parcel characteristics 

(acreage (-), kw-factor (-), difference between Class 1 and Class 6 (+)), precipitation 

(insignificant), temperature (+), crop price index (-), and contract expiration year (all +). 
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The AME for acreage, temperature, crop price index, and megafires in Model 4B is similar 

to that of Model 4A. An increase in acreage by 10 acres decreases CRP persistence time by 9%. 

Every increase in the 10-year moving average lagged temperature by 1degree Celsius increases 

CRP persistence time by 42%, while an increase in the crop price index by 1% decreases CRP 

persistence time by 1%. As for years in which we had megafires, CRP persistence time increased 

by 57%. The effect was much higher if a megafire burned the surrounding land (50m buffer), 

increasing CRP persistence significantly.7 Dropping the effect of megafire on a buffer will be 

misleading, and it may be that megafire on surrounding land plays a crucial role in shaping land 

management. When examining the data, we find that a higher percentage of buffers around expired 

CRP parcels are more often burned by wildfires when compared to expired CRP parcels being 

directly burned by wildfires. An increase in the percentage of area burned on a buffer by 1% 

increased CRP persistence time by 3%.  

5.2.3 Influence of the surrounding land within 50m and 1000m buffers on CRP persistence 

We also incorporated the effect of immediate surrounding land use on CRP persistence by creating 

a 50m and 1000m buffer around each parcel being examined. We added factors examining the 

influence of alternative land uses within the 50m buffer to Model 4C. CRP persistence decreased 

with an increase in the percentage of crops on the surrounding land and increased if the parcel is 

bordered by open water or grassland. We also estimated the same effects when increasing the 

buffer to 1000m or 1 km, and the findings were relatively the same (see Model 4D in Table 1.4). 

The only significant land use with the 1000m buffer was grassland, indicating that the higher the 

                                                   

7 Dropping the effect of mega wildfire damage on the surrounding land on the model increases the impact of wildfire 

damage on the parcel, and the AME remains very high, see Model 4A. 



19 

 

percentage of grassland, the more likely the land was to remain under management practices 

similar to CRP.  

There was no change in signs and significance level between Model 4C and Model 4D. In 

both models, other wildfires no longer influence CRP persistence, but CRP persistence is still 

higher if a megafire burns the parcel, and it increases as the percentage of the parcel burned 

increases. Megafire damage in the surrounding 1000m buffer still increases CRP persistence 

irrespective of the percentage area burned, and it is significant at the 1% level. Different from the 

prior models, an increase in the 10-year moving average of lagged precipitation decreases CRP 

persistence. In the case of the land capability class, signs have changed for some, but none are 

statistically significant. The percentage of silt switched signs from positive to negative, but the 

effect on CRP persistence remains insignificant. Kw-factor is no longer statistically significant. 

We observe similar results for other explanatory variables, i.e., distance to closest wildfire 

(insignificant) and megafires (-), PDSI drought index (insignificant), parcel characteristics 

(acreage (-)), temperature (+), crop price index (-), and contract expiration year (all +). 

For Model 4C and Model 4D, the AME for acreage and crop price index is slightly higher 

than those of Model 4A and Model 4B. An increase in acreage by 10 acres increases CRP 

persistence time by 10% and decreases CRP persistence time by 1% for an increase in the crop 

price index by 1%. The 10-year moving average lagged temperature had a slightly lower effect on 

CRP persistence time; an increase in the 10-year moving average lagged temperature by 1-degree 

Celsius increased CRP persistence time by 37% in Model 4C and 38% in Model 4D. An increase 

in the 10-year moving average lagged precipitation by a millimeter decreased CRP persistence 

time by 1% for both Model 4C and Model 4D, which was insignificant for Model 4A and 4B. 
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Years in which we had megafire increased CRP persistence time by 51% in Model 4C and 47% in 

Model 4D, which was lower than the other two prior models. Megafire damage on the buffer still 

had a highly positive and significant effect on CRP persistence.  

For a 50 m buffer of surrounding land (Model 4D), an increase in the percentage of crop 

land by 1% for the surrounding land decreased CRP persistence time by 0.50%. In comparison, a 

1 per cent increase in open water increased CRP persistence time by roughly 1%, and an increase 

in the percentage of grassland by unit increased CRP persistence time by 0.80%. In Model 4C, 

when the buffer was increased to 1000m, only the percentage of grassland had a significant effect. 

An increase in the percentage of grassland by 1% increased CRP persistence time by 1%. 

5.2.4 Influence of land valuation and population density on CRP persistence 

Our final model, Model 4E, included land valuation and population density to better control for 

influences from market and development factors, and both variables were significant. We use 50m 

buffer for surrounding land use. Increases in mean land valuation (
CRP rental rates

Land rental rates
) increased CRP 

persistence and an increase in population density decreased CRP persistence. The effect of 

megafires was still significant. Parcels close to megafires had a higher CRP persistence, and so did 

landowners who had a megafire burn on the expired CRP parcel or surrounding land. Although 

the sign of the nearest wildfire distance switched sign from positive to negative, it was statistically 

insignificant, like the other models. An increase in the percentage of crops on the surrounding land 

still decreased CRP persistence, and an increase in the percentage of open water and grassland 

increased CRP persistence. We observe similar findings for the other explanatory variables as 

Model 4C, i.e., distance to closest megafires (-), PDSI drought index (insignificant), parcel 
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characteristics (all insignificant except acreage (-)), precipitation (-), temperature (+), crop price 

index (-), and contract expiration year (all +). 

The AME for Model 4E shows that acreage and crop price index are similar to those in 

Model 4D. CRP persistence time increased by 1% for one acre increase in acreage and decreased 

by 1% for an increase in the crop price index by 1%. 10-year moving average lagged precipitation 

by a millimeter still had a negative effect and decreased CRP persistence time by 2%, and the 10-

year moving average lagged temperature by 1-degree Celsius increased CRP persistence time by 

42%. AME for the megafire variable was slightly lower than Model 4D; in years in which we had 

megafire, CRP persistence time increased by 43%.  As for megafire damage on the buffer, CRP 

persistence time increased, and the effect was highly significant. The effect of a 50m buffer 

surrounding land use was similar to Model 4D. An increase in the percentage of crop land by 1% 

decreased CRP persistence time by 0.50%, a 1 per cent increase in open water increased CRP 

persistence time by about 1%, and an increase in the percentage of grassland by 1% increased CRP 

persistence time by 0.80%. An increase in the land valuation ratio by a unit increased CRP 

persistence time by 2%. The effect of population was much smaller; for every increase of 1000 

people in the county, CRP persistence time decreased by less than 1%.  

5.3 Robustness Checks 

We carried out several robustness checks that are presented in Table 5. Model 4E is the base for 

these robustness checks because it fully captures all significant effects, as well as controlling for 

both unobserved geographical heterogeneity and trends in prices and weather. In Model 5A, we 

estimate the base model as a Fixed Effects model at the county level. For Models 5B and 5C, we 

replace the original crop price index with a one-year-lagged and a two-year-lagged crop price 
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index, respectively, instead of using a two-year-lagged moving average crop price index; in Model 

5D we replace the PDSI drought index with the SPI drought index, while in Model 5E we replace 

the PDSI drought index with the Z-index. Model 5F replaces the 10-year lagged moving average 

for weather variables and drought with a five-year lagged moving average value, and Model 5G 

replaces it with a one-year lagged moving average. Model 5H drops CRP parcels that were 

reenrolled to CRP to determine if the story changes when only considering those expiring CRP 

parcels that are never re-enrolled. In the Appendix, Appendix Table A.1, we examine the 

interaction between wildfire experience and the acreage of expired CRP parcels on CRP 

persistence, and in Appendix Table A.2, we determine the effect of including wildfire and percent 

grassland interactions.8

 

                                                   

8 We also conducted a robustness check by estimating a model without expired CRP parcels that had only been 

burned by a megafire on the buffer, but we did not have enough observations to estimate the model. 
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Table 1.5. Robustness Checks for Mixed Effects Weibull Accelerated Failure Time Model (AFTM) 

 

Model 

5A 

Model 

5B 

Model 

5C 

Model 

5D Model 5E Model 5F Model 5G Model 5H 

 Coeff Coeff Coeff Coeff Coeff Coeff Coeff Coeff 

 Variables      

         
Clay 0.003 0.002 0.002 0.002 0.003 0.002 0.001 0.003 

 (0.002) (0.005) (0.005) (0.005) (0.005) (0.004) (0.004) (0.005) 

silt -0.000 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 0.000 

 (0.002) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) 

Kw factor 
-

0.892*** -0.896 -0.726 -0.748 -0.819 -0.623 -0.882 -1.282** 

 (0.273) (0.726) (0.662) (0.663) (0.658) (0.592) (0.642) (0.596) 

WEI 0.000 0.000 0.000 0.000 0.000 0.001 0.000 -0.001 

 (0.001) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) 

Acres 
-

0.011*** -0.012** -0.011** -0.010** -0.010** -0.010*** -0.007** -0.010** 

 (0.003) (0.005) (0.004) (0.004) (0.004) (0.003) (0.003) (0.004) 

Acres^2 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Class 2 -0.178 -0.178 -0.183 -0.175 -0.183 -0.208** -0.171 -0.192 

 (0.122) (0.150) (0.137) (0.138) (0.132) (0.104) (0.106) (0.131) 

Class 3 -0.090 -0.080 -0.102 -0.093 -0.097 -0.144 -0.103 -0.096 

 (0.122) (0.152) (0.138) (0.139) (0.133) (0.105) (0.107) (0.134) 

Class 4 -0.110 -0.094 -0.118 -0.107 -0.111 -0.146 -0.093 -0.078 

 (0.125) (0.157) (0.143) (0.144) (0.137) (0.112) (0.111) (0.137) 

Class 5 0.138 0.219 0.124 0.154 0.128 -0.039 0.105 0.275 

 (0.418) (0.402) (0.392) (0.373) (0.365) (0.338) (0.291) (0.478) 

Class 6 0.015 0.051 0.016 0.023 0.020 -0.056 -0.017 0.012 

 (0.127) (0.174) (0.157) (0.158) (0.152) (0.119) (0.119) (0.148) 

Class 7 -0.044 -0.002 -0.060 -0.041 -0.035 -0.112 -0.007 0.110 

 (0.184) (0.223) (0.201) (0.200) (0.198) (0.167) (0.156) (0.220) 
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Model 

5A 

Model 

5B 

Model 

5C 

Model 

5D Model 5E Model 5F Model 5G Model 5H 

 Coeff Coeff Coeff Coeff Coeff Coeff Coeff Coeff 

 Variables      

Class 2* Acres 0.005 0.005 0.004 0.004 0.004 0.004 0.002 0.004 

 (0.003) (0.004) (0.004) (0.004) (0.004) (0.003) (0.003) (0.004) 

Class 3* Acres 0.005 0.004 0.004 0.004 0.004 0.004 0.002 0.003 

 (0.003) (0.004) (0.004) (0.004) (0.004) (0.003) (0.003) (0.004) 

Class 4* Acres 0.006* 0.006 0.005 0.005 0.005 0.005 0.002 0.003 

 (0.003) (0.005) (0.004) (0.004) (0.004) (0.003) (0.003) (0.004) 

Class 5* Acres 0.013 0.013 0.013 0.012 0.012 0.014 0.008 0.006 

 (0.017) (0.015) (0.014) (0.013) (0.013) (0.012) (0.010) (0.020) 

Class 6* Acres 0.004 0.004 0.004 0.004 0.004 0.004 0.002 0.003 

 (0.003) (0.005) (0.004) (0.004) (0.004) (0.003) (0.003) (0.004) 

Class 7* Acres 0.007 0.007 0.007 0.007 0.007 0.006 0.004 0.004 

 (0.004) (0.006) (0.006) (0.005) (0.005) (0.004) (0.004) (0.006) 

T0=2012 1.883*** 1.654*** 1.937*** 1.866*** 1.880*** 2.202*** 2.205*** 1.734*** 

 (0.030) (0.089) (0.072) (0.077) (0.074) (0.081) (0.054) (0.074) 

T0=2013 1.557*** 1.311*** 1.684*** 1.537*** 1.554*** 1.848*** 1.693*** 1.491*** 

 (0.028) (0.079) (0.073) (0.072) (0.070) (0.081) (0.052) (0.066) 

T0=2014 1.371*** 1.228*** 1.483*** 1.352*** 1.364*** 1.645*** 1.577*** 1.167*** 

 (0.028) (0.081) (0.063) (0.071) (0.069) (0.059) (0.062) (0.066) 

T0=2015 1.174*** 1.062*** 1.273*** 1.162*** 1.169*** 1.396*** 1.376*** 0.998*** 

 (0.033) (0.096) (0.082) (0.089) (0.088) (0.065) (0.072) (0.072) 

T0=2016 1.052*** 0.964*** 1.138*** 1.039*** 1.051*** 1.247*** 1.225*** 0.924*** 

 (0.031) (0.099) (0.089) (0.092) (0.093) (0.078) (0.072) (0.088) 

T0=2017 0.903*** 0.836*** 0.985*** 0.898*** 0.899*** 1.016*** 1.012*** 0.858*** 

 (0.031) (0.100) (0.099) (0.096) (0.093) (0.094) (0.066) (0.078) 

T0=2018 0.830*** 0.780*** 0.928*** 0.826*** 0.827*** 0.894*** 0.817*** 0.634*** 

 (0.027) (0.061) (0.060) (0.059) (0.058) (0.050) (0.046) (0.059) 

T0=2019 0.439*** 0.369*** 0.531*** 0.438*** 0.436*** 0.467*** 0.391*** 0.245*** 

 (0.034) (0.104) (0.095) (0.096) (0.095) (0.081) (0.088) (0.080) 
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Model 

5A 

Model 

5B 

Model 

5C 

Model 

5D Model 5E Model 5F Model 5G Model 5H 

 Coeff Coeff Coeff Coeff Coeff Coeff Coeff Coeff 

 Variables      

Nearest wildfire -0.000 -0.000 -0.000 -0.000 -0.000 0.001** 0.000 0.000 

 (0.000) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Megafire 0.355*** 0.453*** 0.298** 0.359*** 0.336*** 0.421*** 0.550*** 0.308*** 

 (0.022) (0.101) (0.133) (0.107) (0.110) (0.116) (0.104) (0.096) 

Megafire *Nearest megafire 
-

0.000*** 
-

0.000*** 
-

0.001*** 
-

0.000*** 
-

0.000*** -0.001*** -0.000** -0.000*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Megafire damage -0.169 0.170 0.107 0.119 0.159 0.469** 0.427 0.345 

 (0.302) (0.337) (0.280) (0.308) (0.305) (0.207) (0.263) (0.357) 

Percent parcel burnt 
-

0.013*** -0.014 -0.013 -0.013 -0.013 -0.011* -0.009 -0.016** 

 (0.004) (0.009) (0.008) (0.009) (0.009) (0.006) (0.007) (0.008) 

Megafire damage *Percent parcel burnt 0.021*** 0.019** 0.018** 0.017** 0.017** 0.010* 0.009 0.016** 

 (0.006) (0.008) (0.007) (0.007) (0.007) (0.006) (0.006) (0.007) 

Megafire buffer damage 7.492*** 
11.659**

* 9.645*** 
10.369**

* 9.256*** 6.751*** 6.875*** 9.204*** 

 (0.156) (0.597) (0.494) (0.531) (0.500) (0.462) (0.363) (0.484) 

Percent buffer burnt 0.024*** 0.026 0.024 0.025 0.024 0.020 0.021 0.025* 

 (0.009) (0.018) (0.017) (0.017) (0.017) (0.014) (0.014) (0.015) 
Megafire buffer damage* Percent buffer 

burnt 

-

0.034*** -0.022 -0.021 -0.020 -0.020 -0.007 -0.006 -0.015 

 (0.010) (0.018) (0.017) (0.017) (0.017) (0.014) (0.014) (0.014) 

Perbuffer50m_crop 
-

0.005*** 
-

0.005*** 
-

0.005*** 
-

0.005*** 
-

0.005*** -0.004*** -0.004*** -0.005*** 

 (0.000) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Perbuffer50m_developed -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 -0.001 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Perbuffer50m_water 0.009*** 0.010*** 0.010*** 0.009*** 0.009*** 0.008*** 0.009*** 0.007** 

 (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) 
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Model 

5A 

Model 

5B 

Model 

5C 

Model 

5D Model 5E Model 5F Model 5G Model 5H 

 Coeff Coeff Coeff Coeff Coeff Coeff Coeff Coeff 

 Variables      

Perbuffer50m_grass 0.008*** 0.008*** 0.008*** 0.008*** 0.008*** 0.007*** 0.006*** 0.008*** 

 (0.000) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Land valuation 0.030*** 0.028*** 0.030*** 0.022** 0.024*** 0.022** 0.007 0.025*** 

 (0.003) (0.009) (0.011) (0.009) (0.009) (0.009) (0.007) (0.008) 

Pop estimate -0.013** -0.001* -0.001 -0.001 -0.001 -0.002** 0.000 -0.001 

 (0.005) (0.001) (0.001) (0.001) (0.000) (0.001) (0.001) (0.001) 

Laspeyres crop index  
-

0.011***   
-

0.011*** 
-

0.011*** -0.009*** -0.012*** -0.011*** 

 (0.000)   (0.001) (0.001) (0.001) (0.001) (0.001) 

Mavetemp_10yrlag 0.382*** 0.452*** 0.300*** 0.353*** 0.352***   0.347*** 

 (0.029) (0.108) (0.087) (0.091) (0.093)   (0.086) 

Maveprep_10yrlag 0.004 -0.019** -0.014 -0.015* 
-

0.024***   -0.013 

 (0.004) (0.009) (0.010) (0.009) (0.007)   (0.008) 

Mavepdsi_10yrlag -0.010 0.081* 0.040     0.032 

 (0.018) (0.046) (0.043)     (0.043) 

Mavespi_10yrlag    0.351     

    (0.400)     
MaveZ-index_10yrlag     0.405***    

     (0.151)    

Lag1_Crop_index  
-

0.010***       

  (0.001)       

Lag2_Crop_index   

-

0.009***      

   (0.001)      
Mavetemp_5yrlag      -0.131**   

      (0.065)   
Maveprep_5yrlag      0.043***   
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Model 

5A 

Model 

5B 

Model 

5C 

Model 

5D Model 5E Model 5F Model 5G Model 5H 

 Coeff Coeff Coeff Coeff Coeff Coeff Coeff Coeff 

 Variables      

      (0.005)   
Mavepdsi_5yrlag      0.050   

      (0.032)   
Mavetemp_1yrlag       -0.386*** 

       (0.039)  
Maveprep_1yrlag       -0.007*** 

       (0.001)  
Mavepdsi_1yrlag       0.034**  

       (0.016)  
Constant  -3.133** -1.666 -2.002* -1.654 -0.213 6.851*** -1.941* 

  (1.336) (1.084) (1.074) (1.053) (0.875) (0.526) (1.016) 

County Fixed Effects Yes No No No No No No No 

Drop re-enrolled expired CRP Parcels No No No No No No No Yes 

         
Weibull parameter (P) 1.964 1.761 1.925 1.944 1.960 2.314 2.382 2.020 

Variance (constant [County])  0.205** 0.178** 0.143** 0.124*** 1.043*** 0.253*** 0.170*** 

  (0.081) (0.085) (0.058) (0.034) (0.201) (0.055) (0.059) 

AIC 
37817.56

1 
48877.40

8 
48278.15

0 
48237.27

3 
48178.65

9 46754.071 46108.769 43387.020 

Log likelihood 

-
18757.78

0 

-
24390.70

4 

-
24091.07

5 

-
24070.63

6 

-
24041.33

0 
-

23329.036 
-

23006.384 
-

21645.510 

Observations 96005 96005 96005 96005 96005 96005 96005 76454 

Note: Asymptotic standard errors are in parentheses. *** denotes p<0.01, ** denotes p<0.05, and * denotes p<0.1.  
We have not included the constant term for the counties in a fixed-effects model. 
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5.3.1 Fixed effects specification robustness check 

Model 5A shows the results of a Fixed Effects Weibull AFTM at the county level. The results are 

not very different from Model 4E. We observe that CRP parcels burned by other wildfires 

significantly reduce CRP persistence. In contrast, CRP persistence increases if a megafire burns 

the surrounding land, but the effect decreases for every increase in the percentage area burned. The 

PDSI drought index still does not influence CRP persistence, and surrounding land use continues 

to influence it. Precipitation has no effect on CRP persistence, and an increase in the Kw factor 

significantly reduces CRP persistence. Using a fixed-effect Weibull AFTM captures county effects 

but does not control for random variation between counties, which is captured by the Mixed Effects 

Weibull AFTM. 

5.3.2 Robustness check on the measure of crop price index 

We examine the indicator used for the crop price index. In Models 5B and 5C, we test the use of 

a one-year lagged and a two-year lagged crop price index instead of using a two-year lagged 

moving average crop price index. We observe similar signs and magnitudes for the coefficients 

between the models for the different specifications of the crop price index. An increase in the crop 

price index had a negative effect on CRP persistence, irrespective of the measure of the crop price 

index used. However, using a one-year lag in the crop price index changed the significance levels 

of some variables, with some switching from p-values of 0.01 to 0.05, but the effects of wildfires 

and surrounding land use on CRP persistence remain unchanged. However, an increase in drought 

by one degree Celsius reduces CRP persistence, which was not previously observed. The one-year 

lag may be introducing noise and inaccuracy in the model estimation, or it may not be capturing 

as much information, as some of the effects disappear when a two-year crop price index lag is 

used. When we use a two-year lagged crop price index, the effect of precipitation and population 
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density on CRP persistence becomes insignificant. A two-year lagged moving average crop price 

index can potentially reduce noise and capture trends that may not be captured using a lagged or a 

two-lagged crop price index (Zakamulin 2017; Robert Lacoste 2010). Taking the average of the 

two prices shows the size and direction of the price change over time.  

5.3.3 Robustness checks on the choice of drought indicator 

In Model 5D, we replaced the PDSI drought index with the SPI drought index measure, both of 

which measure long-term drought. We observe similar signs and significance for most of the 

explanatory variables. Although the sign on the coefficient is the same, the effect of population 

density on CRP persistence is insignificant compared to our final Mixed Effects Weibull AFTM 

(Model 4E). Using the SPI drought index measure increases the coefficient, but the effect remains 

positive and still statistically insignificant. We also rerun the model using the Z-index (Model 5E) 

and found almost similar results to Model 4E for the effect of the explanatory variable on CRP 

persistence. However, we observed a larger coefficient estimated on the Z-index (short-term 

drought index), and the effect of drought was highly significant when the Z-Index was used. As 

the severity of short-term drought increases, it is more likely that the land will be converted from 

a CRP-based practice to another land use. Positive values represent moisture levels above normal 

moisture conditions, and the negative values represent moisture levels below normal conditions.  

In our case, when the Z-index is negative, then there is a short-term drought, and the more negative 

it is, the more severe the drought. Irrespective of the drought indicator chosen, the effects of 

wildfire and surrounding land use remained unchanged. The different measures of drought have 

different input parameters used to calculate the index, and this may be captured by the different 

effects. PDSI and SPI drought index measures long-term drought, and the Z-index is a derivative 

of PDSI and captures short-term droughts. This may explain the difference in significance levels 
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for the drought indices. It may be that a short-term drought influences land management decisions, 

and a reduction in CRP persistence is a way of coping with the new threat.  

5.3.4 Robustness check on measures of climatic conditions 

In Model 5F and Model 5G, we capture climatic conditions, i.e., temperature, precipitation, and 

PDSI, as a five-year lagged moving average and a one-year lagged value rather than the 10-year 

moving average. Using a five-year lagged moving average for climatic conditions changes the 

signs and significance levels of some of the climatic effects on CRP persistence compared to the 

prior mixed-effect Weibull AFTMs estimated (Model 4E). An increase in temperature decreases 

CRP persistence, and an increase in precipitation increases CRP persistence, while the effect of 

drought on CRP persistence remains insignificant. As for the one-year lagged measures, the effects 

of temperature, precipitation, and drought are all negative, i.e., an increase in any of them decreases 

CRP persistence. The one-year lagged captures “noise” in weather, while the moving averages 

may be capturing a signal or patterns in weather. That is, the one-year lag to the farmer is likely 

more uncertain (Ramsey et al. 2021). A ten-year lagged moving average is sufficient to start 

observing short-term trends in environmental factors. (National Center for Atmospheric Research 

Staff (Eds) 2014). This indicates that farmers are likely to respond to short-term weather changes 

differently from longer-term patterns. However, the effects of megafires and surrounding land on 

CRP persistence remain unchanged across these models.  

5.3.5 Robustness check when considering only expired CRP parcels that never reenroll  

In Model 5H, we show the estimated results for only expired CRP lands that were not re-enrolled, 

and the results are not much different to Model 4E. However, in Model 5H, the underlying story 

remains the same, megafire on a parcel or surrounding land increased CRP persistence, while other 
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wildfires on a parcel reduced CRP persistence. The effect of surrounding land use on CRP 

persistence remains unchanged. We also observe that precipitation is no longer significant, and 

that the Kw factor has a significant negative effect on CRP persistence.  

5.3.6 Robustness check when including interactions between wildfire experience and the 

acreage  

We also conducted a robustness check on including interactions between wildfire experience and 

the acreage of expired CRP parcels; see Appendix Table A.1 in the appendix. To do so, we 

determined six quantile for the sizes of expired CRP parcels that were burnt by wildfire or 

surrounding land9: 5th (1.55), 10th (3.32), 25th (7.92), 50th (20.76), 75th (53.57), and 90th (110.03). 

The values in brackets represent the acreage for a parcel at a given quantile. In the first model, we 

used the first percentile values, and we grouped observations into two groups: a parcel =1 if 

Acreage ≥ 1.55 and 0 otherwise and followed the same procedure for the rest of the percentiles, 

resulting in six models. The effect and significance of the effects of wildfires on CRP persistence 

depend on how observations are grouped. However, the underlying story remains consistent: if 

there is megafire damage on an expired CRP parcel, CRP persistence decreases, but the effects of 

a megafire on the surrounding land result in an increase in CRP persistence, which is much larger 

in magnitude. That is, the impact of megafires on the surrounding land has a dominating effect on 

CRP persistence. Interestingly, at an acreage above 110 acres, CRP persistence increases if a 

megafire burns the expired CRP parcel, see Appendix Table A.1, Model F. In addition, the effect 

of other wildfires is always smaller than that of megafires, either on the parcel or the surrounding 

land, and in most cases, CRP persistence is not affected by other wildfires. 

                                                   

9We could not estimate the other percentiles because of collinearity issues.   
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5.3.7 Robustness check to inclusion of interaction between megafire damage and the 

percent of grassland on the 1000m buffer 

In Appendix Table A.2 in the appendix, we show the results of including an interaction between 

megafire damage and the percentage of grassland on the 1000m buffer in Model 4E. We observe 

that megafires on the parcel or on surrounding land continue to increase CRP persistence, and it is 

negative in the other models but often insignificant. The effects of drought and surrounding land 

use on CRP persistence remain unchanged. Also, parcels whose surrounding land was burned by 

a megafire were more likely to have a higher CRP persistence level if the parcel was mostly 

surrounded by grassland. The CRP persistence level increased for each increase in the percentage 

of grassland. 

In general, regardless of the chosen robustness check, our story remains the same. Megafires on 

expired CRP parcels often have a negative but insignificant influence on CRP persistence, while 

megafires on surrounding land increase CRP persistence, being a dominant influence. Long-term 

drought effects had no significant effect on CRP persistence, whereas surrounding land use had a 

significant effect on CRP persistence, especially the presence of cropland. CRP persistence 

increased with a percentage increase in grassland and open water of the surrounding land and 

decreased with a percentage increase in cropland. 



33 

 

5.4 Probability of CRP persistence across years after contract expiration based on 

drought and wildfire events. 

In this section, we look at the probability of CRP persistence over time when influenced by wildfire 

and drought. We do this by plotting Kaplan-Meier curves that estimate survival rates (or CRP 

persistence) over time in Figure 1.3 (Sullins et al. 2021). The period of observation for our dataset 

is 9 years (given a base year). Overall (Figure 1.3A), the probability of persistence decreases over 

time, decreasing to less than 60 percent after 8 years. The largest marginal increases in CRP 

reversals to other land management uses occur during the first two years of contract expiration 

(Figure 1.3A). In the second year after contract expiration, the probability of persistence was 74% 

and was 56% by the 9th year. In Figure 1.3B, we examine CRP persistence between observations 

in two groups: those landowners who re-enrolled CRP parcels and those landowners who did not 

re-enroll. We find, on average, a higher probability of CRP persistence in the former group over 

time. In the 9th year, the probability of CRP persistence is 94% for land that is reenrolled back to 

CRP and 49% for land that is not reenrolled back to CRP. 
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Figure 1.3. Probability of CRP Persistence Overall, and Based on Grouped Data, i.e. CRP Re-enrollment, Type of Wildfire Damage, 

Drought Conditions, and Surrounding Land Use. (A) The probability of CRP persistence over time under normal environmental 

conditions. (B) distinguishes the probability of CRP persistence over time between landowners who re-enrolled CRP parcels and those 

landowners who did not re-enrol. (C) shows CRP persistence probability over time for those that had only CRP parcel burned by any 

wildfire (Parcel burn), those that had only surrounding land burned by any wildfires and not their CRP expired parcel (Only buffer), and 

those that never had wildfires on their CRP expired parcels or surrounding land (no burn). (D) compares CRP persistence probability 

for those parcels that had megafires on their CRP expired parcels or surrounding land and those that only had other wildfires. (E) shows 

CRP persistence probability across various PDSI classes. (F) compares CRP persistence probability across various percentages of 

grassland for surrounding land use within a 50m buffer of the expiring CRP parcel. (G) displays CRP persistence probability at various 

percentages of cropland for surrounding land use within a 50m buffer of the expiring CRP parcel 

 

(A) (B) 
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To study the impact of wildfire damage on the probability of CRP persistence, we grouped 

observations into three groups. Those landowners that had their CRP parcel burned by any wildfire 

(Group 1), those that had only surrounding land burned by any wildfires and not their CRP expired 

parcel (Group 2), and those that never had wildfires on their CRP expired parcels or surrounding 

land (Group 3). The influence of wildfire on CRP persistence across these three groups is shown 

in Figure 1.3C. We observe higher CRP reversal within the first two years for all three groups. The 

probability of CRP persistence is higher for landowners who have had their CRP parcel burnt by 

any wildfires and decreases slowly with time. The probability of persistence is 94% in the second 

year and 88% in the 9th year. However, we do not observe much difference in the probability of 

CRP persistence when the surrounding land is burned by wildfire compared to when wildfire 

damage occurs on the expired CRP land. The probability of CRP persistence is 94% in the 2 nd year 

and 86% in the 9th year. As for those expired CRP lands that had no wildfire damage on the land 

and surrounding land, the probability of CRP persistence was much lower and had a higher rate of 

CRP reversal during the first four years compared to the prior groups. The probability of CRP 

persistence was 74% in the 2nd year and 55% in the 9th year. It was interesting to see that even 

when comparing the 1st year CRP persistence rate for Group 3 and the 9th year CRP persistence 

rate for Group 1 or Group 2, it was always higher for the latter. However, when we focus only on 

the effects of megafire damage (see Figure 1.3D), megafires dominate the effects of CRP 

persistence. CRP persistence is 100% for the first 8 years and declines only to 98% in the 9th year.   

For drought, we looked at CRP persistence based on different classes of drought. We 

computed the average PDSI score for the period of observation and had four classes for PDSI 

based on our data: mid-range drought, moderately moist, very moist, and extremely moist classes. 

The probability of CRP persistence was always higher for expired CRP parcels that were in the 



38 

 

mid-range drought category than for expired CRP parcels that were in the moderately moist 

conditions category (Figure 1.3E). Expired CRP parcels that were in the very moist condition 

category had the lowest probability of CRP persistence in the first 3 years after contract expiration, 

and afterwards, the probability of CRP persistence was much lower for parcels that were in the 

extremely moist condition category. When we compare the two extreme drought conditions, the 

probability of CRP persistence is 75% in the 2nd year and 58% in the 8th year for parcels in the 

mid-range drought and for those parcels allocated in extreme moist conditions, CRP persistence is 

lower at 67% in the 2nd year and 38% in the 8th year. 

Lastly, we examine the influence of surrounding land use within a 50m buffer of the 

expiring CRP parcel on CRP persistence. We grouped observations into five groups based on the 

percentage of crops or grassland within the 50m buffer of the surrounding land, i.e., 0.01-30, 30.01-

60, 60.01-90, and greater than 90 percent. We found that CRP persistence was higher on land with 

90% or more of their surrounding land in grassland, see Figure 1.3F. In the 1st year, these lands 

had a 97% probability of retaining CRP-based practices and 89% in the 9th year. However, for 

parcels with little to no grassland in their surrounding area, the probability of retaining CRP-based 

practices after contract expiration was much lower: 43% in the 1st year and 10% in the 9th year.  

For crops, we observe less disparity between the classes (Figure 1.3G). Expired CRP parcels that 

had 0% of their surrounding land in crop production had a higher CRP persistence. The probability 

of retaining the CRP-based practice was 97% in the first year, and by the 9th year, the land still 

had a high probability of persistence at 91%. However, for those CRP parcels that had more than 

90% of their surrounding land in crops, the probability of persistence was very low compared to 

the other classes. It was 75% in the 1st year and 29% in the 9th year. 
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5.6 Discussion 

The rate of CRP persistence, or the percentage of parcels examined that exhibited some level of 

CRP persistence, from 2012 to 2021 in Kansas was 67%, with most CRP reversals occurring 

during the first two years after CRP contract expiration. Recall that we can only capture that CRP 

practices remained within grassland-based practices based on the data utilized for this study 

between 2012 and 2021. Land use conversions captured changes in land use to another cover, such 

as crop production or development. In the literature, CRP persistence ranges between 41 and 67%, 

with most of these studies carried out in the Great Plains (Hendricks and Er 2018; Sullins et al. 

2021; Barnes et al. 2020; Bigelow et al. 2020; Vandever et al. 2023). As time progresses, the 

probability of CRP persistence decreases, and this has also been evidenced in other studies (Sullins 

et al. 2021; Barnes et al. 2020).  

On average, CRP-based practices or similar land management remained on an expired CRP 

parcel for 3.3 years after contract expiration, with most studies finding CRP reversal happening 

within the first 5 years (Sullins et al. 2021; Bigelow et al. 2020; Vandever et al. 2023; Aragon et 

al. 2025). In fact, we find on the margin that many of these actually happen within the first two 

years after contract expiration.  However, landowners who intend to re-enroll their land into the 

CRP tend to have a higher CRP persistence rate than those who do not, being 5 years and 3 years, 

respectively, and to our knowledge, there is no study in the literature that has documented this.  

Most expired CRP parcels converted to crop production, with the four major crops being corn, 

wheat, sorghum, and soybeans. In the literature, the main land use that grasslands or expired CRP 

parcels were reverted to was dryland crops  (Barnes et al. 2020; Morefield et al. 2016; Lark et al. 

2015; Caldas et al. 2016; Roberts and Lubowski 2007; Bigelow et al. 2020; Vandever et al. 2023). 

Growing crops on expired CRP parcels can undo the environmental benefit achieved as it involves 
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clearing off grassland cover (Dayer et al. 2018). However, if the expired CRP parcel was going to 

be re-enrolled, it was less likely to be converted to crop production. This finding is similar to an 

earlier study by Barnes et al. (2020). Thus, even if contract renewal was not immediate, keeping 

in touch with farmers during transitions between contract expiration and renewal is critical if the 

goal is to maintain conservation benefits on the land longer term, given competition for program 

enrollment. While a farmer may not be able to enroll the land immediately the following 

enrollment period, if they can do so within a limited number of years, conservation benefits may 

be maintained in the interim, further increasing the long-term value of the CRP. 

To understand what drives CRP persistence, we looked at a number of factors, including 

wildfires. Megafires had a major impact on CRP persistence. We defined a megafire as a wildfire 

that burned 100,000 acres or more. Megafires have a lasting effect on landowners’ wildfire risk 

and perception compared to other wildfires, which have smaller effects (Caldas et al. 2026). 

However, wildfire risk decreased with an increase in the distance from the megafire.  Other 

wildfires have less impact because they often burn significantly less than 100,000 acres. 

Landowners may recover more quickly from such events, and there are benefits, such as improved 

grazing, that may result from it. Expired CRP parcels that were burned by a megafire were more 

likely to retain the CRP-based practice after contract expiration. Even for those parcels that had 

the surrounding land destroyed by a megafire (1000m buffer surrounding land), the landowner was 

still more likely to retain the CRP-based practice. But if the parcel and surrounding land were not 

burned by a megafire, CRP persistence rate was much lower. This may be explained by the 

negative coefficient in the distance to a megafire in a given year. The further the parcel was from 

a megafire, the less likely of having CRP persistence.  
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Our results do not imply that megafires lead to CRP persistence, only that megafires 

influence CRP persistence if the surrounding land is burned by a megafire. A megafire can have a 

very significant impact on a landowner’s or producer’s operation, which may take time to recover 

from. As the landowner rebuilds, the land may be used for land uses that require less infrastructure 

investment, such as hunting or grazing, which may warrant retaining the land under a CRP-based 

practice, in our case, grassland. Land takes time to recover from a megafire, and by maintaining 

the land longer, plant health and productivity improve (Texas A&M Forest Service 2026). 

Furthermore, as mentioned earlier, the influence of megafire events most often occurred on CRP 

parcels that were predominantly surrounded by grassland.  We find that, on average, the expired 

CRP parcels that were burned by a megafire or surrounding land or both had, on average, about 

73% of the surrounding land (1000m) consisting of grasslands and 17% consisting of crops. 

Conversion of such land to another use, such as crop production, may be too high an opportunity 

cost, as landowners may find maintaining grazing practices and livestock production on the CRP-

based grassland type practices a much higher value use and more beneficial for other reasons too. 

Maintaining CRP grassland-type practices may increase wildfire risks. Landowners and 

producers may decide not to convert land to another use due to wildfire risk and maintain their 

CRP practices due to a perception that they are unable to manage or mitigate these risks (Bergtold 

et al., 2024). Land managers, though, need to consider wildfire risks and should manage these 

lands to reduce fuel loads and dry materials by implementing practices such as rotational grazing 

and prescribed burning (Anderson and Stubbendieck 2006; Steiner et al. 2020; Vandever et al. 

2023).  
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According to the literature, CRP persistence is higher when the surrounding land is 

grassland. Based  on the literature, the percentage of area used for crop production and under 

development around a parcel are two additional factors that may influence persistence (Barnes and 

Dayer 2021; Berger et al. 2020; Sullins et al. 2021). We also include the percentage of open water 

as a factor. We find that CRP persistence is influenced by the immediate surrounding land use, i.e. 

a 50m buffer around the expired CRP land. If crops border them, CRP persistence decreases, but 

it increases if surrounded by grassland or open water. However, when we look at a 1000m buffer 

surrounding land instead, the only significant land use that affects CRP persistence is grassland, 

which had a positive effect on CRP persistence. This is because with a larger surrounding 

consisting of grassland, it may be that conversion costs in these areas are much greater than in 

others, or the benefits in retaining CRP-based practice exceed other land management practice or 

it may be simply to retain conservation benefits, such as wildlife, and in some cases, uncertainty 

of future crop returns discourages the switch to cropland. Earlier studies have seen that expired 

CRP lands that are very close to farm land that belongs to the same landowner tend to be reversed 

to crop production, and a 1000m buffer may be capturing different landowners, making the results 

less significant (Barnes and Dayer 2021; Sullins et al. 2021). 

As for environmental factors, all had a significant effect on CRP persistence except for 

long-term drought conditions. An increase in precipitation decreased CRP persistence, while an 

increase in temperature increased CRP persistence, which was also been observed by Sullins et al. 

(2021). In the dataset, we did not have any expired CRP parcels that had experienced severe 

drought, with most observations experiencing mid-range drought (82%), which was near-normal 

conditions. We measured drought using a long-term drought index. We speculate that because 

most observations were classified as mid-range drought, and the remaining 18% were in 
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moderately moist conditions, very moist, and extremely moist conditions. In order to see the 

impact of drought, we grouped observations based on the four categories. As we move from mid-

range drought to extremely moist conditions, the probability of retaining land under CRP based 

practice decreases. However, when we used a short-term measure of drought, we see that CRP 

persistence decreases with an increase in drought. CRP reversal during short-term drought events 

is a way of coping with reduced crop yields. By clearing CRP fields, producers may increase their 

revenues by increasing planted area for a crop, increasing needed returns from crop production 

(Friedman 2023). In previous studies, most expired CRP wetlands had been reverted to crop 

production, and drought-prone areas were more likely to enroll in conservation programs  

(Morefield et al. 2016; Wallander et al. 2013; Sullins et al. 2021).  

Despite land size not significantly influencing CRP re-enrollment (Caldas et al. 2016), it 

reduced CRP persistence after contract expiration (Sullins et al. 2021). In our study, we also 

observed that larger parcels were less likely to retain CRP-based practices. We did not observe 

any significant effect from soil type, land capability classification, wind erodibility index, or the 

Kw factor. Although other studies observed a negative effect on CRP persistence for parcels that 

were erodible, it was measured in terms of tillage risk, and this may explain the difference in results 

(Sullins et al. 2021). A significant amount of CRP enrollments are to enroll highly erodible land 

and environmentally sensitive land that is rehabilitated to grass, trees, or wildlife cover. We know 

that soil type, land capability classification, and erosion capability may be stable under a given 

land use over a short time period and irrespective of the physical parcel classification, the 

conservation practice introduced through CRP improves the quality of land. This may explain the 

insignificant results. Also, the effect of changes in soil and climate over time on land use decisions 

tends to be relatively small (Roberts and Lubowski 2007). 
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We then studied the effect of financial and economic factors on CRP persistence and found 

that they had a significant impact on CRP persistence. We computed a crop price index based on 

the four major crops in Kansas, which were corn, wheat, sorghum, and soybeans, and these were 

the four major crops that CRP land was converted to in Kansas. An increase in the crop price index 

decreased CRP persistence, and similar findings were also observed in other studies (Caldas et al. 

2016; Hendricks and Er 2018; Atkinson et al. 2011; Sullins et al. 2021; Stubbs 2014; Bigelow et 

al. 2020). That is, as crops become more profitable to produce, CRP persistence decreases. We 

also found that an increase in population decreased CRP persistence as well. If CRP rental rates 

increase relative to land rental rates (land valuation), it is more likely that the expired CRP land 

will retain the CRP-based practice. In the past, lower CRP rental rates relative to land rental rates 

have discouraged CRP re-enrollment (Stubbs 2014; Roberts and Lubowski 2007).  

6. Conclusion and Policy and Outreach Recommendations 

CRP is the largest conservation program in the U.S. in which to enroll private agricultural lands 

(Barnes and Dayer 2021; Morefield et al. 2016; Roberts and Lubowski 2007; Bigelow et al. 2020). 

CRP enrollment was at its highest in 2007 and has been declining since 2012, reducing the 

conservation and environmental benefits from CRP in the long term (Bigelow et al. 2020). The 

situation is further challenged by the low rate of CRP persistence, which has ranged from as low 

as 15% to as high as 66 % on previously enrolled land (Sullins et al. 2021; Barnes et al. 2020; 

Roberts and Lubowski 2007). We define CRP persistence as the number of years in which 

grassland was the majority of the land use in an expired CRP contract parcel. Due to limited-term 

contracts under CRP, the conservation benefits on CRP land are not guaranteed in the long term. 

The long-term environmental benefits from CRP depend on how the CRP land is used after 

contract expiration. Recently, CRP land has been perceived as a fire hazard by producers and 
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landowners in the Mountain, Pacific, and Southern Plain regions of the U.S. (Allen and Vandever 

2003; Bergtold et al. 2024). However, little is known about the effects of environmental and 

wildfire factors on landowners' decisions to revert expired CRP to cropland or other uses 

(Vandever et al. 2023). Specifically, we examine the influence of wildfires, drought, and 

surrounding land use on CRP persistence. To study this, we build a unique geodatabase at the CRP 

parcel level and use a Mixed Effects Weibull accelerated failure time model (AFTM) to assess the 

influence of environmental factors and surrounding land use on CRP persistence.  

The mean CRP persistence for a CRP-based grassland or similar practices is 3.3 years, with 

most CRP reversals occurring within the first two years after contract expiration. However, as time 

progresses, CRP-based practices tend to persist. We found that environmental factors and 

surrounding land use play a significant role in shaping landowner decisions on whether to retain 

CRP-based practices on expired CRP land. For any expired CRP parcel, if the surrounding land 

was burned by a megafire, it was more likely for that parcel to persist in CRP-based practice, which 

was highly significant, contrary to initial expectations. This does not imply that megafire increased 

CRP persistence; on the other hand, it points to an indirect effect from wildfire risk on surrounding 

lands on CRP management. In addition, as the distance to a megafire increase, the probability of 

retaining CRP-based practice decreases, further enhancing the effect of megafire and wildfire risk 

on CRP persistence. One of the robustness checks conducted further examined this by 

incorporating an interaction of megafire damage within a 1000m buffer of the expired CRP parcel 

and the percentage of grassland within that same 1000m buffer. The estimated sign on that 

coefficient was positive and was highly significant. This result confirmed that these expired CRP 

parcels with higher CRP persistence due to the influence of megafire events on surrounding lands 

predominantly surrounded by grassland (i.e. 73% of the surrounding land was grassland on 
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average). While this result may seem contrary at first, the needed time for recovery from wildfire 

events and the potential for greater returns to grazing and forage production in such landscapes 

may drive such decisions. Given the likelihood of CRP persistence in these landscapes and greater 

wildfire risk due to higher fuel loads, wildfire mitigation practices, such as rotational grazing and 

prescribed burning, may need to be considered, especially on CRP land. In CRP active contracts, 

the contracts should be flexible and allow grazing and other fire management practices. 

Based on our study, wetter conditions may reduce the conservation benefits that CRP 

provides in the longer term due to the potential for land cover conversion. Furthermore, expired 

CRP parcels predominantly surrounded by cropland had much lower rates of CRP persistence. 

Conversion to other land uses often occurred within two years after contract expiration.  In order 

to ensure CRP's long-term success, there is a need for outreach and policy efforts to educate 

producers on the benefits of conservation and the opportunity costs and trade-offs of converting 

expired CRP land to crop production. In addition, to retain CRP-based practices on expired CRP 

parcels, the programmatic, policy, and outreach efforts should educate landowners and producers 

about the benefits of CRP-based practices (Thapa et al. 2024). Studies have shown that farmers 

and landowners can monetise their expired CRP parcels due to their recreational, environmental 

and aesthetic value from recreational activities such as hunting, fishing, bird watching, camping, 

wildlife watching, among others (Elmore et al. 2023; Blocksome et al. 2008; Southwick Associates 

and D. J. Case & Associates 2008). In addition, policy changes that improve the likelihood of 

reenrollment in CRP can be investigated if longer-term benefits of CRP on vulnerable lands are a 

policy goal. Current CRP parcels at risk of being converted if not enrolled include those in regions 

with higher rainfall, that are larger in size, are less connected to other CRP lands, are in dominant 

crop production regions, and/or are closer to areas of urban development. To make CRP re-
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enrollment more likely, incentive payment levels under the program need to consider land rental 

rates, returns to crop production, and the growth in population. 

We find that expired CRP parcels are less likely to be enrolled back into CRP if more time 

has passed, which may be due to enrollment lags and the auction-type system. In such cases, 

education campaigns should be carried out to encourage landowners to retain CRP-based practices 

after contract expiration and supplemented with detailed guidelines on how to care for expired 

CRP lands. This is important if landowners and producers plan to re-enroll their land into the CRP. 

In addition, the longer you can get a landowner to keep the CRP-based practice after expiration, 

the more likely it will persist. Education campaigns can also be carried out during periods of low 

enrollment. The messaging should be frequent, intentional, and motivational and should capture 

the percentage of parcels that still persist in CRP-based practice after contract expiration (Mouser 

et al. 2026; Race and Curtis 2013; Kuhfuss et al. 2016). All these interventions should be carried 

out within the first two years of contract expiration since the probability of reversal of CRP practice 

to other land uses is the highest during this time period. Alternatively, the government could 

consider longer CRP contracts to extend benefits from the program  

A limitation of this study is that the dataset does not distinguish between normal grassland, 

pasture, or CRP parcels. Future research should include the Normalised Difference Vegetation 

Index (NDVI) or a similar measure to capture biomass changes or productivity, to further refine 

the analyses and provide a differentiated measure of grassland management. CRP persistence 

varies across landscapes, and we speculate that so will be the effect of environmental factors on 

CRP persistence (Sullins et al. 2021). This study was only done in Kansas, but further research is 

needed to determine if the effects of environmental factors on how CRP persistence varies other 
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ecoregions and landscapes. There is also a need to include landowners’ household characteristics 

and landowners' perception, attitudes, values, norms, and believes towards environmental 

conservation, as these factors play a significant role in land use decisions (Caldas et al. 2016; 

Barnes and Dayer 2021; Chaudhary et al. 2026; Barnes et al. 2023; Atkinson et al. 2011). The 

understanding of the intersection of biophysical and social factors is important in maximizing the 

environmental benefits of conservation (Barnes and Dayer 2021). By also interviewing 

landowners, we can be able to determine if the CRP parcels that are retained in grasslands are 

enrolled in other land conservation programs, are being managed, and what activities are carried 

out, such as hunting, grazing, haying, etc.   



49 

 

Chapter 2 - Households’ Willingness to Pay (WTP) to Avoid 

Power Outages from Catastrophic and Extreme Weather 

Events Along Frequency and Duration Dimensions 

1. Introduction 

Severe weather events and natural disasters have increased in frequency and severity in the past 

few decades due to climate change. Researchers anticipate that this upward trend in severe weather 

and natural disasters will continue to increase in the future (Titko et al. 2021; Robinson 2021; 

Zanocco et al. 2022; Committee on Extreme Weather Events and Climate Change Attribution et 

al. 2016; Fazeli et al. 2024; Smith and Katz 2013). The top four severe weather events and natural 

disasters that caused the most power outages were hurricanes, heavy winds, thunderstorms, and 

winter storms (Ali et al. 2022).  Power outages from such events are expected to become more 

frequent and longer in duration (Executive Office of the President 2013; Zanocco et al. 2022; Baik 

et al. 2020; Macmillan et al. 2023; Brusentsev and Vroman 2017; Kenward and Raja 2014; Ali et 

al. 2022) . Major power outages were ten times more likely in the 2000s compared to the late 1900s 

(Kenward and Raja 2014). Kenward and Raja (2014) found that 80% of large-scale power outages 

were caused by severe weather between 2003 and 2012, while Sayanti Mukherjee, Nateghi and 

Hastak (2018) found that 53% of major power outages were caused by severe weather and climate 

events between 2000 and 2016. 

Resilience in power grids ensures critical electrical services are available during prolonged 

power outages due to severe weather  events and natural disasters (Hotaling et al. 2021; Baik et al. 

2018; Macmillan et al. 2023). It is 10 to 40 times more expensive for an individual to invest in 

alternative power sources themselves compared to collective options, such as alternative power 
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services from utility companies or community power investments (Bohman et al. 2022). The U.S. 

has an ageing electrical grid and power infrastructure that is more than 100 years old, making the 

country especially vulnerable to power outages caused by severe weather (Executive Office of the 

President 2013), which result from the destruction of large transmission lines or substations, more 

rarely occurring on smaller household distribution networks (Kenward and Raja 2014). This study 

examines households’ willingness to invest in energy resilience at larger scales to reduce impacts 

of power outages from severe weather and natural disasters.  

Resilience is achieved when there is a small supply of electric services to homes and 

communities during outages to sustain critical electrical-dependent services (Baik et al. 2020). 

These critical community electrical dependent services include medical and health services, water 

provision, sewage treatment, police and fire department services, and traffic lights, while for 

homes it’s the ability to use needed medical equipment, power a refrigerator or freezer, and provide 

lights, as well as provide needed heat and air conditioning (Baik et al. 2020). The impact of power 

outages varies across the population. Vulnerable populations are often those households with 

children, who rely on electricity-dependent medical devices, lower-income, racial minorities, the 

elderly, and those in rural areas (Andresen et al. 2023; Kuang et al. 2024; Brown and 

Muehlenbachs 2024). These groups may be much more susceptible to power outages with an aging 

grid, less hardened, and with little diversification in the energy portfolio. However, types of 

investments in the electric grid and power systems that can increase resilience (e.g. electrical grid 

hardening, islanding, solar micro grids) are community dependent, and efficacy during severe 

weather and natural disasters will differ (Macmillan et al. 2023).   

Grid resilience involves electric grid hardening, advanced capabilities, and recovery/ 

reconstitution. (Executive Office of the President 2013). To build grid resilience and adopt 
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different resilience technologies, we must understand households’ willingness to pay for such 

technologies in the case of an outage. Energy diversification in the U.S has increased, stabilizing 

energy production, and more states are using renewable sources of energy such as wind, solar, 

hydro, geothermal, and/or industrial waste (T. Y. Wu and Rai 2017; Odeh and Watts 2019). In 

order to determine if it's profitable to make investments to improve the reliability of power 

services, the cost of investment should not exceed the value of economic losses experienced by 

customers (M. J. Sullivan et al. 2009) or how much customers are willing to pay (WTP) to avoid 

unplanned power outages (Pacific Gas & Electric Company 2012). The investments can be in 

existing infrastructure or in adopting new energy sources. In the literature, this has often been done 

by examining households’ willingness-to-pay to avoid an outage versus examining specific 

technologies, but much of this is in the context of regular power outages and not necessarily due 

to outages as a result of severe weather or natural disasters.  There is a need to better prepare for 

severe weather events and natural disasters to reduce risk to people, infrastructure, and the 

economy, which requires an understanding of the impacts of power outages at different scales and 

contexts under such events (Kenward and Raja 2014). 

Research on power outages has predominantly focused on welfare effects of power outages 

by measuring how much households are willing to pay (WTP) to avoid power outages with various 

characteristics for a general power outage (Carlsson and Martinsson 2007; Baik et al. 2020, 2018; 

Abdullah and Mariel 2010; Ozbafli and Jenkins 2016; Pepermans 2011; Hensher et al. 2014; 

Amador et al. 2013; J. J. Cohen et al. 2016; Morrissey et al. 2018; Sagebiel and Rommel 2014; 

Chowdhury et al. 2004; Meles et al. 2021; Zemo et al. 2019; Niroomand and Jenkins 2020; Wen 

et al. 2022; Breit et al. 2016), while others have focused on the valuation of reliable electricity 

services to a community (Hotaling et al. 2021; Baik et al. 2020). Other studies have focused on 
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what factors determine the economic loss of power outages (Shuai et al. 2018; Küfeoğlu and 

Lehtonen 2015b; De Nooij et al. 2007) or have measured the economic cost of power outages with 

various characteristics (Campbell 2012; M. Sullivan et al. 2015; Lawton et al. 2003; M. J. Sullivan 

et al. 1996; Kristina Hamachi LaCommare et al. 2018). Many studies estimate the marginal or 

overall WTP to avoid power outages of various durations in the U.S. To the authors’ knowledge, 

there exist no studies that specifically examine WTP to avoid a power outage that combines both 

frequency and duration in the context of severe weather events and natural disasters that often 

result in longer power outages and more severe conditions. In addition, much of this literature does 

not necessarily connect across population segments based on Metropolitan Statistical Areas 

(MSAs) and Non-Metropolitan Statistical Areas (N-MSAs) to assess differential impacts from 

power outages. The comparison is on household characteristics, such as estimating WTP values 

across households with and without backup services and the influence of past experience with a 

power outage on WTP values (Vallejo et al. 2022; Gorman 2022). Rural areas are likely much 

more susceptible to longer outages and impacts compared to urban areas (Call 2010; Gros et al. 

2012). In Puerto Rico and Connecticut, longer-duration outages after Hurricane Maria happen 

more in rural municipalities compared to urban municipalities (Rouhana et al. 2025; Román et al. 

2019; Sotolongo et al. 2021). 

The purpose of this study is to estimate how much households are willing to pay (WTP) to 

avoid power outages that vary both in frequency and duration across states in the Great Plains of 

the U.S. as a result of severe weather events or natural disasters. A secondary objective is to assess 

differences in WTP across different population segments based on MSAs and N-MSAs. The WTP 

estimates provide a measure of what is known as the value of lost load (VoLL) for households 
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from an engineering perspective10. The WTP value is an indirect estimate of the monetary benefits 

of reliability improvements to the electricity grid. The WTP or VoLL can also be interpreted as 

the value of the indirect impact from power outages on households (European Commission. Joint 

Research Centre. 2018).  Using primary survey data from a unique two-stage choice experiment, 

we determine if the duration and frequency of power outages influence WTP and at what level of 

duration and frequency the payment declines or if the households become disinterested in services 

that ensure resilient electrical services (i.e. reductions in the likelihood of power outages). We 

develop a conceptual framework and experimental approach to examine whether households are 

willing to pay to avoid a power outage that varies by duration (H1a), frequency (H1b), and the 

interaction between frequency and duration (H1c). 

The unique two-stage choice experiment was based on Baarsma and Hop (2009).  

However, we estimated how much households are WTP to avoid power outages that vary in 

attribute levels as a result of a severe weather event or natural disaster. For each choice task, we 

adopted a conjoint analysis approach to estimate households’ sub-utility derived from avoiding a 

power outage composed of different attributes. The first stage was the duration power outage task 

and captured the sub-utility of a household to avoid a single outage that varies by duration, season, 

time of day, time of week, and price. The second stage was the frequency power outage task, which 

measured the sub-utility of a household to avoid a set frequency of power outages over a given 

duration. We used random parameter linear regression models (RPLM) to estimate the duration 

and frequency sub-utility functions. The coefficients from two RPLMs in the two-stage choice 

experiment are used to estimate WTP values for various frequency and duration levels. To examine 

                                                   

10VoLL represents how much society is WTP to avoid power outage (Gorman 2022).   
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differences in WTP across population segments based on MSAs and N-MSAs, we estimated two 

separate RPLMs and used the coefficients to derive WTP values for various frequency and 

duration levels for these areas. 

We find that the acceptable duration of outage varies across households, and on average, 

WTP values increase at a decreasing rate as the duration or frequency of outage increases. 

However, on average, WTP per hour is highest at a duration of 8 hours and declines afterwards. 

When accounting for both frequency and duration of outage, WTP values are much higher only if 

both the duration and frequency of outage are above an acceptable level or threshold that is unique 

and varies across households. If either the frequency or duration of the outage is within a 

household’s acceptable level, the WTP is either zero or significantly lower. Comparing the results 

across population segments, we find that the mean acceptable duration of power outage did not 

vary significantly across MSAs and N-MSAs households, but MSA households were always WTP 

higher for backup services and the differences increase as the duration of the outage increases and 

eventually declines. The positive WTP values show that households are interested in alternative 

sources of power during severe weather outages and, therefore, a market exists for backup services. 

This study contributes to the literature by estimating the acceptable duration of outage 

across households. It also provides novel estimates of WTP values to avoid severe weather power 

outages that vary by frequency, duration, and both frequency and duration at the household level 

and across different population segments (MSAs and N-MSAs). The WTP estimates provide 

VoLL, which can be used to compute the economic benefits of reducing extreme weather power 

outages that are crucial in determining pricing and investment decisions by power and utility 

companies or policy changes by the government (European Commission. Joint Research Centre. 
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2018; M. J. Sullivan et al. 2009; Gorman 2022). The government can determine if there is a need 

for policy changes or financial incentives to promote investments in alternative power sources to 

prevent power outages during severe weather events. Estimates can be used to assess levels for 

energy pricing and subsidies that improve social welfare and help households achieve energy 

resilience. As for households, they can use this information to determine if a market exists within 

their community for alternative sources of power that can enhance resilience during extreme 

weather events, and if they can take collective action to spread the cost of investment and 

maintenance to cushion themselves from extreme weather power outages. All these actions aim to 

improve household disaster energy resilience. 

2. Background  

Power outages have financial, infrastructural, and societal impacts (Macmillan et al. 2023; Ali et 

al. 2022). Using a bottom-up approach, Lacommare and Eto (2006) estimated that the national 

estimated cost of power outages in the U.S is about 79 billion annually, of which $1.5 billion 

represents the cost to households. A more recent study estimates the annual national cost of power 

outages to be $44 billion and $1billion for households (Kristina Hamachi LaCommare et al. 2018). 

These losses come from lost output and wages, spoiled inventory, delayed production, 

inconvenience, health costs, lost time, and direct damage to grid infrastructure (Executive Office 

of the President 2013; Ali et al. 2022). Specific economic costs and losses due to power outages 

depend on the geographic region, interruption frequency, interruption duration, season, user types, 

blackout time, and notification of power outage (Shuai et al. 2018; Campbell 2012; Küfeoğlu and 

Lehtonen 2015b; M. Sullivan et al. 2018; Do et al. 2023). While a one hour outage can significantly 

affect commerce, an 8-hour outage will begin to have significant adverse effects for health care 

and other important critical services (Do et al. 2023). These costs and damages are exacerbated by 
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extreme weather events and natural disasters. Costs and damage associated with such events have 

been increasing since 1980. Estimates were $ 182 billion in 2024 and $149.3 billion per year over 

the last 5 years (2020-2024) (Smith 2025). Power outages in the U.S caused by a severe weather 

event or natural disaster cost an estimated $20 to $55 billion annually (Campbell 2012; Kristina 

Hamachi LaCommare et al. 2018).   

There are numerous studies on the valuation of the losses from power outages and how 

much households are willing to pay (WTP) to avoid these outages. The  cost of a power system 

improvement is estimated using engineering cost analysis, while the expected economic benefit of 

the investment and the expected economic loss from power service interruptions are estimated 

using macroeconomic modeling, survey-based tools, or revealed preference consumer analysis (M. 

J. Sullivan et al. 2009; Gorman 2022). The economic cost of an outage is required for policy 

making to reduce the risk of power outages to customers.  

Previous studies have documented the economic cost or loss from a power outage (the 

VoLL) across time for households (Layton and Moeltner 2005). In 1992, the average marginal 

cost for an hour outage on a summer afternoon for a household was valued at $5.39 and ranged 

between $0 and $64 (M. J. Sullivan et al. 1996). The average marginal costs in 2008 were estimated 

at $3.9 for an hour outage, $7.8 for a 4-hour outage, and $10.7 for an 8-hour outage (M. J. Sullivan 

et al. 2009). A study in the San Francisco Bay area and the rest of the Pacific Gas and Electric 

Company territory in 2012 observed that the cost of power interruption increased with the duration 

of the outage, and it varied by locality (Pacific Gas & Electric Company 2012). The average 

household's cost of power interruption in the Bay Area was $13.22 for an hour outage, $19.59 for 

a 4-hour outage, $26.63 for an 8-hour outage, and $37.83 for a day outage (Pacific Gas & Electric 
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Company 2012). For the same outage duration in a non-bay area, the cost of an outage was lower. 

An hour outage costs $10.71, $14.89 for a 4-hour outage, $19.79 for an 8-hour outage, and $26.03 

for a day outage (Pacific Gas & Electric Company 2012). All three studies use survey data and use 

a customer damage function to estimate costs. 

 Sullivan, Schellenberg and Blundell (2015) did a study in 2013 on the cost of power 

interruptions for households across the entire U.S using a customer damage function. The cost of 

interruption for households was higher for morning or night outages, followed by afternoon and 

evening outages. The cost of interruption for summer outages was higher compared to any other 

season at the same time of day (M. Sullivan et al. 2015). The average cost of an outage was $ 5.1 

for a one-hour outage, $9.5 for a 4-hour outage, and $17.2 for an 8-hour outage (M. Sullivan et al. 

2015). The weighted average cost per sustained power outage lasting 214 minutes (~3.6 hours) in 

the U.S. in 2015 for households based on primary survey data was estimated to be $8.2 (Kristina 

Hamachi LaCommare et al. 2018). 

WTP values for more reliable power services are important for undertaking resource 

planning and rate making for utility companies. There are various studies that have documented 

this in the U.S (Lawton et al. 2003; Hartman et al. 1991). A study by Hartman et al. (1991) using 

a contingent valuation survey on WTP for backup generator services found that WTP varied 

depending on the season, time of day, and duration of outage. For a one-hour outage, respondents 

were WTP $2.95 to avoid an hour outage that occurred on a winter evening. For a 4-hour winter 

power outage, WTP was much higher, respondents were WTP $4.78 to avoid an outage in the 

evening and $2.99 in the morning, which is 1.6 times lower. The same was observed for a summer 

outage; WTP values increased with the duration of the outage. Respondents were WTP $1.64 to 
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avoid one hour of outage in the afternoon and $3.6 to avoid a 4-hour outage at the same time.  A 

study by Layton and Moeltner (2005) conducted in the Fall of 1998 using a dichotomous choice 

contingent valuation survey examined how much households were WTP to avoid a power outage 

on a winter evening. They found that the WTP increases with the duration of the outage. 

Households were, on average, WTP $13.45, $25.17, $34.49, and $41.51 to avoid an hour, 4-hour, 

8-hour, and 12-hour outage, respectively.  

A study by Lawton et al. (2003) in the early 2000s using survey data collected from various 

sources found that WTP still varied based on outage duration. Households were WTP, on average, 

$6.9 to avoid an hour outage, $7.14 to avoid a 4-hour outage, and $5.15 to avoid an 8-hour outage. 

The study covered the Southeast, most of the Western United States, and the Midwest, south and 

east of Chicago. A study in 2002 in the Midwestern US observed lower WTP to avoid power 

outages for some of the same outage durations. Households were WTP, on average, $1.12 per 

month to avoid an hour outage, $4.49 per month to avoid a 4-hour outage, and $8.98 per month to 

avoid an 8-hour outage (Chowdhury et al., 2004). The estimates were derived from a WTP question 

on a mail survey. A study by Baik et al. (2020) using a stated preference approach in 2015 found 

that households were WTP, on average, $43 per day to avoid a power outage. Another study in the 

Midwest in 2015 using a frequency bounded discrete choice method observed that households 

were WTP $9 and $11 on average for full-time and partial services, respectively, during a 24-hour 

outage when full information on what services were available (Baik et al. 2018). A long-duration 

study in New York State in 2018 using a choice experiment observed that respondents were WTP 

$14 per month for full access to microgrid services as a back-up power source (Hotaling et al. 

2021). A recent study by Stock et al. (2023) in 2020 using a stated preference approach estimated 

the WTP to avoid a power outage was on average $15 to avoid an hour outage and $252 for a 30-
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day outage. They observed that WTP increased with an increase in outage duration. A study in 

California in late 2021 and early 2022, also using a stated preference approach, found that 

respondents were WTP $78.44 per month on average to avoid a power outage (Gorman and 

Callaway 2024), while the average WTP for a 30-day power outage was $252 in Los Angeles 

(Stock et al. 2023). 

Our study builds on the literature by examining how much households are willing to pay 

to avoid a power outage resulting from severe weather events or natural disasters, rather than a 

general power outage or a specific severe weather event that has been extensively studied in the 

literature. We also compute the acceptable outage duration across households when WTP is $0, or 

they are not willing to pay to avoid the power outage. We estimate WTP values to avoid severe 

weather power outages, which vary by frequency, duration, and both frequency and duration at the 

household level, and compare these WTP values across different population segments, which all 

contribute to the literature. We use the estimated mean WTP values to compute how long it will 

take in years to recover capital cost for an investment in alternative energy sources to prevent 

power outages based on various frequencies and durations of outages per year, building on existing 

literature. 

3. Methods 

3.1 Conceptual Framework  

Our conceptual model is based on the framework proposed by Baarsma and Hop (2009), who were 

interested in households' WTP to avoid general power outages and enhance the reliability of the 

power grid in the Netherlands. In this study, we examine households’ WTP value to avoid power 

outages resulting from severe weather events and natural disasters, reducing the likelihood of 



60 

 

outages during these types of events. We also examine the distribution of WTP at a household 

level across our study region, which differs from Baarsma and Hop (2009) who primarily focused 

on average WTP for their population.  

We assume that household utility obtained for a back-up service to avoid a power outage 

from a severe weather event or natural disaster is a function of power outage duration (D) and 

frequency (F). Furthermore, we assume that the household utility function is weakly separable 

with respect to power outage duration and frequency. That is: 

(1)           𝑈 = 𝑈(𝑢(𝐷), 𝑢(𝐹))       
 

Based on these assumptions, the utility function given by equation (1) can then be written 

as a function of sub-utility functions for D and F. The duration sub-utility function, 𝑢(𝐷), captures 

the conditional utility derived from avoiding a single outage that varies by duration, season, time 

of day, time of week, and cost (attributes). The sub-utility for frequency, 𝑢(𝐹), measures the 

conditional utility derived from avoiding a number of outages in a year that are similar in duration, 

season, time of day, and time of week but vary by cost11.  The sub-utility functions, assuming they 

are linear in the parameters, have the following functional forms:  

(2)           𝑈0 = 𝛼𝑖 + 𝝍𝒊𝒋
′ 𝜷𝑖      

 

                                                   

11Our results support this approach empirically. When we estimated our frequency power outage model, duration 

was only significant as a linear term in the latent utility function. Interactions between duration and frequency were 

not statistically significant. This finding provides evidence that the duration and frequency may not directly interact, 

but only indirectly. The evidence is not definitive though and should be explored more in future research.  
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where 𝑖  represents household, 𝛼𝑖 is a household-specific constant, and 𝝍𝑖𝑗 is a vector of power 

outage attributes, and 𝜷𝑖  is a vector of marginal sub-utilities. For the duration sub-utility function, 

equation (2) represents the utility obtained from a back-up service to avoid a single power outage 

of duration D from a severe weather event or natural disaster with 𝝍𝑖𝑗 vector representing duration, 

part of week, starting time of outage, season, and user fee. For the frequency sub-utility function, 

equation (2) represents the utility obtained from a back-up service to avoid a given size power 

outage of frequency F per year due to severe weather events and natural disasters with 𝝍𝑖𝑗 vector 

representing frequency of power outages and user fee. Following the literature, we assume that 

frequency and duration enter the utility function using a logarithmic specification to capture the 

nonlinear relationship between utility and duration and frequency of an outage (Baarsma and Hop 

2009; Scarpa and Alberini 2005; Zemo et al. 2019; Kristina Hamachi LaCommare et al. 2018). 

The other attributes are assumed to have a linear relationship with the sub-utility for the duration 

and frequency of a power outage. 

Following the framework by Baarsma and Hop (2009), now assume a household 

experiences two different power outages due to a severe weather event or natural disaster that have 

the same set of attributes, apart from duration and user fee. It should be emphasized that this is for 

a single power outage and does not directly incorporate frequency. That is, for power outage 1, the 

duration of the outage is 𝐷1 and the cost or fee to avoid the outage using a back-up service is 𝑃1
𝑑 , 

while the duration for power outage 2 is 𝐷2and the cost or fee to avoid the outage is 𝑃2
𝑑. D2 can be 

written in terms of 𝐷1. That is, 𝐷2 =  𝐷1 + ∆. Assume the difference in duration ∆ of the two power 

outages is sufficiently small, such that the duration of sub-utilities is essentially equal. Based on 

equation (2), the duration sub-utility for the two different power outage events is given by:  
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(3)           𝑈0 = 𝛼 + 𝑿′𝜷 + 𝛽𝐷 𝑙𝑛 𝐷1 + 𝛽𝑃𝐷𝑃1
𝑑, and      

(4)            𝑈0 = 𝛼 + 𝑿′𝜷 + 𝛽𝐷 𝑙𝑛 𝐷2 + 𝛽𝑃𝐷𝑃2
𝑑 = 𝛼 + 𝑋′𝜷 + 𝛽𝐷 𝑙𝑛(𝐷1 + ∆) + 𝛽𝑃𝐷𝑃2

𝑑,       
 

where 𝑿 represents the season, time of day, and time of week. We have suppressed the individual 

subscripts here for convenience. 

We hypothesize that the relationship between duration and user fee to be negative based 

on existing literature (Meles et al. 2021; Pepermans 2011; Zemo et al. 2019; Breit et al. 2016; 

Abdullah and Mariel 2010).  Equations (3) and (4) can be rearranged to obtain the price 𝑃2
𝑑  as a 

function of 𝑃1
𝑑 , 𝐷1, the coefficient on duration (𝛽𝐷), and the coefficient on the user fee (βPD) . That 

is: 

 (5)           𝛼 + 𝑿′𝜷 + 𝛽𝐷 𝑙𝑛 𝐷1 + 𝛽𝑃𝐷𝑃1
𝑑  = 𝛼 + 𝑿′𝜷 + 𝛽𝐷 𝑙𝑛(𝐷1 + ∆) + 𝛽𝑃𝐷𝑃2

𝑑      

𝛽𝐷 𝑙𝑛 𝐷1 + 𝛽𝑃𝐷𝑃1
𝑑  = 𝛽𝐷 𝑙𝑛(𝐷1 + ∆) + 𝛽𝑃𝐷𝑃2

𝑑  

𝛽𝑃𝐷𝑃2
𝑑 = 𝛽𝐷 𝑙𝑛 𝐷1 + 𝛽𝑃𝐷𝑃1

𝑑  − 𝛽𝐷 𝑙𝑛(𝐷1 + ∆)      

𝑃2
𝑑 = 𝑃1

𝑑 −
𝛽𝐷

𝛽𝑃𝐷

𝑙𝑛 (
𝐷1 + ∆

𝐷1

)    

When ∆ > 0 then 𝑃2
𝑑 > 𝑃1

𝑑  and vice versa if ∆ < 0.  

Let 𝐷0 represent the duration of the power outage event that is acceptable to households in 

which their WTP is zero (𝑃0
𝑑 = 0) to avoid it. Based on Equation (5), the WTP to avoid a severe 

weather event or a natural disaster power outage of duration D𝑛 = D0 + 𝑛∆ can be calculated. Dn 

represents a power outage duration that households are WTP a user fee to avoid, where  𝐷𝑛 ∈

 [𝐷0, ∞]. The symbol ∆ represents a fixed (marginal) time increment and n represents the number 

of time increments between 𝐷0 and 𝐷𝑛. We assume here that 𝑃0
𝑑 = 0 since households are not 
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WTP for a power outage that is of length 𝐷0 or less. The user fee a household is WTP to avoid an 

outage of length 𝐷𝑛 can be computed following equation (2) using a recursive equation as12: 

    (6)           𝑃𝑛
𝑑 = 𝑃0

𝑑 −
𝛽𝐷

𝛽𝑃𝐷
∑ 𝑙𝑛 (

𝐷𝑖−1 + ∆

𝐷𝑖−1
)

𝑛

𝑖=1
 

 = − 
𝛽𝐷

𝛽𝑃𝐷
𝑙𝑛 (

𝐷0 + ∆

𝐷0
)  −

𝛽𝐷

𝛽𝑃𝐷
𝑙𝑛 (

𝐷1 + ∆

𝐷1
) − ⋯ −

𝛽𝐷

𝛽𝑃𝐷
𝑙𝑛 (

𝐷𝑛−1 + ∆

𝐷𝑛−1
)   

                            = −
𝛽𝐷

𝛽𝑃𝐷
𝑙𝑛 (

𝐷0 + ∆

𝐷0
) (

𝐷1 + ∆

𝐷1
) … (

𝐷𝑛−1 + ∆

𝐷𝑛−1
)  

                            = −
𝛽𝐷

𝛽𝑃𝐷

𝑙𝑛 (
𝐷0 + 𝑛∆

𝐷0

) = −
𝛽𝐷

𝛽𝑃𝐷

𝑙𝑛 (
𝐷𝑛

𝐷0

) , 

which can be rewritten as: 

 (7)           𝑃𝑛
𝑑 =  𝜆0 𝑙𝑛(𝜆1𝐷𝑛) 

where 𝜆0 = −
𝛽𝐷

𝛽𝑃𝐷
 and 𝜆1 = 𝐷0

−1 .  

For the frequency sub-utility function, we again follow the framework based on Baarsma 

and Hop (2009) to obtain the utility level 𝑈0 and the price level households are WTP to avoid a 

power outage due to severe weather or natural disasters with a given frequency. When only 

considering this sub-utility, duration must be set to a base power outage duration. Let this be 𝜑. 

The base frequency sub-utility function follows equation (2). Now, assume a household 

experiences two types of power outages that are different based on the frequency with which they 

occur in a year. That is, for power outage Type 1, the frequency of outage per year is 𝐹1 and for 

power outage Type 2, the frequency of outage is 𝐹2 . We assume a household is WTP 𝑃1
𝑓

 and 𝑃2
𝑓
 

                                                   

12The first equation writes the WTP equation as the sum of n time increments ∆. Using the product rule, the 

equations can be rearranged to obtain the second equation since the relationship between duration and user fee is 

negative. Some of the terms cancel out and we obtain the last equation. 
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in the form of a user fee to avoid power outages of duration 𝜑 and with frequency 𝐹1 and 𝐹2, 

respectively. As with duration, 𝐹2 can be written in terms of 𝐹1 by letting 𝐹2 =  𝐹1 + ∆. Again, the 

difference in frequency (∆) of the two types of power outages is assumed to be sufficiently small 

such that the utilities of the two power outages are essentially equal. That is, the frequency sub-

utility function for each type of power outage is given by: 

(8)           𝑈0 = 𝛼 + 𝑿′𝜷 + 𝛽𝐹 𝑙𝑛 𝐹1 + 𝛽𝑃𝐹𝑃1
𝑓

, and    

(9)           𝑈0 = 𝛼 + 𝑿′𝜷 + 𝛽𝐹 𝑙𝑛 𝐹2 + 𝛽𝑃𝐹𝑃2
𝑓

= 𝛼 + 𝑿′𝜷 + 𝛽𝐹 𝑙𝑛(𝐹1 + ∆) + 𝛽𝑃𝐹𝑃2
𝑓

,  

where 𝑿 represents other attributes of the type of power outage. We have suppressed the individual 

subscript for convenience. Based on existing literature, we also assume the relationship between 

frequency and user fee to be negative (Meles et al. 2021; Pepermans 2011; Zemo et al. 2019; 

Abdullah and Mariel 2010).  

We can arrange Equations (8) and (9) to obtain the following equation, given ∆ is 

sufficiently small: - 

(10)           𝛼 + 𝑋′𝛽 + 𝛽𝐹 𝑙𝑛 𝐹1 + 𝛽𝑃𝐹𝑃1
𝑓

 = 𝛼 + 𝑋′𝛽 + 𝛽𝐹 𝑙𝑛(𝐹1 + ∆) + 𝛽𝑃𝐹𝑃2
𝑓

    

𝛽𝐹 𝑙𝑛 𝐹1 + 𝛽𝑃𝐹𝑃1
𝑓

 = 𝛽𝐹 𝑙𝑛(𝐹1 + ∆) + 𝛽𝑃𝐹𝑃2
𝑓

   

  𝛽𝑃𝐹𝑃2
𝑓

= 𝛽𝐹 𝑙𝑛 𝐹1 + 𝛽𝑃𝐹𝑃1
𝑓

 − 𝛽𝐹 𝑙𝑛(𝐹1 + ∆)  

 𝑃2
𝑓

= 𝑃1
𝑓

−
𝛽𝐹

𝛽𝐹𝐷

𝑙𝑛 (
𝐹1 + ∆

𝐹1

) 

When ∆> 0, 𝑃2
𝑓

> 𝑃1
𝑓

 and vice versa when ∆ < 0. Generalizing, for any severe weather, power 

outage of frequency 𝐹𝑛 = 𝐹0 + 𝑛∆, the household is WTP 𝑃𝑛
𝑓

to avoid it, where n represents the 

number of equal marginal time increments ∆. We assume here that 𝐹0 represents the least number 
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of power outages technically possible caused by severe weather events. We chose to set this at 

0.05 (1 severe weather power outage every 20 years). P0
𝑓
 is the maximum user fee a household is 

WTP to avoid a severe weather power outage with the least frequency (𝐹0) and it is assumed 𝐹𝑛 ≫

𝐹0 .  Again, ∆ is assumed to be sufficiently small. We follow the same procedure as for the duration 

sub-utility model to obtain a recursive equation and generalize equation (10) to obtain a 

representation for P𝑛
𝑓
 for the frequency of outage. 

(11)           𝑃𝑛
𝑓

= P0
𝑓

−
𝛽𝐹

𝛽𝑃𝐹

∑ 𝑙𝑛 (
𝐹𝑖−1 + ∆

𝐹𝑖−1

)
𝑛

𝑖=1
= P0

𝑓
−

𝛽𝐹

𝛽𝑃𝐹

𝑙𝑛 (
𝐹0 + 𝑛∆

𝐹0

) = P0
𝑓

−
𝛽𝐹

𝛽𝑃𝐹

𝑙𝑛 (
𝐹𝑛

𝐹0

),  

which is equivalent to: 

(12)           𝑃𝑛
𝑓

≈ 𝜇𝑜 𝑙𝑛(𝜇1[1 + 𝜇2𝐹𝑛])   

where  𝜇0 = −
𝛽𝐹

𝛽𝑃𝐹
  , 𝜇1 = 𝑒𝑥𝑝 (

P0
𝑓

𝜇0
), and 𝜇2 = 𝐹0

−1. Plugging in the values gives you an estimate 

of 𝑃𝑛
𝑓

= P0
𝑓

−
𝛽𝐹

𝛽𝑃𝐹
𝑙𝑛 (1 +

𝐹𝑛

𝐹0
). By adding a value of 1 in the equation, the price is no longer 

undefined for a frequency of zero13. We have also suppressed the individual subscript i for 

convenience. 

There exists a frequency of power outages (𝐹𝑀) in which households are not WTP anything 

(𝑃𝑚
𝑓

= 0). We assume this occurs at the frequency 𝐹0 or 0.05 (once every 20 years). This 

assumption implies that 𝐹𝑀 = 𝐹0  and 𝑃𝑚
𝑓

= P0
𝑓

= 0. Thus, 𝐹0 represents the maximum frequency 

for a given power outage duration due to severe weather events or natural disasters that is 

                                                   

13We use ln (1 + 𝐹𝑛) instead of ln(𝐹𝑛) to ensure pricing is defined at frequency level of zero (Stock et al. 2023). 

Although we observe a small difference in mean pricing equations at a frequency lower than 𝐹𝑛=0.5 (1 outage every 

other year), in higher frequency the mean pricing was almost similar.  
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acceptable for a household where WTP to avoid that frequency of outage is zero. For power 

outages with a frequency equal to or below 𝐹0 , 𝑃𝑛
𝑓

= 0 and for those power outages with frequency 

above 𝐹0 , 𝑃𝑛
𝑓

> 0 . From these assumptions, for any outage frequency of 1 outage every 20 years 

(0.05) and below, 𝑃𝑛
𝑓

= 0 because 𝐹0 ≤ 0.05 and 𝑃𝑛
𝑓

> 0 if 𝐹0 > 0.05. 

At a given frequency for a set duration of outage, there exists a WTP for household i such 

that 𝑃𝑛
𝑑 = 𝑃𝑛

𝑓
= 𝑃𝑛. That is, Equations (7) and (12) can be set equal to each other. This must be 

determined empirically, which is captured in the designed choice experiment developed later in 

the paper. We chose a base power outage duration of 𝜑 for this purpose. With 𝐷0 =
1

𝜆1
:   

 (13)           𝜆0 ln(𝜆1𝐷𝑛) =  𝜇𝑜 ln(𝜇1[1 + 𝜇2𝐹𝑛])    

𝜆1 𝐷𝑛 = exp (
𝜇0

 𝜆0
) 𝜇1[1 + 𝜇2𝐹𝑛]     

1

𝜆1
=

𝐷𝑛

exp (
𝜇0

 𝜆0
) 𝜇1[1 + 𝜇2𝐹𝑛]

 

𝐷0 = 𝐷𝑛 (𝜇1[1 + 𝜇2𝐹𝑛])−(𝜆0
−1𝜇0)   

𝐷0 = 𝜑 (𝜇1[1 + 𝜇2])−(𝜆0
−1

𝜇0)  

We assume that for a household, 𝐷0 , which is the duration of a severe weather power outage 

that is acceptable to households in which their WTP is zero, is the same for all frequency levels 

with this set duration 14. The assumption enables us to estimate the valuation of different outages 

that vary in duration at various frequency levels. We capture the interaction effect between 

                                                   

14By assuming 𝐷0 varies across frequency levels, we will need to estimate a separate, theoretically consistent 

framework for each frequency level, which is not empirically feasible. 
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duration and frequency by first assuming that  λo is a function of 𝐹𝑛 in Equation (7). Recall, 𝜆𝑜 is 

the negative of the ratio of the marginal sub-utility of a given power outage duration relative to the 

marginal sub-utility of the user fee a respondent would need to pay to avoid that outage. This 

assumption allows for the sub-utility functions to then be connected, such that duration sub-utility 

is indirectly influenced by frequency, which must occur following the weak separability 

assumption of an individual’s overall utility function, considering duration and frequency of power 

outages.  We can determine  𝜆0(𝐹𝑛) here by setting 𝐷𝑛 = 𝜑 as we did above and again by equating 

equation (7) to equation (12), giving:  

 (14)      𝜆0(𝐹𝑛) ln(𝜆1𝐷𝑛) =  𝜇𝑜 ln(𝜇1[1 + 𝜇2𝐹𝑛])  

      𝜆0(𝐹𝑛) =  
𝜇𝑜 ln(𝜇1[1 + 𝜇2𝐹𝑛])

ln(𝜆1𝐷𝑛)
=

𝜇𝑜 ln(𝜇1[1 + 𝜇2𝐹𝑛])

ln (
𝜑

𝜑 (𝜇1[1 + 𝜇2])−(𝜆0
−1

𝜇0)
)

=
 𝜆0ln(𝜇1[1 + 𝜇2𝐹𝑛])

ln (𝜇1[1 + 𝜇2])
 

 

We can use Equation 14 to obtain the WTP values at various possible combinations of frequency 

and duration. We know that at the duration of 𝐷0 and below, a household’s WTP to avoid a severe 

weather power outage of duration 𝐷0 is zero, no matter the frequency of outages at this duration. 

Households are only interested in power services when power outage durations are greater than 

𝐷0. For frequency, we know that households are not WTP for any frequency of severe weather 

outages less than 𝐹0.  

There are four possible scenarios to consider when examining the interactions between 

power outage duration and frequency. The WTP values of the four possible scenarios are illustrated 

in Figure 2.1 and outlined below. We dropped the n subscript on Fn for simplification purposes. 
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Figure 2.1. Four Possible Scenarios of Frequency and Duration Combination 

 

 

 

 

 

 

 

  

Scenario 1: The user fee households are WTP to avoid a power outage due to severe weather or a 

natural disaster of duration 𝐷 > 𝐷0 for a given outage frequency 𝐹 > 𝐹0  is positive and is given 

by: 

(15)           𝑊𝑇𝑃(𝐷|𝐹 > 𝐹0) = λ𝑜(𝐹) ln(𝜆1𝐷) = λ𝑜

ln(𝜇1[1 + 𝜇2𝐹])

ln(𝜇1[1 + 𝜇2])
ln(𝜆1𝐷). 

𝑊𝑇𝑃(𝐷|𝐹 > 𝐹0) is positive because households are WTP for any severe weather power outage 

that is greater than 𝐷0 and a frequency greater than 𝐹0, which is above both the base acceptable 

levels for duration and frequency of outages, households are willing to pay for. It is expected that 

in this situation, households will invest in alternative power sources or change their residence if a 

backup power service is not available. 
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Scenario 2: The user fee households are WTP to avoid a power outage due to severe weather or a 

natural disaster of duration 𝐷 ≤ 𝐷0 for a given outage frequency 𝐹 > 𝐹0  is equal to zero. In 

equation (15), since the value of ln(𝜆1𝐷) is negative, then 𝑊𝑇𝑃(𝐷|𝐹 > 𝐹0) is negative. While 

negative values can be estimated and would capture household’s preferences at various frequency 

levels when 𝐷 ≤ 𝐷0, we do not expect power companies to compensate customers for using their 

services during a power outage. In addition, any severe weather power outage with a duration of 

𝐷0 or lower is assumed to be acceptable by households at any frequency for this duration, not 

making them interested in paying for a back-up service. Thus, 𝑊𝑇𝑃(𝐷|𝐹 > 𝐹0) = 0.   

Scenario 3: The user fee households are WTP to a power outage due to severe weather or a natural 

disaster of duration 𝐷 > 𝐷0 for a given outage frequency 𝐹 ≤ 𝐹0  is positive and not influenced 

by frequency. We know that any severe weather power outage with a duration higher than 𝐷0  is 

unacceptable to households, and they are WTP to avoid it. However, households are not WTP 

anything for 𝐹 ≤ 𝐹0 . We can rewrite equation 15 to obtain how much households are WTP at 

various duration levels, which is equal to 𝜆0 log(𝜆1𝐷). The value  𝜆0 log(𝜆1𝐷) captures WTP to 

avoid a single event. To obtain WTP, we multiply  𝜆0 log(𝜆1𝐷) by frequency (F) to capture the 

frequency of severe weather power outages15. The WTP becomes: 

 
(16)           𝑊𝑇𝑃(𝐷|𝐹 ≤ 𝐹0) =   𝐹𝜆0 ln(𝜆1𝐷)  

 

Scenario 4: The user fee households are WTP for a power outage due to severe weather or a natural 

disaster of duration 𝐷 ≤ 𝐷0 for a given outage frequency 𝐹 ≤ 𝐹0  is zero. We know that for any 

                                                   

15 The equation is different from Baarsma and Hop (2009) paper because we excluded (1-𝐹0)𝑃0 , this is because at 

all frequency below or equal to 𝐹0 , 𝑃0 = 0 and it collapses to zero. 
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severe weather power outage with a duration of 𝐷0 or lower, WTP for the back-up service will be 

zero. In addition, households are not WTP for any frequency of severe weather power outage at 

𝐹0 and below.  

3.2 Empirical Model 

The empirical model builds upon the conceptual and empirical framework proposed by Baarsma 

and Hop (2009). For the empirical modelling framework, a random parameter linear regression 

model (RPLM) is adopted to capture household unobserved heterogeneity. The dependent variable 

in the model is the choice task rating by respondents from the discrete choice experiment. The 

rating marks estimate utility derived from a good composed of attribute levels (Baarsma and Hop 

2009; Maddala, Phillips and Reed Johnson 2003; Poortinga et al. 2003; Green and Srinivasan 

1990). This is based on their subjective willingness-to-pay to avoid a power outage of a given 

duration and/or frequency. 

We estimate a RPLM following the methods described in Greene (2018) to empirically 

estimate the duration and frequency sub-utility functions given by Equation (2). We regressed the 

choice task rating on the attributes of the extreme weather power outage scenario denoted by 𝜓 

from the discrete choice experiments. We estimate a different model for both the duration and 

frequency sub-utility functions. Social or economic variables were not included in the initial 

model, because past literature has provided evidence that the ratio of the coefficients of duration 

and frequency to changes in monthly electric bills does not change with additional explanatory 

variables in the econometric model (Baarsma and Hop 2009). However, we did a robustness check 

by including a number of social and economic variables to check for this study, as that finding 

may be problem-dependent.  
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We assume a utility function linear in the parameters, but duration and frequency enter 

nonlinearly, which was based on functional forms and evidence from the literature. We further 

assumed that all random parameters in the linear regression models estimated follow a normal 

distribution. This distributional assumption allows the mean of the distribution and household 

parameter estimates to have a positive or negative sign that captures heterogeneity in preferences 

across households (Carlsson et al. 2003). We initially assume that the random parameters are 

uncorrelated, but then test this assumption, assuming the random parameters come from a 

multivariate normal distribution.  

The RPLM adopted is specified as: 

(17)           𝑤𝑖𝑗 = 𝛼𝑖 + 𝝍𝒊𝒋
′ 𝜷𝑖 + 𝜀𝑖𝑗   

 

where 𝑖  represents household 𝑖, 𝑤𝑖𝑗  is the rating of choice task 𝑗 for household 𝑖,  𝛼𝑖 is the 

household-specific constant, 𝝍𝑖𝑗 is the vector of attributes from the discrete choice experiment 

(e.g. duration, part of week, starting time of outage, season, frequency and/or user fee),   𝜷𝑖  is a 

vector of random parameters that follows a multivariate normal distribution with mean 𝒃 and 

covariance matrix 𝚮 = 𝚲𝚲′, and  𝜀𝑖𝑗  is a mean zero IID error term. That is, we assume 𝜷𝑖 = 𝒃 +

𝚲𝐮𝑖  , where 𝚲 is a diagonal covariance matrix with a standard deviation (𝜎1,…,𝜎𝑘) on the diagonal 

and 𝒖 is a random vector such that 𝒖~𝑵(𝟎, 𝑰), where I is an identity matrix. 

In their framework, Baarsma and Hop (2009) transform the rating marks that represent the 

responses in the DCE. This transformation assumes that respondents attach the same mean rating 

for the average reliability of power supply in any given choice task. This method corrects for 
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unobserved heterogeneity, but only in the intercept, not for preferences of other choice attributes. 

The transformation for rating mark used by Baarsma and Hop (2009) is: 

(18)           𝜔𝑖𝑗 = 𝑤𝑖𝑗 −
1

𝐾
∑ 𝑤𝑖𝑗   

𝐾

𝑗=1

 

where 𝑖  represents household 𝑖, 𝑤𝑖𝑗  is the rating of choice task 𝑗 for household 𝑖, and 𝐾 is the 

number of choice tasks answered by household 𝑖. We estimate the RPLM with the transformation 

given by equation (18) and assuming the coefficients on the attributes (i.e. marginal sub-utilities) 

in the model do not vary across respondents as a robustness check. 

The WTP values for various frequency and duration levels are estimated using the 

coefficients from the estimated RPLM. To do this, we first estimate the duration sub-utility RPLM 

to obtain household coefficient estimates of the price (𝛽𝑃𝐷𝑖) and duration (𝛽𝐷𝑖) parameters 

following Greene (2018). That is, we estimate the RPLM and the random parameter distributions 

for the price (𝛽𝑃𝐷𝑖) and duration (𝛽𝐷𝑖) parameters. We treated duration and user fee as continuous 

variables and season, time of week, and time of day as categorical variables, which will be 

discussed later in the choice experiment. Duration enters the sub-utility nonlinearly as lnD. We 

then follow methods in Greene (2018) to obtain household (or respondent) specific price  (𝛽𝑃𝐷𝑖) 

and duration (𝛽𝐷𝑖) parameters from the estimated distributions. These are used to then estimate 

household-specific WTP estimates by using the equations in the conceptual model. To estimate 

how much households are WTP to avoid power outages at various outage durations for a single 

outage, as in Equation (7), we need to be able to estimate 𝐷0= 
1

𝜆1
. We can obtain household-specific 

estimates for 𝜆0 = −
𝛽𝐷

𝛽𝑃𝐷
 that is later used to compute 𝐷0. 
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The next step was to estimate the frequency sub-utility RPLM. We followed the same steps 

as for the duration sub-utility RPLM to obtain the household-specific parameters for price (𝛽𝑃𝐹𝑖), 

frequency (𝛽𝐹𝑖), and the constant term (𝛼𝑖). Frequency and user fee were continuous variables, 

and the base category of duration was a categorical variable to control for the base duration effects. 

Frequency enters nonlinearly as 𝑙𝑛(1 + 𝐹).  

After estimating the frequency sub-utility RPLM, we then proceed to estimate how much 

households are WTP to avoid a severe weather power outage of frequency 𝐹𝑛  following Equation 

(12). We estimate household-specific coefficients for 𝜇0 = −
𝛽𝐹

𝛽𝑃𝐹
   and 𝜇1 = 𝑒𝑥𝑝 (

𝑃0

𝜇0
) by 

substituting the household-specific parameters for price (𝛽𝑃𝐹) and frequency (𝛽𝐹) we obtained 

above and 𝑃0  which is assumed to be zero (see the conceptual framework for details). This then 

provides us with a method based on the conceptual framework to determine how much households 

are WTP at various frequencies (𝐹𝑛) of outages based on a given base category of duration. 

Using the household-specific coefficient estimates above, household-specific parameter estimates 

of 𝐷0 can be obtained following Equation (13) by plugging in the base duration of severe weather 

power outage for 𝜑, 𝜇1, 𝜇0, 𝜆0 , and 𝜇2 = 𝐹0
−1. After computing 𝐷0, household-specific estimates 

of WTP to avoid a severe weather power outage with a given duration 𝐷𝑛 using Equation (7) can 

be obtained by first estimating 𝜆1,𝑖 = 𝐷0,𝑖
−1 and plugging it into Equation (7) with the estimated 

values for 𝜆0,𝑖, and  𝐷𝑛 , providing household estimates of how much a household is WTP to avoid 

a severe weather power outage of duration 𝐷𝑛. 

We can now consider estimation of how much households are WTP to avoid a power 

outage that varies by both frequency and duration. To do this, household-specific estimates are 
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obtained for 𝜆𝑜(𝐹) using Equation (14). Recall, there are four possible combinations of frequency 

and duration, and we can use Equation 14 to obtain these WTP values (see the conceptual model 

section). For Scenario 1, we use household-specific estimates of λ𝑜(𝐹), 𝜆1, and 𝐷 in Equation (15) 

to obtain how much households are WTP to avoid a severe weather power outage of duration 𝐷 >

𝐷0 for a given outage frequency 𝐹 > 𝐹0. The WTP to avoid severe weather power outages of 

duration 𝐷 ≤ 𝐷0 for a given outage frequency 𝐹 > 𝐹0 in Scenario 2 is assumed to always be zero. 

For Scenario 3, we estimate household WTP to avoid a severe weather power outage of duration 

𝐷 > 𝐷0 for a given outage frequency 𝐹 ≤ 𝐹0  by plugging in the household-specific estimates of 

λ𝑜 and λ1, as well as the levels for 𝐹 and 𝐷 into Equation (16). The WTP to avoid a severe weather 

power outage of duration 𝐷 ≤ 𝐷0 for a given outage frequency 𝐹 ≤ 𝐹0 in Scenario 4 was again 

assumed to always be zero. 

4. Data 

4.1 Choice Experiment  

A two-stage choice experiment was developed to estimate households’ WTP to avoid power 

outages that vary in attribute levels due to extreme weather and natural disasters. The design is 

based on that proposed by Baarsma and Hop (2009). We ask respondents to rate their intention of 

paying for a backup service to avoid a power outage due to a severe weather event, based on 

different power outage attributes. We use this continuous response as a measure of the sub-utilities 

in the theoretical framework. The first stage of the experiment was a duration power outage task, 

and the second stage was a frequency power outage task due to severe weather. We used the two-

stage choice experiment to limit the number of choice sets and ensure enough variability in the 

attributes, as well as better capture the marginal impact of duration and frequency and the 
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interaction between duration and frequency (Baarsma and Hop 2009). The duration power outage 

task, or the one-time power outage part of the experiment, was used to capture the WTP of a 

household to avoid a single outage that varies by duration, season, time of day, user fee, and time 

of week. The frequency power outage task or multiple power outages part of the experiment was 

used to capture the WTP of a household to avoid a set frequency of power outages at a given 

duration. A user fee was included in both experiments to enable estimation of WTP for each power 

outage attribute. The WTP values can provide marginal and overall valuation of indirect effects 

on households from power outages during extreme weather events and natural disasters, sometimes 

known as the value of lost load (European Commission. Joint Research Centre. 2018).  

Reliability of power supply to households is often measured in terms of frequency of 

outages, duration of interruption, time of day, notification of interruption, and price (Hensher et 

al. 2014; Amador et al. 2013; Bhatia and Angelou 2015; Blass et al. 2010). The cost per outage is 

not constant and varies depending on the duration, frequency, season, day of the week, region, the 

type of customer, and time of day (Lawton et al. 2003; Carlsson and Martinsson 2007; C.-K. Woo 

and Pupp 1992; Ozbafli and Jenkins 2016). In our study, we measured reliability by duration of 

outage, frequency of outage, season in which the outage occurs, user fee, and time of week and 

day. The choice of attributes for the study is based on previous literature and discussion with 

experts in the field (Ozbafli and Jenkins 2016; Pepermans 2011; Hensher et al. 2014; Amador et 

al. 2013; Blass, Lach and Manski 2010; Morrissey et al. 2018; Cohen et al. 2016; Meles et al. 

2021; Zemo et al. 2019; Breit et al. 2016; Carlsson et al. 2020). We chose not to include notification 

of interruption given the focus on severe weather and natural disasters. The choice task developed 

already takes the potential of an outage from the event into account. Tables 2.2 and Table 2.3 
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summarize the attributes and attribute levels used in the choice experiment for both the duration 

outage task and the frequency of outage task. 

Duration is a critical component in determining the impact of an outage (De Nooij et al. 

2007). The average estimated monthly power bill in the U.S. ranges between $75 and $203 and 

$81 and $128 based on our study region (Electricity Local 2023).  In our study, we limit the user 

fee to a maximum of $250, the high end of average monthly electric bills in the U.S.  The duration 

levels we chose are based on prior literature and experienced power outages in our region (Carlsson 

et al. 2020; Meles et al. 2021; Küfeoğlu and Lehtonen 2015b, 2015a; Kim et al. 2020; Zemo et al. 

2019; Wen et al. 2022; Scarpa and Alberini 2005; Pepermans 2011; Carlsson and Martinsson 2007; 

Carlsson et al. 2011; Abdullah and Mariel 2010; Baarsma and Hop 2009; Lawton et al. 2003). We 

selected 1 hour, 4 hours, and 8 hours to limit the levels in short-duration outages, as we were also 

interested in including longer-duration outages that may result from more severe weather events. 

Most power outages in the U.S. are less than 48 hours, with a few lasting for a longer period, e.g. 

more than a week. Thus, we limit the longest duration of outage to 5 days (Taimoor et al. 2020). 

We anticipated that including a longer duration would not be viable since households may relocate 

to escape the adverse effects of the outages that last longer than 5 days. We selected 3 days as a 

midpoint between having a 1-day and a 5-day outage.  

The season, day of the week, and time of day influence which activities are interrupted. 

These activities are valued differently by households (De Nooij et al. 2007; Blass et al. 2010; J. J. 

Cohen et al. 2016). Households’ WTP are likely higher during weekends and weeknights relative 

to weekdays (Carlsson and Martinsson 2007). A higher number of activities usually happen in the 

early morning prior to going to work and late afternoon/evening when people return home and 
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prior to going to bed (Casey et al. 2020). For example, an outage that happens at 8 p.m. can affect 

household leisure and labour activities, while an outage at 3 a.m. has less of an effect as most 

people are usually asleep (De Nooij et al. 2007). These are the reasons we include different time 

intervals for the time of day of an outage. These intervals represent the start time of the interval 

and include 6 a.m. – 10 a.m. (morning), 10 a.m. – 4 p.m. (afternoon), 4 pm to 10 pm (evening) and 

10 pm to 6 am (night) in order to capture different variations of activities within households. Time 

of outage has often been used by various studies to estimate WTP to avoid power outages 

(Küfeoğlu and Lehtonen 2015a; Scarpa and Alberini 2005; Baarsma and Hop 2009; Lawton et al. 

2003). Other temporal attributes include part of the week (Carlsson and Martinsson 2007; Baarsma 

and Hop 2009). We opted for the weekend and weekday to reduce the levels of this attribute in the 

experiment. Other studies have also included season as a level in their power outage experiments 

(Küfeoğlu and Lehtonen 2015b, 2015a; Pepermans 2011; Carlsson and Martinsson 2007; Baarsma 

and Hop 2009; Lawton et al. 2003). We selected summer and winter because most power outages 

in the U.S. tend to occur in late summer and mid-winter months (Casey et al. 2020; Do et al. 2025; 

Hines et al. 2009). In addition, there is a high demand for power during these times due to 

potentially extreme or higher heat and cold relative to the rest of the year (Michelfelder and Pilotte 

2022). 

The frequency of outages can be used to determine how much households may invest in or 

desire backup power options. Households are likely willing to pay more for an increase in the 

number of outages, but it is not well known if WTP increases at a decreasing or increasing rate as 

frequency increases. We explore this question in our study with the second stage of the choice 

experiment (Chowdhury et al. 2004). The frequency levels chosen for the second stage of the 

choice experiment were based on the reported occurrence of severe weather events and disasters 
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(Brusentsev and Vroman 2017; Casey et al. 2020; Woo et al. 2021; National Centers for 

Environmental Information (NCEI) 2020). Brusentsev and Vroman (2017) documented the 

frequency of major wildland fires, tornadoes, and hurricanes (tropical storms) between 1953 and 

2013. The frequency of these events was on average between 1 and 3 per year, whereas between 

2011 and 2017, there were 16 weather and climate disaster events, translating to roughly 2 events 

per year (National Centers for Environmental Information (NCEI) 2020). A study by Casey et al. 

(2020) showed the number of outages per state caused by severe weather events between 2000 and 

2016. Based on our study region, it was 65 in Texas, 5 in Kansas, 17 in Oklahoma, and 3 in 

Nebraska, which was on average about 1 per year across these four states. However, in Colorado 

and Iowa, the primary cause of outages was electromagnetic events and intentional cyber-physical 

attacks, and the number of outages was 5 in each state for the period of 2000 to 2016.  

For our choice experiment, each choice task utilized a conjoint analysis approach that 

captures stated preferences using rating marks to estimate an households’ utility derived from a 

good composed of attribute levels (Baarsma and Hop 2009; Maddala et al. 2003; Poortinga et al. 

2003; Green and Srinivasan 1990). We decided to present only a single choice option at a time to 

maintain incentive compatibility, which guided the experimental design. We also used a single-

choice option because it tends to be more realistic, makes the experiment simple, and you can 

directly compute values for a single attribute (Weng et al. 2021; Rolfe and Bennett 2009). Apart 

from the design, it was made clear in the study that the choices were independent to maintain 

incentive compatibility.  

The full factorial for the duration power outage task of the experiment had 576 different 

choice scenario combinations based on given attribute levels, see Table 2.1. To reduce this number 
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and identify the main effects, we developed an orthogonal fractional factorial design using the 

PROC OPTEX command in SAS to obtain 72 choice sets that were divided into 18 blocks 

consisting of 4 choice sets each. The D-optimality was 99.77 for the choice experiment design. 

For practical purposes and following the literature, we did not include interaction effects between 

attributes16. Each respondent was randomly assigned to one of 18 blocks of 4 choice questions for 

the duration power outage task.  

Table 2.1. Duration Power Outage Task Attributes and Levels Duration Power Outage Task 

Attributes and Levels 

A
tt

ri
b

u
te

s 

Duration Power Outage Task Attribute levels 

Duration of Power 

Outage (Hrs.)  

1 hour 4 hours 8 hours 24 

hours 

(1 day) 

72 

hours 

(3 days) 

120 

hours 

(5 days) 

Season when the 

Outage Occurs 

Winter Summer 

(Base) 

    

 Part of the Week the 

Outage Occurs 

Weekday Weekend 

(Base) 

    

Starting Time of the 

Outage 

Morning 

at 6 a.m. 

Afternoon 

at 10 a.m. 

Evening 

at 4 p.m. 

Night at 

10 p.m. 

(Base) 

  

User fee Charged $5 $10 $25 $50 $100 $250 

 

In order to connect the two experiments, we had to fix the time of day, time of week and 

season for the power outage frequency task. In addition, we also have to fix the duration, but we 

examined if results changed due to a change in the base duration by examining both an eight-hour 

outage (short duration outage) and a 24-hour outage (long-term outage) that occurred at 6 a.m. on 

a winter weekday following our conceptual framework. This is in contrast to the approach of 

Baarsma and Hop (2009). We wanted to explore how WTP for frequency would change when the 

                                                   

16 We also estimated a design with main effects and interactions using PROC OPTEX command in SAS. The 

optimal design had 288 choice sets and retaining the same 4 choice sets per respondent would require 72 versions of 

the questionnaire which was not practical for our experimental design. 
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power outage duration was a shorter duration versus a longer duration. For each scenario, we had 

two attributes: frequency and user fee charged. Table 2.2 provides the attributes and levels for the 

frequency outage task. Using PROC PLAN in SAS, we obtained the full factorial design that had 

36 different choice combinations for each scenario based on attribute levels for the second stage. 

Thus, we used the full factorial, blocking it into 9 blocks consisting of 4 choice sets each. 

Respondents were randomly assigned to the 8 or 24-hour outage group and one of the 9 blocks in 

that group. 

Table 2.2. Frequency Power Outage Task Attributes and Levels 

A
tt

ri
b

u
te

s 

Frequency Power Outage Task Attribute levels 

Number of 

Outages 

2 per 

year 

(F=2) 

4 per 

year 

(F=4) 

1 per 

year 

(F=1) 

1 every 

other year 

(F=0.5) 

1 every 

5 years 

(F=0.2) 

1 every 

10 years 

(F=0.1) 

User Fee 

Charged 

$5 $10 $25 $50 $100 $250 

 

In the survey, we presented a brief description of the outage conditions with attributes, as 

well as back-up service provision and fee (see Figure 2.2 and Figure 2.3 below). To reduce 

hypothetical bias we built in cheap talk, consequentiality, and cost uncertainty text following 

Vossler, Doyon and Rondeau (2012) and other sources (Niroomand and Jenkins 2020; 

Deutschmann et al. 2021; Carlsson et al. 2020). The participants in the study were asked to view 

each scenario as a real event they would face and be honest when answering the questions. They 

were also asked to make sure to take into consideration their actual place of residence, household 

income, and monthly electricity bills when answering the questions (cheap talk). As for 

consequentially, they were told the information was important in understanding how households 

value backup power services and assist in improving the reliability of their local energy services. 

We built in the cost uncertainty by informing them that the exact fee for the type of backup service 
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was uncertain due to the unpredictability of severe weather and disasters, as well as advances in 

solar and energy technology. 
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Figure 2.2. Duration Power Outage Task (One-Time Power Outage)  

Suppose there is a power outage in your area due to severe weather (e.g. ice storm, blizzard, high winds), disaster (e.g. tornado or flooding), or similar extreme event. Assume you now have the option 

of a backup service for your residence that can provide normal power during the outage. If you use the service, you will not experience the power outage, but you will be charged a fixed user fee for the 

service. The fee will be the same for everyone and is charged for each time you use the service.   

The user fee will appear as an additional charge on your next monthly power bill if the service is used. If you do not use the service, you will experience the full outage from the event and your utility 

bill will not change. The exact fee for the type of backup service is uncertain, given the unpredictability of severe weather and disasters, and advances in solar and energy technology.   

We will now ask you to consider a series of questions about a one-time power outage, followed by a separate set of questions concerning multiple power outages. You will be asked to consider 4 

hypothetical situations for each case. We want you to rate each hypothetical situation based on your intention of paying for the backup service. The information collected will help us understand how 

you value these services and assist in improving the reliability of energy services provided to you.   

Please view each situation presented as a real event you would face and be honest when answering the questions. Make sure to take into consideration your actual place of residence, households’ income, 

and monthly electricity bills.   

One Time Power Outage: Please consider 4 different hypothetical situations for a duration power outage due to severe weather or natural disaster. For each situation, we tell you (1) how long the outage 

will last; (2) when the outage occurs; (3) the start time for the outage; (4) the time of year the outage occurs; and (5) the user fee you would pay to access the backup service. Remember you pay the user 

fee for each event. Assume that there will be no direct notification of the power outage, but a warning of severe weather or potential disaster will be given.   

For each situation, rate your intention of paying for the backup service on a scale of 1 to 9. A rating of 6 or higher indicates that you would lean towards paying for the backup service with a rating of 

9 telling us you would definitely pay for the back-up service. A rating of 4 or lower indicates you would be less likely to pay for the backup service, with a 1 telling us you would definitely not pay for 

the backup services. A rating of 5 indicates you are unsure about paying for the backup services. You should rate each option as if each option was the only one presented. Please, note that it is possible 

to rate several situations with the same rating.  

  

   Situation 1  

Duration of the power outage (hours)  5 days (120 hours)  

Part of the week the outage occurs  Weekend  

Starting time of the outage  6 a.m.  

Season when the outage occurs  Winter  

User fee charged  $100   

Willingness to Pay for the Back-Up Service:    

  

Definitely Not Pay       Less Likely to Pay              Unsure                 More Likely to Pay                  Definitely Pay  

1              2                      3                       4                        5                          6                      7                        8                       9   
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Figure 2.3. Frequency Power Outage Task (Multiple Power Outages) 

Multiple Power Outages: Please consider 4 different situations where your power goes out during severe weather or a disaster event over a years’ time. For each situation, we assume the power 

outages will take place on a winter morning, on a weekday. The outage starts at 6:00 a.m. and lasts for 8 hours. We want to know about your use of the back-up service based on (1) how often 

this type of power outage may occur during the winter (mid-November to mid-March) and (2) the user fee you would pay for the backup service. Remember you pay this fee for each event. Assume 

that there will be no direct notification of a power outage, but a warning of severe weather or potential disaster will be given.   

For each situation, rate your intention of paying for the backup service on a scale of 1 to 9. A rating of 6 or higher indicates that you would lean towards paying for the backup service with a rating 

of 9 telling us you would definitely pay for the back-up service. A rating of 4 or lower indicates you would be less likely to pay for the backup service, with a 1 telling us you would definitely not 

pay for the backup services. A rating of 5 indicates you are unsure about paying for the backup services.  You should rate each option as if each option was the only one presented. Please, note that 

it is possible to rate several situations with the same rating.  

  

Situation 1  

Description of Outage  
Occurs during winter at 6 a.m. on a weekday and 

last for 8 hours.  

Number of outages   4 per year  

User fee charged  $50   

Willingness to Pay for the Back-Up Service:    

  

Definitely Not pay           Less Likely to pay               Unsure                 More Likely to Pay                 Definitely Pay  

  

 1              2                      3                       4                             5                        6                      7                       8                       9         
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For each choice task, we asked respondents to rate each of the choice experiments based 

on their intention of paying for the back-up service on a scale of 1 to 9 (1=definitely not pay for 

backup services and 9=definitely pay for backup services). The rating score that a respondent 

chooses reveals the preference for backup power services under different conditions, with higher 

preferences resulting in a higher score. We used a rating scale because it allows for interpersonal 

comparison, and it also gives more information on the utility gaps between the rating scores 

(Baarsma and Hop 2009). We selected a 9-point scale to have a neutral point where respondents 

are indifferent, based on previous literature (Asioli et al. 2016; De Andrade et al. 2016). See Figure 

2.2 for an example of the duration power outage task (one-time power outage) and Figure 2.3 for 

an example of the frequency power outage task (multiple power outages). 

4.2 Survey 

The survey data was collected using an online survey administered in Qualtrics with samples 

purchased from Qualtrics, Dynata, and Toluna, who were contracted to conduct the online survey. 

Multiple online samples were utilized to increase the number of respondents from rural and 

micropolitan areas. The study cover states across the Great Plains and covers both Metropolitan 

Statistical Areas (MSAs) and Non-Metropolitan Statistical Areas (N-MSAs), which were our 

targeted populations. We received 3,673 completed surveys across the study region. However, we 

excluded 151 observations which failed 2 or more quality checks, which included (1) if the 

respondent answered the survey in less than 7 minutes (speeding check); (2) missed all the 

CAPTCHA questions that were designed to check for attention, and/or (3) if the respondent had 

answered the same answers for all options in 5 or more question blocks that had more than 3 

questions. These methods are used to reduce hypothetical bias and help ensure quality data (Penn 
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and Hu 2021). The resulting survey dataset used for the study had an overall sample size of 3,522 

observations after taking account of the quality checks. Surveys were collected from Texas 

(25.24%), Kansas (21.21%), Oklahoma (22.66%), Nebraska (14.65%), Colorado (9.51%), and 

Iowa (6.73%), with the sample size of each state in brackets. The survey overall collected 

information on household demographics and characteristics; renewable energy support and 

perceptions; renewable energy adoption; values, beliefs and norms; energy use and insecurity; 

energy resilience and the power outage choice experiment detailed here for this study.  

Table 2.3 provides descriptive statistics for selected demographic variables. We provide 

the mean and standard deviation for the entire sample and means for each statistic from the U.S. 

Census when available. Census averages represent a population-based weighted average across 

the states being surveyed. The sample differed from the census averages for the median yearly 

income, median age, average race, and those with a college degree. The census median age, yearly 

income, and household size were 37 years, $76,049, and 4.97, respectively. In our study, the 

median age was 50 years, and the average yearly income was $70,685, with a median yearly 

income of $62,500. Census statistics indicate 76% of the population in the area is white, and 35% 

of the population has a college degree. In our survey sample, 87% of the sample population were 

white, and 53% had a college degree.  The difference could be due to the sampling frame; we 

restricted our sample to having 50% of the respondents coming from Metropolitan Statistical Areas 

(MSAs) and the rest from Non-Metropolitan Statistical Areas (N-MSAs). Other demographic 

characteristics of the sample are that female-headed households comprised 36% of our sample and 

on average, households had 5 persons living in the household. 

Table 2.3. Summary of Dependent and Demographic Variables 
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Demographic Variables Census All respondents 

Variable 
Percent of 

Population 
N 

Percent of Population 

 

College Degree or Higher 35.2 3506 53 

Female Headed Households - 3447 36 

White 76 3462 87 

 Mean N 
Mean (Standard 

Deviation) 

Households Size  2.50 3518 4.97 (3.60) 

 Median N Median 

Age 36.64 3518 50.0 

Median Yearly Income $76,049.2 3452 $62,500 

 

5. Results 

We present results for the duration and frequency power outage tasks, followed by the combined 

analysis of examining WTP when considering changes in both duration and frequency. In addition, 

we conduct a number of robustness checks: (1) comparison of model to estimates to a separate 

model based on a weighted utility based on Baarsma and Hop (2009) method that assumes 

respondents attach the same mean rating for the average reliability of power supply in any choice 

task, (2) examination of changes in the base duration for the frequency outage task, and (3) 

specification of linear and quadratic functions of duration and frequency instead of the logs; and 

(4) inclusion of household characteristics and demographics in the RPLM. 

5.1 Duration Power Outage Sub-Utility Random Parameter Linear Model 

5.1.1. Estimation Results and Robustness Checks 

In Table 2.4, we show the estimation results for the duration power outage RPLM following 

Equation (17). The duration outage model captures household preferences for paying for a back-

up service to avoid a single power outage that is a function of duration, season, time of day, and 

time of week attributes and a user fee. Recall, the duration enters nonlinearly in the regression as 
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lnD. As a robustness check, we did examine a linear and quadratic specification of duration, as 

well. The model with a linear specification of duration did not converge. For the quadratic 

specification, the natural log specification was a better fit than the quadratic specification.17 

Statistically significant attributes included the natural log of duration, weekday, afternoon, 

evening, winter, and user fee. The standard deviations of the random parameters for all of the 

attributes and levels, except for winter, were all statistically significant, providing evidence of 

heterogeneity in preferences across households for the different choice attributes. Preference for 

backup power services increased as duration increased, but in a nonlinear fashion. Given the 

natural log specification and positive coefficient, preference for the backup service increases, but 

at a decreasing rate. On average, respondents were almost twice as likely to prefer backup power 

services for an outage that happens in the evening relative to an outage during the morning. No 

significant difference in preferences was observed on average between a power outage in the 

morning and at night. Results suggest respondents had lower preferences for backup services for 

an outage that happens on a weekday compared to one that happens on a weekend. In addition, 

there was a higher preference for back-up power options during an outage in the winter, and this 

was relatively stable across households. Finally, preferences for back-up services decreased with 

an increase in the user fee charged, following demand theory.  

Table 2.4. Estimated Results of Random Parameter Linear Models for the Duration and Frequency 

Power Outage Tasks 

                                                   

17 Both the AIC and log likelihood for non-linear model were lower than for the natural log specification. The AIC 

and log likelihood for the quadratic model were 64648.34 and -32305.17 respectively. 
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 Duration Power Outage Model Frequency Power Outage Model 

Variables 

Mean of 

Parameter 

Distribution 

Standard 

Deviation of 

Parameter 

Distribution 

Mean of 

Parameter 

Distribution 

Standard Deviation of 

Parameter 

Distribution 

      

ln Duration 0.511*** 0.196***   

 (0.011) (0.017)   

Weekday -0.062* 0.573***   

 (0.036) (0.082)   

24-hour Base 

category   0.298***  

   (0.067)  

ln Frequency   0.150*** 0.234*** 

   (0.013) (0.031) 

Morning at 6:00 a.m. 0.071 0.428**   

 (0.049) (0.1731)   

Afternoon at 10 a.m. 0.099** 1.06e-06 ***   

 (0.048) (0.0003)   

Evening at 4 p.m. 0.169*** 0.541***   

 (0.049) (0.143)   

Winter 0.237*** 0.100   

 (0.035) (0.366)   

User Fee -0.009*** 0.005*** -0.010*** 0.008*** 

 (0.000) (0.000) (0.000) (0.000) 

Constant 4.638*** 1.372*** 6.197*** 1.718*** 

 (0.057) (.030) (0.048) (0.028) 

Log-Likelihood -32158.527 -31186.762 

Observations 14,088 14,088 

Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 

 

In Appendix B, we present the results for the model formulation used by Baarsma and Hop 

(2009). Their model only assumed a random intercept, which was corrected prior to estimation of 

their model. Comparing the two models, we observed a small difference in the values of all 

coefficients and a change in significance level for some of the attributes. In the RPLM, except for 

the morning and evening levels of the time of day attribute, the attribute coefficients were slightly 

bigger than those estimated using the model specification following Baarsma and Hop (2009). In 

the RPLM, we observed an outage in the weekday to be significant, no difference in preferences 
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between an outage in the morning and at night, and that respondents attached more value to an 

outage in the afternoon relative to a night-time outage, which was different from results using the 

Baarsma and Hop (2009) model. Another difference between the two models arose from the 

significance level of the standard deviations of the RPLM parameter distributions, which showed 

that there does exist unobserved heterogeneity not only in the constant term, but also in the slope 

coefficients (or marginal sub-utilities) for the attributes and levels. Thus, our results also show that 

there may be some bias when using the Baarsma and Hop (2009) empirical estimation approach 

when assuming the marginal utilities for power outage attributes are not random. 

Although the study by Baarsma and Hop (2009) finds that social and economic variables 

included in the regression have no statistically significant effect on the ratio of the coefficients of 

duration and frequency to changes in the electricity bill, we carried out the same sensitivity analysis 

as an additional robustness check18. See Appendix B for full estimation results. We included the 

following household-level explanatory factors in the model to assess this assumption: household 

income, household size, house ownership, number of years the households has lived in the area, if 

the households has a medically electric dependent person living in the households, if the household 

is located in a Metropolitan Statistical Area (MSA), if the household has a backup energy source, 

and if the household has been affected by a power outage in the recent past. In the duration power 

outage model, including household characteristics and demographics in the RPLM did result in 

changes in the value and significance levels for some parameter distributions. The preference for 

backup services during the weekend was no longer statistically significant compared to weekdays. 

                                                   

18 The ratio of the coefficients of duration and frequency did not change. It is 3.4 for a model with and without 

household characteristics and demographics. 
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The parameter distribution coefficients for the duration attribute changed, but the change in 

magnitude was -0.001. The coefficients for all the household characteristic explanatory factors 

were positive and statistically significant, except for house ownership, which was not statistically 

significant. The number of years living at their current location had a negative effect on preference, 

which may result from being familiar with the area and having a predetermined expectation of the 

chances of severe weather happening, making them less interested in backup power services. 

Including household characteristics and demographics adds information but did not change the 

min findings in the study.  

 

5.1.2 WTP results for Duration Power Outage Model 

We used the household coefficients of the duration power outage model and the estimated 

household 𝐷0 to estimate households’ WTP for the backup power service for varying power outage 

durations during a severe weather event or natural disasters following Equation (7). The WTP 

values are shown in Table 2.5. Except for a 1-hour outage, all the other power outages had a 

positive WTP. A WTP of $-88.54 for the one-hour outage provides evidence of disinterest in the 

backup services, and you have to pay respondents to use the backup services, which we assume is 

zero for actual purposes.   

Table 2.5. WTP Per Event for Power Back-up Services for Various Durations and Frequency of 

Severe Weather Power Outages 

Random Parameter Linear Model 

Duration of Outage (One per year) Mean WTP ($) Marginal WTP ($) 

1 hour -88.54 - 

4 hours 3.82 1.27 

8 hours 50.00 11.55 

24 hours 123.20 4.57 
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72 hours 196.39 1.52 

120 hours 230.43 0.71 

Number of outages (of 8 hours)  Marginal WTP ($) 

1 every 10 years 18.04 - 

1 every 5 years 26.43 8.39 

1 every other year 39.38 4.32 

1 per year 50.00 2.12 

2 per year 60.99 1.10 

4 per year 72.17 0.56 

Average D0 (hours) 3.92 

 

𝐷0 in Equation (13) is the duration of power outage that is acceptable to households in 

which the WTP is zero (𝑃0 = 0).  𝐷0 varies across households, as illustrated in Figure 2.4. The 

kernel density estimate in Figure 2.4 is estimated using household-specific parameter estimates 

from the RPLM (Table 2.4). The kernel density shows estimates of 𝐷0 between the 5th and 95th   

percentiles of household-specific parameter estimates for  𝐷0, which range between 0.73 hours and 

7.06 hours, respectively. We did this to remove outliers. The mean across households 𝐷0 is 

estimated to be 3.92 hours. At this estimate, the mean WTP by households is still slightly negative 

but close to zero.  

Figure 2.4. Kernel Density Estimate of the Distribution of 𝐷0̂ for Random Parameter Linear 

Models for Duration Outage 
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We estimated the mean WTP for the back-up service to avoid a power outage or value of 

lost load using the methods outlined in the empirical model section. In estimating the means, we 

used household-specific WTP values that fell between the 5th and 95th percentiles of the household-

specific WTP estimates from the RPLM to remove outliers that were extremely high or low. 

Including these outliers resulted in significant bias in the mean WTP values estimated in Table 

2.5, which has been shown to be a challenge when estimating Random Parameter Linear Models 

(Hensher et al. 2015). We find that the mean WTP for a backup power service increases with the 

duration of outage (H1a) (Table 2.5). Based on the RPLM, on average, respondents are WTP $3.82 

to avoid a 4-hour outage, $50.00 to avoid an 8-hour outage, $123.20 to avoid a 24-hour outage, 

$196.39 to avoid a 72-hour (3 day) outage, and $230.43 to avoid a 120-hour (5 day) outage for a 

single event. We also see that on the margin as duration increases, respondents are WTP more at 

a decreasing rate after 8 hours. When we average the WTP values across households and compare 

the results to those using the Baarsma and Hop (2009) model, a similar trend was also obtained 

(see Appendix Table B.2). However, the WTP results were lower than those estimated using 

RPLM, see Appendix Table B.2. The difference increased with an increase in duration of outage. 
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For example, the mean difference in WTP between the RPLM and Baarsma and Hop (2009) model 

to avoid a 120-hour outage is $26.22 and $0.01for a four-hour outage.   

The WTP values based on the RPML for the various durations of outage when household 

socio-economic factors are added into the model do slightly change, but the effect is minimal for 

power outages that last less than 24 hours and is slightly higher for power outages that last more 

than 72 hours or 3 days.  Recall, WTP is estimated using the pricing equations from the conceptual 

model, which depend primarily on the coefficient distributions on the natural log of power outage 

duration and user fee. Given that these parameter distribution estimates do not differ much when 

the additional factors are included, differences in WTP values are relatively small and do not 

change the primary findings in the study. As the duration of a power outage increases, WTP 

increases even with the inclusion of household characteristics and demographics. On average, 

respondents are WTP $5.69 to avoid a four-hour outage, $50.08 to avoid an eight-hour outage, 

$120.43 to avoid a 24-hour outage, $190.78 to avoid a 72-hour outage, and $223.49 to avoid a 

120-hour outage that happens once a year, which are very close to the estimated mean WTP values 

in Table 2.5. 

5.1.3 Marginal WTP for Other Power Outage Attributes 

We estimate the marginal WTP for the other power outage attributes and levels empirically from 

the RPLM following methods in the literature as the negative of the ratio of the attribute coefficient 

to the coefficient of the user fee at the household level. On average, households were willing to 

pay $30.84 more to avoid a severe winter weather power outage relative to a summer outage. A 

nighttime outage at 10 p.m. was valued less than any other severe weather outage time. On average, 

households were WTP $9.50 more to avoid a morning outage at 6 a.m., an additional $12.80 to 
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avoid an outage in the afternoon at 4 p.m., and an extra $22.21 to avoid an evening outage at 4 

p.m. relative to a nighttime outage at 10 pm. As for time of week, an outage on the weekend was 

valued less than an outage on a weekday. On average, households were WTP $5.86 more to avoid 

a severe weather outage on a weekday compared to the weekend. All the marginal WTP for the 

power outage attributes were significantly different from zero, except for the marginal WTP 

between a power outage in the morning and night. 

5.2 Frequency Power Outage Sub-Utility Random Parameter Linear Model 

5.2.1 Estimation Results and Robustness Checks 

In Table 2.4, estimation results are provided for the frequency power outage RPLM with frequency 

and user fee as the two continuous attributes. We used a logarithmic specification for frequency 

because the relationship between this variable and rating score is likely non-linear. When 

examining a quadratic functional form for frequency, the estimation process did not converge. For 

a linear specification, the natural log specification had a better fit than the linear model19. In the 

frequency model, a dummy variable for the choice of base category to control for the base duration 

effect was included. The base category was either 8 hours or 24 hours. The dummy variable was 

set equal to 1 if the base was set at 24 hours and 0 for 8 hours.  For robustness, we also estimated 

a separate model that included two interaction terms to assess if the base category had a direct 

influence on the effect of frequency of an outage or user fee. The two interaction terms included 

the natural log of frequency and the 24-hour base category, and the user fee and the 24-hour base 

category. Neither interaction term had a statistically significant influence on preferences for a 

                                                   

19 The AIC and log likelihood for the linear model are 62368.76 and -31176.38, respectively. 
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back-up service or on the effect of frequency or user fee. Thus, we did not include the interaction 

terms in the final model. The coefficient in the 24-hour base category was statistically significant, 

indicating a stronger preference for back-up services with a longer base duration. Given that the 

interactions were not statistically significant, the pricing equations used to estimate WTP in the 

conceptual framework are not impacted by the choice of base category. This provides the needed 

evidence to estimate the pricing equations as derived in the conceptual model, which Baarsma and 

Hop (2009) did not verify empirically. This helps support the weak separability assumption made 

and the functional specification of the model.  

Respondents are more interested in backup power services as the frequency of outages 

increases, and less interested when the user fee increases, following expectations. We observed 

that all the standard deviations of the random parameter distribution in the RPLM are highly 

significant, indicating there is heterogeneity of preferences amongst households for the different 

model attributes. As expected, we observe similar signs in all the coefficients when we compare 

the model specification following Baarsma and Hop (2009) and our estimated RPLM. See the 

Appendix B for estimation results for the model formulation following Baarsma and Hop (2009). 

The only small difference in the value of coefficients between the two models was the dummy 

variable for the 24-hour base category. This may result from the use of different measures for the 

dependent variable.  

We also conducted an additional robustness check for the frequency of power outages 

RPLM by including household characteristics and demographics, following what was done with 

the duration of power outages RPLM. We observe that in the RPLM, inclusion of different 

household explanatory factors does not change the statistical significance for the frequency and 
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user fee attributes. Differences are relatively small for both the parameter and standard deviation 

estimates for the random parameters (See Appendix B). Some of the positive and statistically 

significant household characteristics and demographics included household income, household 

size, whether the household has a member who was electric dependent for health reasons, if the 

household is located in a Metropolitan Statistical Area (MSA), homeowners compared to other 

types of house tenure apart from renters20, and if the household has been affected by a recent power 

outage. Negative and statistically significant variables included the number of years the household 

has lived in the area. As before, the longer the number of years, the less likely the households are 

interested in backup power services. 

5.2.2 WTP results for frequency Power Outage Model 

We estimated the WTP of households for backup service to avoid alternative frequency levels of 

power outages at a given base duration of length during severe weather events, following methods 

outlined in the conceptual and empirical sections above. The WTP estimates capture households’ 

WTP for a backup power service for various frequency levels at a duration of an 8-hour outage 

(H1b) or value of lost load at different frequencies.  For WTP estimation, we include only 

household-specific values of WTP that fall between the 5th and 95th percentiles of all estimates, to 

remove outliers that were extremely high and low, which could bias mean WTP estimates21. Mean 

                                                   

20 We re-estimate the model with homeowners as the base, and there is no significant difference between 

homeowners and renters. 

21For example, without restricting WTP values to fall between the 5th and 95th percentiles, the minimum WTP to 

avoid an outage that happens four times per year is $-10,328.83 per event and a maximum of $13,116.40 per event 

but it is a minimum of $3.85 per event and a maximum of $478.33 per event if we restrict the WTP to fall between 

the 5th and 95th percentiles of all estimates. 
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WTP values for the frequency power outage task are provided in Table 2.5. Mean WTP across 

households increases with an increase in frequency of outages. Respondents on average are WTP 

$18.04 per event to avoid an outage every 10 years, $26.43 per event to avoid an outage every 5 

years, $39.38 per event to avoid an outage every other year, $50.00 per event for one outage per 

year, $60.99 per event to avoid an outage that happens two times per year, and $72.17 per event 

to avoid an outage that happens four times per year. On the margin, as outage frequency increases, 

respondents are WTP more at a decreasing rate. Similarly, WTP based on model estimation 

following the Baarsma and Hop (2009) specification shows an upward trend in WTP as the 

frequency of outages increases, but the values are lower than those from our RPLM (see Appendix 

B). The mean difference in WTP between RPLM and Baarsma and Hop (200) to avoid an outage 

that happens four times per year is $7.73 and $1.93 per event for an outage that happens once every 

10 years. 

The WTP values based on the RPLM for the various outage frequencies are slightly lower 

when household and socio-economic factors are directly included in the model, but changes in 

parameter estimates are relatively small, and main findings do not change (see Appendix B). The 

WTP values when we include socio-economic is $17.63 per event to avoid an outage every 10 

years, $25.83 per event to avoid an outage every 5 years, $38.49 per event to avoid an outage every 

other year, $48.86 per event for one outage per year, $59.60 per event to avoid an outage that 

happens two times per year, and $70.53 per event to avoid an outage that happens four times per 

year. 
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5.3 WTP for Various Power Outage Duration and Frequency Combinations 

In this section, we examine how WTP values change when both power outage frequency and 

duration vary (Hypothesis H1c). Respondents were WTP to pay more when both frequency and 

duration of outage increased, but this depended on the acceptable level of frequency and duration 

by the household. Recall there are four possible scenarios that could be examined that look at 

various frequency (F) and duration (D) combinations based on changes from 𝐹0 and 𝐷0.  𝐹0 is the 

least number of power outages technically possible, which was assumed to be F= 0.05 (1 severe 

weather power outage every 20 years).  𝐷0 represents the duration of outage that is acceptable to 

households in which the WTP for back-up services to avoid the outage is zero, which varies across 

households. As with WTP estimation above, when calculating means and examining changes using 

household-specific estimates of WTP, we only include values that fall between the 5th and 95th 

percentiles to remove outliers that were extremely high or low.  

5.3.1 Scenario 1: Power Outage of Duration 𝐷 > 𝐷0 for a Given Outage Frequency 𝐹 > 𝐹0 

Equation (15) was used to estimate household-specific WTP values for power outages in Scenario 

1. All WTP values under this scenario were positive. The distributions of household-specific WTP 

estimates at various power outage durations and frequencies for Scenario 1 are presented in Figure 

2.5. We observe a lower WTP value at a lower frequency of outages compared to a higher 

frequency. For example, the minimum household WTP for an 8-hour outage that happens once 

every 10 years is $0.96 per event, with a maximum WTP of $119.59 per event and a mean of 

$18.04 per event. For an 8-hour outage that happens 4 times a year, the minimum WTP was $3.85 

per event, with a maximum of $478.35 per event, and a mean of $72.17 per event. We also observe 

that a change in frequency has a much larger effect on WTP values compared to duration. As you 
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look top to bottom for a given column in Figure 2.5, WTP values become larger much faster and 

more widely distributed as frequency increases relative to changes in duration (when looking 

across a row, left to right). The distribution of WTP values changes more when considering 

frequency relative to changes due to duration, especially for higher outage frequency levels. It may 

be that, as power outage becomes frequent, one needs to account for household characteristics and 

demographics, which should be further explored in future research. 
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Figure 2.5. WTP Values Per Event at Various Combinations of Frequency (F) and Duration (D) when 𝐷 > 𝐷0 and 𝐹 > 𝐹0 for Random 

Parameter Linear Model 
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We examined WTP values at various frequency levels and duration at the mean, at the 5 th 

and at the 95th percentiles across household-specific WTP estimates in Figure 2.6. Only two 

frequencies are displayed in Figure 2.6: one outage every 10 years and 4 times per year22. 

Differences in WTP between the mean WTP and the WTP at the 5 th and 95th percentiles exist and 

can be substantial. For example, the mean WTP for a 120-hour outage that happens four times a 

year is $332.60 per event, while the WTP at the 5th and 95th percentile is $185.71 and $594.97 

per event, respectively. This shows that at any given level of frequency of outage, the WTP for 

backup services is sensitive to the duration of outage, and the variance in WTP values increases 

with duration.  

Figure 2.6. The WTP Values Per Event at Various Frequency Levels and Duration at the Mean, at 

the 5th and 95th Percentiles Across Household-specific Estimates 

 

  

 

                                                   

22 An increase in frequency, shifted the curve upward reflecting an increase in WTP values as frequency increased. 

We also observe the same trend in the difference between mean WTP value and the 5th percentile WTP value and 

for the difference between the 95th percentile WTP value and the mean WTP value across the other frequency levels 

i.e.  F= 1, F=0.2, F=0.5, and F=1. Both differences increased as the duration of outage increased. 
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Figure 2.7 shows the mean WTP for the RPLM across household-specific estimates for 

different frequency and duration combinations. Compared to values based on Baarsma and Hop 

(2009) model, the WTP values are much higher, and the WTP curves are less steep (See Appendix 

B).  The mean WTP across households estimated with the RPLM is $1.38 per event to avoid a 4-

hour outage that happens once every 10 years and $332.60 per event for a 120-hour or 5-day outage 

that happens four times a year. This is compared to $ 1.37 and  $294.75 per event for the same 

outage-frequency combinations estimated following Baarsma and Hop (2009), respectively (see 

Appendix). We observe the highest difference in WTP values between the RPLM and Baarsma 

and Hop (2009) model at the 4-hour duration of outage, and estimating WTP values at the 

household level may be driving the mean WTP up, which decreases with an increase in duration 

of outage.  

Figure 2.7. The Mean WTP Values Per Event for Severe Weather Power Outages when 𝐷 > 𝐷0 

and 𝐹 > 𝐹0 for the RPM 

 

 

0

50

100

150

200

250

300

350

0 20 40 60 80 100 120 140

W
T
P
 
(
$
)

DURATION(HRS)

1 every 10 years 1 every 5 years 1 every other year

1 per year 2 per year 4 per year



103 

 

 

5.3.2 Scenario 2: Power Outage of Duration 𝑫 ≤ 𝑫𝟎  for a Given Outage Frequency 𝑭 > 𝑭𝟎 

The user fee households are WTP for a power outage of duration 𝐷 ≤ 𝐷0 for a given outage 

frequency 𝐹 > 𝐹0  is equal to zero. This is because respondents are not WTP anything for outages 

below 𝐷0. 

5.3.3 Scenario 3: Power Outage of Duration 𝑫 > 𝑫𝟎  for a Given Outage Frequency 𝑭 ≤ 𝑭𝟎   

The user fee Households are WTP for severe weather power outage of duration 𝐷 > 𝐷0 for a given 

outage frequency 𝐹 ≤ 𝐹0  is positive and not directly influenced by frequency (see Equation (16)). 

Estimated distributions of household-specific WTP estimates across different frequencies and 

duration combinations are provided in Figure 2.8. We see that the distribution of WTP shifts more 

to the right with a longer tail to the right as the duration of the outage increases. However, at low 

frequencies of outage, the effect of duration on WTP is lower. The same is also observed for 

frequency when the duration of the outage is lower.  

Figure 2.8. Distributions of Household-specific WTP Values Per Event at Various Combinations 

of Frequency and Duration when 𝐷 > 𝐷0 and 𝐹 ≤ 𝐹0 
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The mean WTP values across households are shown in Figure 2.9 at two different 

frequencies less than F0. At low durations of outage, WTP is not very different between the two 

frequencies examined. At lower outage durations, WTP for an outage that happens every 25 years 

is slightly higher than an outage that happens every 20 years. Afterwards, an increase in duration 

of outage increases the difference between the two outages and slowly becomes more pronounced 

as duration increases.  

Figure 2.9. Mean WTP Values Per Event Across Households for Severe Weather Power Outages 

When 𝐷 > 𝐷0 and 𝐹 ≤ 𝐹0 
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5.3.4 Scenario 4: Power Outage of Duration 𝐷 ≤ 𝐷0  for a Given Outage Frequency 𝐹 ≤ 𝐹0   

The user fee Households are WTP for severe weather power outage of duration 𝐷 ≤ 𝐷0 for a given 

outage frequency 𝐹 ≤ 𝐹0  is zero. We know that households are not WTP when the duration is less 

than 𝐷0. 

Varying both the frequency and duration of outage while including household and socio-economic 

factors in the model does result in some differences. Mean WTP values across households are 

either lower or higher depending on the duration of the outage, but the differences are relatively 

small. All the outages have a similar trend, and the additional factors increase mean WTP for 

outages of duration 4 hours, 8 hours, and decrease WTP for outages of 24 hours, 72 hours and 120 

hours, irrespective of the frequency of outage. See Appendix B for the WTP values for various 

frequency and duration combinations for the various outages in this context.  

5.4 Comparing Results with Literature 

In order to estimate the WTP values for various frequency and duration levels we used the 

coefficients from two RPLM for the duration and frequency power outage tasks. The coefficients 

are also used to calculate the acceptable duratio0. end subscript. The WTP value, also known as 

value of lost load (VoLL), provides a way to measure the indirect cost of a power outage based on 

the value of having the backup power. Our findings are for severe weather events and natural 

disasters, where most studies are for general power outages, or they do not specify the specific 

context. These studies also assume the acceptable duration of outage is constant across households, 

but in our study, we compute 𝐷0 for each household. We find that 𝐷0 varies across households; it 

ranges from 0.73 to 7.06 hours, with a mean of 3.92 hours.  
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In the duration outage task, we included duration, season, time of day, time of week, and 

user fee as attributes of severe weather power outages to determine the effect of these variables on 

the WTP for backup power services. The coefficients from the duration and frequency outage tasks 

are used to estimate the WTP values for various frequency and duration levels. The WTP values 

measure the indirect cost of a power outage based on the value of having the backup power. The 

significant attributes for the duration outage task included duration, an outage in the afternoon and 

evening compared to a night-time outage, during a weekday, in winter, and user fee. Comparing 

these results to the literature, we find that respondents are more likely to choose or purchase a 

backup power service that offers a lower duration of outage (Meles et al. 2021; Carlsson et al. 

2020; Carlsson and Martinsson 2007; Pepermans 2011; Zemo et al. 2019; Breit et al. 2016; 

Abdullah and Mariel 2010). However, interest in backup power services fades with an increase in 

the service fee (Meles et al. 2021; Pepermans 2011; Morrissey et al. 2018; Zemo et al. 2019; Breit 

et al. 2016; Wen et al. 2022; Abdullah and Mariel 2010; Hensher et al. 2014). Thus, our results 

generally agree with the findings of similar studies in the literature.  

We find that the sign and significance of the season, time of day, and time of week 

attributes do vary in the literature. In studies such as Pepermans (2011) and Morrissey et al. (2018), 

respondents were more interested in power services during the summer compared to the winter 

season, while for other studies, it was the opposite. This may be due to the timing of the survey 

and geographical location (Küfeoğlu and Lehtonen 2015a; Ozbafli and Jenkins 2016). The first 

two studies were done in Belgium and England, while the last two were in Finland and Cyprus, 

respectively. In the US, respondents were WTP to pay more to avoid an outage in the winter 

compared to a summer outage (Lawton et al. 2003), similar to what we observed in our study.  
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Similar findings to our study were also observed in the literature, where respondents 

preferred not having power outages on weekends over weekdays (Carlsson and Martinsson 2007; 

Zemo et al. 2019; De Nooij et al. 2007; Blass et al. 2010; Hensher et al.  2014; M. Sullivan et al. 

2018). Weekends are a leisure time for most households, and this is the period in which most 

people are at home, the same as evening hours on weekdays (De Nooij et al. 2007; Hensher et al. 

2014; Baarsma and Hop 2009). Also, an outage that happens during the night at weekends is often 

the most costly to consumers in terms of lost activities or leisure (M. Sullivan et al. 2018). As for 

the time of day, the cost is highest in the evening hours (4 pm–11 pm), followed by noon (10 am–

4 pm), then morning hours (5 am–10 pm), and lastly at night (11 pm–5 am) (Küfeoğlu and 

Lehtonen 2015a). According to Sullivan et al. (2018), household respondents prefer not to have an 

outage in the late evening/ early morning, followed by morning hours (7 am-11 am) and evening 

hours (5 pm- 8 pm) that are valued the same and lastly afternoon hours (12 pm-4 pm). However, 

a study by Meles et al. (2021), respondents did not prefer an outage in the morning hours compared 

to an outage in the daytime or nighttime. In our study, we observed that respondents preferred to 

pay for power services in the evening at 4 pm and an afternoon outage at 10 am compared to a 

nighttime outage at 10 pm, and there was no difference in preference between a morning outage 

at 6 am and a nighttime outage at 10 pm. The difference across studies may arise from differences 

in how the timing is captured, the type of outage, and the area may play a role in the difference, 

too.  

The preference for alternative power sources increases with the duration and frequency of 

the outage (Zemo et al. 2019; Hensher et al. 2014; Amador et al. 2013; Meles et al. 2021; Ozbafli 

and Jenkins 2016; Carlsson and Martinsson 2007; Carlsson et al. 2020; Pepermans 2011; Abdullah 

and Mariel 2010), similar to  the cost of an outage (M. Sullivan et al. 2018; Küfeoğlu and Lehtonen 
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2015a). The WTP values vary across the choice of econometric model, as we observe in our study, 

similar to other studies such as Carlsson and Martinsson (2007) and Morrissey et al. (2018). 

Although we observe marginal WTP increases per hour with an increase in frequency of outage, 

but for duration marginal WTP per hour peaks at 8 hours and declines as the duration of outage 

increases. Other studies have observed marginal WTP declines continuously with both an increase 

in per unit duration and frequency (Blass et al. 2010; Morrissey et al. 2018) while others observed 

the same results (Carlsson and Martinsson 2007; Carlsson et al. 2011). The difference between 

studies may be explained by the difference in geographical area. It may be that different areas have 

different acceptable levels of duration and frequency based on the reliability of existing power 

services; hence, an improvement in power services will be valued differently.  

In our study, we only compute the WTP values for severe weather events that vary in 

frequency, duration and both frequency and duration. There is no direct comparison of our WTP 

estimates to other existing literature, as none of the studies reviewed was based on power outages 

during extreme weather events or natural disasters. That is, they are not set to be context specific.  

For example a study by Lawton et al. (2003) found that households were WTP on average $6.9 to 

avoid an hour outage, $7.14 to avoid a four hour outage, and $5.15 to avoid an eight-hour outage, 

while a study by Chowdhury et al. (2004) found WTP on average to be $1.12 to avoid an hour 

outage, $4.49 for a four-hour outage, and $8.98 to avoid an eight-hour outage. A recent study by 

Gibbons and Sergici (2024) estimates the WTP to avoid an hour outage to be $7.03. For our study, 

the estimated mean WTP was $3.82 to avoid a four-hour outage, $50.00 to avoid an eight-hour 

outage, and to avoid an hour of outage, it was $-88.54. The negative WTP to avoid an hour’s 

outage was because, on average, households were not WTP for back-up services for an outage of 

3.9 hours or less on average.  
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For longer duration outages (i.e. 24 hours and longer), household WTP values were much 

higher. A study by Baik et al. (2020) found that households were WTP, on average, $43 per 1-day 

of outage. For a 30-day power outage, the average WTP was $252 in Los Angeles (Stock et al. 

2023), $78.44 per month in California ($941.28 per year) (Gorman and Callaway 2024) , and $14 

per month ($168 per year) in New York (Hotaling et al. 2021). In Texas, respondents were WTP 

$30.83 to avoid a one-day outage and $43.60 for a 3-day power outage (Gibbons and Sergici 2024). 

In Oklahoma, respondents were WTP an additional $14.69 per month to increase electricity grid 

reliability. In our study, the average WTP across households to avoid one day of outage per year 

was $123.20 for a 24-hour outage, $196.39 for a 3-day outage, and $230.43 for a 5-day outage. 

The higher average WTP values may arise from differences in the type of outage we were 

estimating. In contrast to the other studies, ours was framed as a result of severe weather or a 

natural disaster and combined frequency of outages, which may increase WTP values.  

The household WTP for an outage increased with the frequency of the outage. On average 

WTP per outage was $18.04 per event for an 8-hour outage every 10 years, $26.43 per event for 

an 8-hour outage every 5 years, $39.38 per event for an 8-hour outage every other year, $50.00 per 

event for an 8-hour outage every year, $60.99 per event for an 8-hour outage that happened twice 

per year, and $72.17 per event for 8-hour outage that happened 4 times per year. The increasing 

trend in WTP when frequency increases was similar to that of Baarsma and Hop (2009) in the 

Netherlands, but a study by Blass et al. (2010) from Israel found households’ WTP decreased with 

an increase in frequency of outage, with higher WTP recorded at 1-outage per season and least 

being 5-outages per season. 

The results were much more informative when we adjusted both frequency and duration. 

Looking at WTP values for all durations of outages where the respondents were WTP for both a 
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decrease in frequency and duration, we see that the WTP values are much higher for higher 

frequency and duration scenarios. Respondents are WTP $1.38 per event to avoid a 4-hour outage, 

$18.04 per event to avoid an 8-hour outage, $44.46 per event to avoid a 24-hour outage, $70.53 

per event to avoid a 3-day outage, and $83.15 per event to avoid a 5-day outage that happens once 

every 10 years. For a frequency of 4 times per year, households on average are WTP $5.51 per 

event to avoid a 4-hour outage, $72.17 per event to avoid an 8-hour outage, $177.82 per event to 

avoid a 24-hour outage, $282.13 per event to avoid a 3-day outage, and $332.60 per event to avoid 

a 5-day outage. Similar findings were also observed in Baarsma and Hop (2009). In situations 

where the frequency of outages is acceptable, e.g. if the outage happens once every 25 years, the 

WTP values are often less than $10. On average, respondents are WTP $ 9.22 per event for a 5-

day outage, which shows how WTP values are sensitive to the frequency of the outages.  

5.5 WTP values based on Metropolitan Statistical Areas (MSAs) and Non-

Metropolitan Statistical Areas (N-MSAs) 

In this section, we estimated the WTP of households for backup service across different population 

segments, i.e. Metropolitan Statistical Areas (MSAs) and Non-Metropolitan Statistical Areas (N-

MSAs, which often include rural and micropolitan areas). First, we look at the acceptable duration 

of severe weather power outage 𝐷0 in Equation (13). We find 𝐷0 is 3.94 hours in MSA households 

and ranges between 0.88 and 7.61 hours. For N-MSAs households, the mean 𝐷0  was 3.85 hours 

and ranged between 0.54-7.05 hours. Figure 2.10 shows the distribution of 𝐷0 based on MSA and 

NMSAs. We then estimated the mean WTP for various power outage durations and frequencies 

for Scenario 1, following the methods outlined in the empirical model section. The results are 

shown in Table 2.6 and are restricted to be between the 5th and 95th percentiles of the household-
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specific WTP estimates from the RPLM. MSA households were always WTP a higher amount for 

backup services compared to N-MSAs. The difference in WTP increases with each increase in 

duration of outage. Comparing WTP values across frequency levels, holding duration constant, we 

find that the difference in WTP between the two population segments is low at low outage 

frequency and increases with the frequency of outage. However, for a power outage that occurs 4 

times a year and lasts 5 days, the difference is smaller than for a 3-day outage that occurs 4 times 

a year. For longer-duration outages, other factors beyond location may influence WTP values, such 

as household characteristics and demographics. 
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Figure 2.10. Kernel Density Estimate of the Distribution of 𝐷0̂ for the Random Parameter Linear Models for Metropolitan Statistical 

Areas (MSAs) and Non-Metropolitan Statistical Areas (N-MSAs) 
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Table 2.6. Mean WTP ($) Per Event at Various Combination Frequency and Duration Levels 

Based on Metropolitan Statistical Areas (MSAs) and Non-Metropolitan Statistical Areas (N-

MSAs) 

Frequency  

  1 every 10 years 4 per year 
 

Duration MSAs 
N-

MSAs 
Difference MSAs 

N-

MSAs 
Difference 

 

 
RPM  

4 hours 1.64 1.11 0.53 6.57 4.43 2.14  

8 hours 18.49 17.58 0.91 73.97 70.34 3.63  

24 hours 45.20 43.70 1.50 180.80 174.79 6.01  

72 hours 71.57 69.48 2.09 272.74 267.19 5.55  

120 hours 84.32 81.95 2.37 337.29 327.81 9.48  

 

5.6 Model Application for Renewable Micro-Grid Back-Up Power Source 

There are different alternative energy sources during power outages, such as energy storage and 

generators, and the cost of investment will be determined by the choice of an alternative energy 

source. For example, consider a power company that installs a 2.4 MW lithium-ion battery system 

that has a lifespan of 10 years in 2026 that powers 100 homes and the power company expects to 

recover the capital cost within 10 years, the life of the battery. The 10-year battery life span is 

based on expert opinion. Assume that each household consumes 1 kWh of electricity. Then the 

capital cost projections for 24-hour lithium-ion system is $540,000 ($255/kWh), $739,200 

($308/kWh), and $878,400 ($366/kWh) for low, mid, and high projections, respectively (values 

are in 2024$) (Cole et al. 2025; Giraldez Miner et al. 2018).  Using a mean WTP value and a mid-

cost of $739,200 and assuming we have one 8-hour severe weather outage, it will take 148 years 

to pay the initial cost of investment, 61 years if it happens two times a year, and 26 years if it 

happens 4 times a year. For a 24-hour outage, the time it takes to recover the initial cost is even 

lower; it is 60 years for an outage that happens once a year, 25 years for two outages per year, and 

10 years for an outage that happens four times a year. See Table 2.7 for other combinations of 
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frequencies and duration of outage. In this application, the power company will only invest in a 

2.4 MW Lithium-Ion Battery System if we have at least 4 severe weather events in a year that last 

24 hours across the different cost levels.  

Table 2.7. Number of Years to Recover the Capital Cost of a 2.4 MW Lithium-Ion Battery System 

Using WTP Values from the Study that Can Provide 24 Hour Backup Power Services 

  Low Cost: $540000 
Medium Cost: 

$739,200 High Cost: 878,400 

Number of 
Households 

Duration 
(Hours) 

1 per 
year 

2 per 
year 

4 per 
year 

1 per 
year 

2 per 
year 

4 per 
year 

1 per 
year 

2 per 
year 

4 per 
year 

100 4 1414 580 245 1936 793 335 2300 943 398 

100 8 108 44 19 148 61 26 176 72 30 

100 24 44 18 8 60 25 10 71 29 12 

We observe that WTP values vary across MSAs and N-MSAs. We know that power 

companies will be more likely to invest in areas with higher WTP values, as they are able to recover 

the cost of investment faster and therefore earn more revenue. For example, if the company invests 

$739,200 for a 2.4. MW Lithium-Ion Battery System that serves 100 homes and has a lifespan of 

10 years, and on average, we have four 24-hour outages, it will take 10 years to recover the initial 

cost for investment in MSAs and 11 years for N-MSAs. In this scenario, power companies will 

more likely invest in MSAs creating disparity in household power resilience. To ensure equity in 

the distribution of power, the government needs to provide a subsidy of $24,040 (6.01*4*10) to 

cover the difference in total WTP values for the ten years between MSAs and N-MSAs. See Table 

2.6 for the mean household WTP values for an event. 

The number and duration of severe weather outages each year are unpredictable, and the 

size of the Lithium-Ion Battery System invested by utility companies will be determined by the 

average frequency and duration of outages in an area. For the investment to be profitable, the 

frequency and duration of outage should fall within a certain range, as shown in Table 2.7. If the 

frequency and duration are fluctuating and some are not within the range, utility companies may 
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not invest resources in alternative sources of energy during severe weather outages or might invest 

in a smaller Lithium-Ion Battery System that ensures reliable revenue. For the investment on 

Lithium-Ion Battery System to be profitable, the government may need to subsidize the difference 

between the yearly fixed cost and revenue to warrant an investment. For example, if a company 

invests 2.4. MW Lithium-Ion Battery System that serves 100 homes, and in a given year, we have 

four 8-hour outages instead of four 24-hour outages; the government will be required to pay 

$45,489 (73,920-28,4300) for a $739,200 Lithium-Ion Battery System to warrant the invest for a 

battery that has a lifespan of 10 years. The government could incentivize the power company to 

invest in a bigger Lithium-Ion Battery System by partially funding the portion of the cost, 

depending on the projected revenue from the WTP values obtained for the use of the backup 

services, ensuring household resilience during severe weather power outages. The same applies to 

community-based energy storage. Communities can pay for the capital cost of the investment, 

through spreading the cost to several installments over the lifespan of the investment (10 years), 

regardless of the frequency and duration of outages, in cases where we have no government 

intervention.  

6. Discussion and Conclusion 

Severe weather events are the primary cause of significant power outages in the U.S. Severe 

weather events have increased in frequency and severity, and it’s anticipated that these events will 

continue to increase. The U.S. has an ageing grid infrastructure that is more than 100 years old, 

which makes the country vulnerable to power outages caused by severe weather events and natural 

disasters. Adopting new and smart technologies, such as solar, smart grids and system hardening, 

often comes at a high cost, which must be paid by customers. In addition, it is often hard to value 
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the indirect costs of a power outage for a household, in terms of lost leisure activities, work time, 

etc. While studies do exist in trying to estimate WTP for back-up services and similar investments, 

it is not fully understood whether homeowners are willing to pay for such investments, as studies 

are piecemeal in the U.S. and across the globe. Furthermore, there exist no studies to our 

knowledge that examine WTP to avoid a power outage that combines both frequency and duration 

in the context of extreme weather events and natural disasters that often result in more significant 

power outage events. We used primary data from a two-stage choice experiment and a theoretically 

consistent framework to estimate household WTP for back-up services to avoid a power outage 

during a severe weather event. These estimates provide important findings on supporting 

investments in power infrastructure and services to improve resilience of the electric grid and how 

households are impacted by power outages by providing an indirect estimate of the cost households 

face from a power outage, often known as the value of lost load.   

We see that WTP values increase with duration and frequency of outage. However, the 

increase in WTP per hour, holding frequency constant, is highest at a duration of 8 hours and 

declines afterwards. When there is an increase in frequency, holding duration constant, we see that 

the WTP per frequency of outage increases at a decreasing rate. Varying both the frequency and 

duration of outage, the WTP values are much higher, but this depends on what frequency and 

duration are acceptable to a household. If the duration of a given outage is acceptable (WTP > 0) 

by a household, for a given frequency level above a threshold (often based on a household’s 

perception of fully reliable, e.g. outage once every 20 years), the household’s WTP will be positive, 

providing evidence of households’ willingness to support for ways to improve power infrastructure 

reliability and resilience.  
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The estimated household WTP values can be used by power companies for resource 

planning by determining if it is profitable to invest in alternative power sources, infrastructure 

hardening or other technologies that improve reliability and resilience. The level of investment 

that would be supported would be based on households’ WTP for how the investment changes the 

reliability of power provision, in our case reductions in the frequency and duration of outages from 

severe weather. We observe that the WTP values increase with duration and frequency of outage, 

and the power companies can use this information to determine which areas are in dire need of 

alternative power sources and to better target restoration efforts after an outage. The set price 

should be equal to or less than collective WTP values across a region, and power companies and 

utilities can use this information to determine potential pricing. In some cases, electric companies 

may be inclined to only offer improved energy services in areas where the WTP for  services is 

higher, such as micro-grids and energy storage options that can improve energy resilience and 

lessen impacts on customers from outages.  

From a policy perspective, governments can use the WTP values to determine the amount 

of intervention/subsidy required to ensure equity in the distribution of power services, as we 

observe that socio-economic factors and geographical location play a role in supporting such 

investments and overall utility of WTP for back-up services or to avoid a power outage. In cases 

where the WTP values are lower than the cost of investment in backup power services, the 

government can use this information for policy making, to determine how much of a subsidy or 

grant may be required to support the investment in alternative sources of power during severe 

weather events to prevent financial, infrastructure, and societal impacts.  

As for local communities, they can use the WTP values to determine if there is a market 

for backup services or investments that improve the reliability and resilience of power systems to 
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extreme weather events and natural disasters. Based on the WTP values, these communities can 

lobby for investments in alternative sources of energy, infrastructure hardening, and new 

technologies, amongst other options. It can be that the cost of buying and maintaining a household 

backup power system may be prohibitively expensive, and if an alternative community power 

source exists, this may be a less expensive option overall. This is an area for future research. 

Further research is needed to determine if WTP values vary across various groups of 

households and geographies. Previous studies have shown that WTP values can vary across groups 

based on area, demographic,  and socio-economic characteristics (J. Cohen et al. 2018; Lambert et 

al. 2024; Stock et al. 2023; Gorman and Callaway 2024; J. Cohen et al. 2017). Grouping 

respondents and calculating the WTP values can further guide policy implications. Also, we 

assume that the acceptable frequency of outage is one outage every 20 years and below. Estimating 

it at a household level will provide information on a range of acceptable frequency levels based on 

the occurrence of severe weather events and disasters. By knowing this, power companies and 

utility companies can use this information to plan for the required investment in alternative sources 

of energy and other investments based on the frequency of outages. 
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Chapter 3 - The Role of Alternative Information Sources and 

Channels on Disaster Perceptions and Preparedness in a 

Wildfire Context: A Comparison of the Great Plains and 

Mountainous Western States in the U.S. 

1. Introduction 

In the U.S., wildfires have caused significant destruction, resulting in damage to structures, 

property, habitats, and agricultural lands (Calkin et al. 2014; Bergtold et al. 2024). An average of 

2,832,800 ha of private, state, and federal land is burned in the U.S. due to more than 73,000 

wildfires each year (Forest Service. U.S Department of Agriculture, n.d.). In 2022, wildfires 

burned almost 2,428,114 ha in the U.S., and the area burned has increased over the past 2 years 

(National Interagency Fire Center 2022). Earlier studies predict that the length of fire seasons will 

increase and the overall frequency and severity of wildfires will grow by as much as 50 to 150% 

across regions of the U.S. (V. M. Donovan et al. 2017; Edwards et al. 2019; Stambaugh et al. 

2017). Large wildfires (wildfires over 405 ha in size) are growing in number and intensity, 

specifically in the mountainous western regions (MW) and the Great Plains (GP) of the U.S.  

(Dennison et al. 2014; Gafford 2024; Carney et al. 2025). These changes in wildfire patterns are 

attributed to changes in climate, the emergence of invasive species, increased fuel loads, land 

management, and fragmented adoption of fire management and preparedness practices, amongst 

other factors (Dennison et al. 2014; Holsinger et al. 2016; Mueller et al. 2020; Keyser and LeRoy 

Westerling 2017; John T. Abatzoglou and Williams 2016; Holden et al. 2018). Estimates in the 

western U.S., including the Great Plains (GP), of potential economic damages to residential 
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properties caused by wildfire in high wildfire risk areas ranged from $189 to $444 billion in 2013 

alone (Botts et al. 2013; Steelman 2016). 

In the U.S., much of the focus and research on wildfires highlights the wildland-urban 

interface and is constituted in the mountainous western states of the U.S. (MW), both by the 

government and in scholarly work. From 50 to 95% of funding to help combat wildfires is spent 

at the urban-wildland interface (Gude and Rasker 2008). Yet, there is an increasing danger of 

wildfire in other areas, such as the landscapes of the Great Plains of the U.S. (GP). This region is 

another highly susceptible area for potential property and structural damage, which continues to 

receive relatively little attention (Calkin et al. 2015; Gude and Rasker 2008; Steelman 2016; 

Lindley et al. 2019), and yet faces significant risk. Six of the twenty fastest-growing fires in the 

U.S. occurred in the GP between 2001 and 2020, burning landscapes that are predominantly 

grasslands. These wildfires burned from 40,000 to 214,000 ha in a single day (Balch et al., 2025). 

For residents, this means that adequate resources and messaging about wildfire events, danger and 

evacuation must be extremely timely. Areas with low allocation of resources tend to face 

significant challenges in effectively managing and messaging about wildfires (Ermagun et al. 

2025). The situation is further worsened by the inability of wildfire legislation to address the 

increasing severity and frequency of wildfires, which tends to be inflexible to local contexts 

(Gafford 2024; Steelman 2016; Buettner and Schultz 2024). Nationally, the level of disaster 

preparedness is low, and approximately only one-third of American households have adequate 

disaster plans (Petkova et al. 2016; Cook and Howe 2024). We focus here on the influence of 

alternative information sources on wildfire and disaster preparedness in a wildfire context in the 

GP and MW of the U.S. 
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With the increase in severe weather events and natural disasters such as wildfires, disaster 

preparedness education and awareness have become important in increasing disaster preparedness 

and resilience among households and communities (Kusumastuti et al. 2021; Armstrong et al. 

2021; L. Guo et al. 2025; Kirschenbaum et al. 2017; Thomas et al. 2015; Kirschenbaum et al. 

2017; C. Guo et al. 2020). Disaster preparedness increases households' resilience, enabling 

households to cope, recover, adapt, and coexist with severe weather events and natural disasters 

(Prior and Eriksen 2013; Jonientz-Trisler et al. 2025; Lindell and Perry 2000; Douglas Paton et al. 

2008; Thomalla et al. 2006; Whittaker et al. 2012; Wilson et al. 2020; Kusumastuti et al. 2021). 

Disaster awareness, provided through different communication channels, has been shown to 

influence disaster preparedness and resilience at the household scale (Zhang et al., 2026). More 

specifically, wildfire information has been found to be critical in influencing the perception of 

wildfire risk and determining wildfire mitigation preparedness levels (McCaffrey, 2004). The 

higher the exposure to preparedness information, the higher the level of perceived disaster 

preparedness (Basolo et al. 2009). In turn, being prepared for a disaster, including a wildfire, has 

been shown to influence disaster response and impacts (e.g. health, property and financial) at the 

household level (Beaty et al., 2019; Clay et al, 2020; C. Guo et al., 2020).  

Nevertheless, wildfire information sources vary by region, with many rural households 

receiving their information from television, radio, reverse 911, social media, family, and friends 

(Velez et al. 2017; Slavkovikj et al. 2014; Lawson et al. 2024). Thus, alternative communication 

channels and information sources play an important role in different contexts and geographies. A 

study in Oregon in the U.S. found that traditional information sources, such as television news and 

the National Weather Service, were the most used channels for information-seeking during 

wildfire season (Lawson et al. 2024). In Hong Kong and China, a study showed that both 



122 

 

traditional channels (e.g. radio and television), government disaster training activities, and newer 

information channels (e.g. official websites/apps, phone apps, and social media) all played a 

crucial role in household and community disaster preparedness and resilience (C. Guo et al. 2020; 

Zhang et al. 2026). Cretikos et al. (2008) found that broadcast media immediately before and 

during a storm was an important information source in influencing household disaster 

preparedness for the storms. Another study in Indonesia found that after an earthquake, public 

education and socialization channels most influenced disaster preparedness (Kusumastuti et al. 

2021). Ahsan and Khatun (2020) found that community radio played a crucial role in disaster 

awareness and preparedness for coastal communities in Bangladesh. 

The importance of communication channels in the connection between disaster preparedness 

and effective response can be crucial (Ahsan and Khatun, 2020). Beatty et al. (2019) empirically 

establish a linkage between information seeking about disaster risk and emergency preparedness. 

They found that forecasts for hurricanes increased sales of emergency supplies prior to landfall. 

The diffusion of disaster information varies across rural, suburban, and urban areas, which may 

influence the use and efficacy of alternative information sources (Okeukwu-Ogbonnaya et al. 

2024). The number of wildfire information sources accessed by a household depends on a 

household’s prior wildfire knowledge and experience, and previous preparedness actions (Velez 

et al. 2017). Wildfire information sources can further influence how much is spent on wildfire 

suppression, both at an individual and community level, and may also determine if a disaster-

stricken area receives relief after a wildfire event (G. H. Donovan et al. 2011; Eisensee and 

Stromberg 2007).  

Research most often focuses on factors influencing disaster preparedness education, the 

models and frameworks used, and the innovative approaches adopted (L. Guo et al. 2025). Studies 
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highlight that disaster preparedness information is most effective when it incorporates risk level, 

meets society's needs, clearly states recommended protective actions with step-by-step 

instructions, and emphasizes how to maximize individual safety and health (Abunyewah et al. 

2020; Lawson et al. 2024; Kanakis 2016; Armstrong et al. 2021; Appleby-Arnold et al. 2021; 

Sutton et al. 2021). However, studies show that to maximize reach, disaster preparedness 

information should be frequent and use the most accessible communication channels. The choice 

of channel will depend on the nature of the hazard and local dynamics (Graf et al. 2026; Fan et al. 

2019; Lawson et al. 2025, 2024; Maduz et al. 2019; Lam et al. 2017). There is a shortage of studies 

that compare the influence of alternative communication channels and information sources 

between various geographical regions that differ in resource availability, disaster characteristics 

and information availability, which becomes more important when recognizing the location or 

place-based efficacy of alternative information sources on disaster preparedness and response. 

Despite millions of dollars being spent by various disaster management organization’s on 

educating the public on disaster preparedness, this education and information only reaches a small 

portion of the population in the U.S (Rivera 2021). Better understanding the roles of information 

sources and the flow of disaster preparedness information across different geographical regions is 

important, as information, education and outreach related to wildfires may have more impact if it 

moves along information pathways that influence wildfire perceptions that promote more 

impactful mitigation, preparedness, and response (Comfort et al. 2004). Currently, the influence 

of these information pathways is not as well understood in the Great Plains of the U.S. as in other 

regions of the country, which have received more attention (Gafford 2024).  

The purpose of this study is to examine the influence of alternative information sources on the 

level and perception of wildfire and disaster preparedness of households across states in the 
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western U.S in a wildfire context. Specifically, we examine how different information sources (e.g. 

internet, television/radio, public announcements, etc.) influence households’ perceived level of 

wildfire and overall disaster preparedness and the perceived confidence level to prepare for a 

wildfire or such disaster across states in the GP compared to those in the more MW using three 

years of primary survey data collected by the U.S. Federal Emergency Management Agency 

(FEMA) National Household Survey that targeted areas that face an increased risk of wildfires in 

the year surveyed.23  

Primary findings show that information flows about disaster preparedness information and 

events differ between the GP and MW in the U.S. For households in the GP, the perceived level 

of disaster preparedness was influenced by information flow through the networks and the internet. 

In contrast, in the MW, the perceived level of disaster preparedness was influenced by all sources 

of information, except television and radio. Generally, the perceived confidence level to prepare 

for a disaster was primarily influenced by information flows from television/radio, public 

announcements, the internet, and networks. However, for the perceived confidence level to prepare 

for wildfire, only the internet and networks significantly influenced the perceived level of 

confidence. 

This study contributes to the literature by highlighting the influence of alternative information 

sources on households’ perceived level of wildfire and overall disaster preparedness across states 

in the GP of the U.S., which has not been extensively studied and does not have access to the same 

level of resources as states in the MW of the U.S. Understanding these differences can help reach 

vulnerable and at-risk populations during a wildfire event, especially in more rural areas. The study 

                                                   

23 Perceived confidence level to prepare for a disaster captures the area-specific disaster. 
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provides evidence about the influence of information sources on promoting disaster preparedness, 

which can positively influence wildfire response in both the GP and MW of the U.S. Information 

can be used to better target, improve effectiveness, and enhance the distribution of resources to 

provide critical information about wildfire preparedness and events that reduce wildfire household 

impacts in the future.  

2. Methods 

2.1 Hypotheses 

Our study assumes that households’ wildfire and disaster preparedness – the ability to plan for, 

mitigate, and respond to wildfire risks and events – is crucial for effective wildfire management, 

response, and mitigation of impacts at the household level, as supported by the literature. Our focus 

in this study is on how disaster and wildfire preparedness are influenced by region-specific sources 

of information on disaster preparedness and risk. In addition, we examine how geography, prior 

wildfire experience, perceived likelihood of a wildfire event and demographic characteristics 

influence and predict household disaster preparedness.  

Our conceptual framework for this study is provided in Figure 3.1. We model a household’s 

wildfire and disaster preparedness using two measures: (1) a household’s perceived wildfire and 

overall disaster preparedness level and (2) a household’s confidence that they can be prepared for 

a wildfire or disaster event. The first measure captures a household’s preparedness for a wildfire 

and is more directly connected with adoption of actual preparedness and mitigation practices, as 

well as associated behavioral responses (e.g. willingness to evacuate) (Brown et al., 2021; Brown 

et al., 2024; DeBastaini et al., 2014). The second measure is related but is used to capture a 

household’s behavioral intention for getting prepared for wildfire or disaster risks and events. 
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Bergtold et al. (2024) found that agricultural producers in the Southern Great Plains of the U.S. 

may not adopt wildfire mitigation and preparedness practices because they believe their efforts 

will not be effective. Similar findings have been found for forest landowners in the U.S., as well 

(Gan et al., 2015). This ability to prepare is related to a household’s or person’s locus of control 

or belief that they can control outcomes in their lives, which has been shown to be an influential 

social-psychological behavioral factor in being prepared for natural disasters (Antwi-Boasiako, 

2017; Najafi et al., 2017). For example, if a household perceives wildfire as intrinsically 

uncontrollable and the level of damage is random, the household will not likely invest in wildfire 

mitigation (Winter and Fried 2000). However, if a household perceives wildfire as a part of life 

and, at some level, it can be controlled, then they are more likely to be prepared for a wildfire event 

(Tara K. McGee and Russell 2003).  We assume the perceived confidence level to prepare for a 

wildfire and disaster is also co-determined by the perceived likelihood of a wildfire event 

occurring. Literature shows that the perceived likelihood of a wildfire occurring, an aspect of 

wildfire risk for a household, can significantly influence wildfire preparedness and is shaped by 

how someone perceives preparedness (McNeill et al., 2013; Martin et al., 2007).  

Figure 3.1 illustrates the hypothesized relationships between information sources and 

geography (region) to a household's perceived level of wildfire and disaster preparedness and 

perceived confidence level to prepare for a wildfire or disaster. Wildfire and disaster perceptions 

depend on whether a household receives any kind of wildfire information (Brenkert-Smith et al. 

2012). Specialized wildfire information can enhance wildfire mitigation strategies (Brenkert-

Smith et al. 2012). We include and test alternative information channels or sources of obtaining 

disaster preparedness information to investigate whether a household’s perceived level of wildfire 

and disaster preparedness and the perceived confidence level to prepare for a wildfire or disaster 
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depend on the information channel used to provide disaster preparedness information. Tested 

hypotheses are based upon literature and are summarized in Table 3.1. Hypotheses H1a to H1e 

examine the hypothesized effect of alternative information sources on the perceived level of 

wildfire (disaster) preparedness, while hypotheses H2a to H2e examine the hypothesized effect of 

information sources on the perceived confidence level to prepare for a wildfire or disaster. As seen 

in Table 3.1, we test each hypothesis to examine the influence of an information source on study 

outcomes and then examine if there are differences between the two geographic regions in the 

study. We expect the influence of different information sources to be significant and to vary across 

regions.  
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H1a 

H2a 

H1b 

H2b 

H1d 

H1e 

H2f 

H1f 

H3a 

H3b 

H1c 

H2c 

H2d 

H2e 

Figure 3.1. Conceptual Framework of How Alternative Information Sources, Region, Prior Wildfire Experience, and Demographic 

Factors Influence the Perceived Level of Wildfire and Disaster Preparedness and the Perceived Confidence Level to Prepare for a 

Wildfire or Disaster. Solid Lines Indicate Hypothetical Relationships of Interest for This Study, With Hypothesis Numbers Indicated. 

Dotted Lines Represent Other Controlling Factors That Can Influence the Perceived Level of Wildfire and Disaster Preparedness and 

the Perceived Confidence Level to Prepare for a Wildfire or Disaster  
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Table 3.1. Hypothesized Relationships Between Alternative Information Channels and Sources 

and Geographic Region on Households’ Perceived Level of Wildfire and Disaster Preparedness 

and Perceived Confidence Level to Prepare for a Wildfire or Disaster 

Hypothesis Description  

H1a_1 Television/radio positively influences households’ perceived level of wildfire (or 

disaster) preparedness. 

H1a_2 The influence of television/radio is greater in the MW than in the GP on the 

perceived level of wildfire and disaster preparedness. 

H1b_1 The internet positively influences the perceived level of wildfire and disaster 

preparedness. 

H1b_2 The influence of the internet is greater in MW than in the GP on the perceived 

level of wildfire and disaster preparedness. 

H1c_1 Networks positively influence the perceived level of wildfire and disaster 

preparedness. 

H1c_2 The influence of networks is greater in the MW than in the GP on the perceived 

level of wildfire and disaster preparedness. 

H1d_1 Public announcements positively influence the perceived level of wildfire and 

disaster preparedness. 

H1d_2 The influence of public announcements is greater in MW than in the GP on the 

perceived level of wildfire and disaster preparedness. 

H1e_1 Print positively influences the perceived level of wildfire and disaster 

preparedness. 

H2e_2 The influence of print is greater in the MW than in the GP on the perceived level 

of wildfire and disaster preparedness. 

H1f_1 Other sources positively influence the perceived level of wildfire and disaster 

preparedness. 

H1f_2 The influence of other sources is greater in MW than in the GP on the perceived 

level of wildfire and disaster preparedness. 

H2a_1 Television/radio positively influences the perceived confidence level to prepare 

for a wildfire or disaster. 

H2a_2 The influence of television/radio is greater in MW than in the GP on the 

perceived confidence level to prepare for a wildfire or disaster. 

H2b_1 The internet positively influences the perceived confidence level to prepare for a 

wildfire or disaster. 

H2b_2 The influence of the internet is greater in MW than in the GP on the perceived 

confidence level to prepare for a wildfire or disaster. 

H2c_1 Networks positively influence the perceived confidence level to prepare for a 

wildfire or disaster. 

H2c_2 The influence of networks is greater in the MW than in the GP on the perceived 

confidence level to prepare for a wildfire or disaster. 

H2d_1 Public announcements positively influence the perceived confidence level to 

prepare for a wildfire or disaster. 

H2d_2 The influence of public announcements is greater in MW than in the GP on the 

perceived confidence level to prepare for a wildfire or disaster. 

H2e_1 Prints positively influence the perceived confidence level to prepare for a 

wildfire or disaster. 
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H2e_2 The influence of prints is greater in the MW than in the GP on the perceived 

confidence level to prepare for a wildfire or disaster. 

H2f_1 Other sources influence the perceived confidence level to prepare for a wildfire 

or disaster. 

H2f_2 The influence of other sources is greater in MW than in the GP on the perceived 

confidence level to prepare for a wildfire or disaster. 

H3a The perceived level of wildfire and disaster preparedness is greater overall in the 

MW compared to the GP. 

H3b The perceived confidence level to prepare for a wildfire or disaster is greater 

overall in the MW compared to the GP. 

Note: GP represents the Great Plains states in the U.S. MW represents the mountainous western 

states in the U.S. 

 

Assuming the same wildfire adaptive capacity across regions and communities would be 

misleading; therefore, we included region as a tested hypothesis and one of the factors that 

influences the perceived level of wildfire and disaster preparedness (H3a) and the perceived 

confidence level to prepare for a wildfire or disaster (H3b). A community with a higher adaptive 

capacity is less vulnerable during a wildfire and recovers more quickly in the aftermath of a disaster 

(Kolden and Henson 2019). Paveglio, Abrams and Ellison (2016) found that a person’s perceptions 

and actions on wildfire management are influenced by the local context, such as the history and 

relationship between the residents and the landscape. Thus, two areas can have different views on 

how effective a mitigation strategy is in protecting property and life (Lindell and Prater 2002, 

2000). We expect differences over space (i.e., across regions) with respect to the influence of 

geography on the perceived level of disaster preparedness and the perceived confidence level to 

prepare for a disaster.   

In our study, we control for prior wildfire experience, given our wildfire context, because 

experiencing repeated and recent wildfires may increase the likelihood of being prepared and the 

confidence level in being prepared (Adhikari et al. 2023; Paveglio et al. 2015; Wilson et al. 2011). 

Confidence levels can be adversely impacted, though, if a household has experienced a significant 

loss of property due to wildfires (Winter and Fried 2000; Tara K. McGee et al. 2009; Tara K. 
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McGee and Russell 2003). For example, Winter and Fried (2000) found that households that have 

had their property destroyed perceive wildfire to be more uncontrollable compared to seasonal and 

permanent residents who have never experienced such a loss. In contrast, Wilson et al. (2011) 

found that households that had prior wildfire experience were relatively or extremely confident 

that wildfire management decisions were sound. Wildfire experience can shape how individuals 

behave when considering adoption of wildfire and disaster preparedness and mitigation practices 

(S. K. Jacobson et al. 2001; Jarrett et al. 2009; T.K. McGee 2011; Paveglio et al. 2015). Thus, the 

type of experience with wildfires can result in both an increase and a decrease in the perceived 

level of wildfire and disaster preparedness and the perceived confidence level to prepare for a 

wildfire or disaster. 

Lastly, we included demographic variables as controls. Previous studies have provided 

evidence that it may be difficult to predict the effect or influence of demographics on individuals' 

actions after a disaster (Wong et al. 2023; Lindell et al. 2018). We do not have any specific 

expectations on the direction of influence of alternative demographic factors but recognize that 

they can play an important role in shaping wildfire and disaster preparedness, confidence in being 

prepared, and perceived likelihood of a wildfire occurring. Demographic variables included in our 

study include age, gender, monthly income, race, education, and housing tenure. Housing tenure 

or patterns of seasonal occupancy may not influence wildfire risk reduction policy actions (Muller 

and Schulte 2011). Higher education levels may influence the adoption of wildfire and disaster 

mitigation practices (Richmond 2021; Muller and Schulte 2011) and whether an individual will 

seek out disaster preparedness information (Rivera 2021). Hazard adaptive capacity depends on 

financial capacity (Lindell and Prater 2000), so that high-income households may be less affected 

by wildfires (Kolden and Henson 2019). Race can also influence the level of preparedness and 
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affect the type of disaster preparedness information an individual may seek (Rivera 2021; Rao et 

al. 2022).  

2.2 Empirical Methods 

We adopt two regression frameworks, a bivariate probit model and an ordered probit model, to test 

our hypotheses and assess the influence of alternative information sources and geography on the 

perceived level of wildfire and disaster preparedness and the perceived confidence level to prepare 

for a wildfire or disaster, while controlling for prior wildfire experience and demographic factors. 

Previous studies have directly associated the perceived confidence level to prepare for a disaster 

directly to disaster preparedness (Rao et al. 2022; Adame and Miller 2014). It is likely that the 

perceived level of wildfire and disaster preparedness and the perceived confidence level to prepare 

for a wildfire or disaster are co-determined. Being well prepared involves both practical and mental 

preparedness measures (Eriksen and Prior 2013), and adopting wildfire mitigation measures 

reinforces a person’s confidence in their ability to respond to a wildfire (Tara K. McGee and 

Russell 2003). In this study, though, we do not directly model perceived confidence level to 

prepare for a wildfire or disaster as a factor that directly determines the perceived level of wildfire 

and disaster preparedness. Due to data limitations, we were unable to determine or find unique 

independent factors that would influence one of the factors and not the other (i.e. strong 

instruments) that would allow us to control for this endogeneity in our empirical approach. Thus, 

we consider two models, adopting a reduced form approach for our analysis. Wildfires have 

exhibited changes over time, as well. Taking this into consideration, we include time or temporal 

fixed effects as another explanatory element in our empirical framework since wildfire response 

or choices depend on wildfire characteristics, which have changed over time (Wong et al., 2023).  
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2.2.1 Ordered Probit Model to Determine Factors Driving the Perceived Level of Wildfire 

and Disaster Preparedness 

We used a standard ordered probit model because of the ordinal nature of the two dependent 

variables capturing the perceived level of wildfire and overall disaster preparedness (Table 3.2). 

Perceived level of wildfire preparedness is wildfire specific and perceived level of disaster 

preparedness is overall disaster preparedness, which still would influence being prepared for a 

wildfire, as it includes some measures such as setting up food and water supplies and evacuation 

routes among others that cut across various disasters. These categories included: not prepared and 

do not intend to prepare in the next year (0, base), not prepared but intend to start preparing in the 

next year (1), not prepared but intend to get prepared in the next six months (2), have been prepared 

for the last year (3), and have been prepared for more than a year and continuing to prepare (4). 

We follow the specification for the ordered probit model in Greene (2018). We specified the index 

function or predictor of the ordered probit model, assuming linearity in the parameters. We 

included temporal fixed effects for two of the three survey years, a geography dummy for 

households in MW, and interaction terms between MW and the temporal fixed effects and 

information sources. The predictor for the two ordered probit models is specified as: 

(1) 𝜂(𝒙) = 𝛽0 + 𝛽1𝐺𝑃 + 𝛽22018 + 𝛽32019 + 𝛽4𝐺𝑃 ∗ 2018 + 𝛽5𝐺𝑃 ∗ 2019 +
𝛽6𝑇𝑒𝑙𝑒𝑣𝑖𝑠𝑖𝑜𝑛/𝑟𝑎𝑑𝑖𝑜 + 𝛽7𝑇𝑒𝑙𝑒𝑣𝑖𝑠𝑖𝑜𝑛/𝑟𝑎𝑑𝑖𝑜 ∗ 𝐺𝑃 + 𝛽8𝑖𝑛𝑡𝑒𝑟𝑛𝑒𝑡 + 𝛽9𝑖𝑛𝑡𝑒𝑟𝑛𝑒𝑡 ∗ 𝐺𝑃 +

𝛽10𝑛𝑒𝑡𝑤𝑜𝑟𝑘 + 𝛽11𝑛𝑒𝑡𝑤𝑜𝑟𝑘 ∗ 𝐺𝑃 + 𝛽12𝑝𝑢𝑏𝑙𝑖𝑐 + 𝛽13𝑝𝑢𝑏𝑙𝑖𝑐 ∗ 𝐺𝑃 + 𝛽14𝑝𝑟𝑖𝑛𝑡 + 𝛽15𝑝𝑟𝑖𝑛𝑡 ∗
𝐺𝑃 + 𝛽16𝑂𝑡ℎ𝑒𝑟 𝑆𝑜𝑢𝑟𝑐𝑒𝑠 + 𝛽17𝑂𝑡ℎ𝑒𝑟 𝑆𝑜𝑢𝑟𝑐𝑒𝑠 ∗ 𝐺𝑃 + 𝛽18𝑒𝑥𝑝 + 𝛽19 𝑒𝑥𝑝 ∗ 𝐺𝑃 + 𝛽20𝑎𝑔𝑒 +

𝛽21𝑓𝑒𝑚 + 𝛽22𝑜𝑤𝑛 + 𝛽23𝑜𝑡ℎ𝑒𝑟 + 𝛽24 𝑒𝑑𝑢𝑐 + 𝛽25𝑚𝑜𝑖𝑛𝑐 + 𝛽26𝑤ℎ𝑖𝑡𝑒 

Definitions and descriptions of the independent variables are provided in Table 3.3.
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Table 3.2. Description and Summary of Dependent Variables for All Respondents, Respondents Broken out by Region (GP Versus 

MW), and P-Values for a Two-Sample T-Test Between the Two Regions 

Variable Description All respondents 

Great Plains 

(GP) 

respondents 

Western 

States (MW) 

respondents 

 

  N % N % N % 

Two-Sam

ple T-test 

P-Values 

Binary Dependent Variables 

Perceived wildfire 

occurrence 

=1 if it is likely that a wildfire could happen in 

the area, 0 otherwise 
836 57.5% 129 53.5% 707 58.3% 0.31 

Adoption of 

Defensible space 

=1 if the household has adopted defensible 

space against a wildfire, 0 otherwise 
823 66.5% 127 63.0% 696 67.1% 0.37 

Perceived confidence 

in being prepared for 

a disaster 

=1 if the household has a high perceived 

confidence level to prepare for a disaster 

(extremely confident)a, 0 otherwise 

836 38.9% 129 40.3% 707 38.6% 0.72 

Perceived confidence 

in being prepared for 

a wildfire 

=1 if the household has a high perceived 

confidence level to prepare for wildfire 

(extremely confident)a, 0 otherwise 

487 43.3% 121 43.0% 366 43.4% 0.93 

Categorical Dependent Variable 

Perceived level of disaster preparedness        

Level         

0 
If the household is not prepared, and they do 

not intend to prepare in the next year 
70 8.3% 13 10.1% 57 8.1% 

0.26 

1 
If the household is not prepared but intends to 

start preparing in the next year 
88 10.5% 13 10.1% 75 10.6% 

2 
If the household is not prepared but intends to 

get prepared in the next six months 
155 18.5% 17 13.2% 138 19.5% 

3 
If the household has been prepared for the last 

year 
139 16.6% 28 21.7% 111 15.7% 

4 
If the household has been prepared for more 

than a year and continues preparing 
384 45.9% 58 45.0% 326 46.1% 
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Variable Description All respondents 

Great Plains 

(GP) 

respondents 

Western 

States (MW) 

respondents 

 

  N % N % N % 

Two-Sam

ple T-test 

P-Values 

Perceived level of wildfire preparedness        

Level         

0 
If the household is not prepared, and they do 

not intend to prepare in the next year 
31 8.8% 2 7.4% 29 8.9% 

0.88 

 

 

1 
If the household is not prepared but intends to 

start preparing in the next year 
36 10.2% 3 11.1% 33 10.1% 

2 
If the household is not prepared but intends to 

get prepared in the next six months 
72 20.4% 7 25.9% 65 19.9% 

3 
If the household has been prepared for the last 

year 
54 15.3% 5 18.5% 49 15.0% 

4 
If the household has been prepared for more 

than a year and continues preparing 
160 45.3% 10 37.0% 150 46.0% 

a A household has a high perceived confidence level to prepare for a wildfire or disaster if they are extremely confident they can take 

steps to prepare for a wildfire or disaster. 
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Table 3.3. Description and Summary of Independent Variables for All Respondents, Respondents Broken out by Region (GP Versus 

MW), and P-Values for a Two-Sample T-Test between the Two Regions 

Variable Description 

Census 

(Study 

Region)a 

All 

respondents 

Great Plains 

(GP) 

respondents 

Western States 

(MW) 

respondents 

 

  
 

 
N % N % N % 

Two-Sa

mple T-

test P-

Values 

None 

(Base) 
=1 if no information, 0 otherwise   836 30.6% 129 48.1% 707 27.4% <0.00 

Television/

Radio 

=1 if the information is from TV, TV News, 

weather channels, and commercials on 

TV/Radio, 0 otherwise 

 836 40.6% 129 31.0% 707 42.3% 0.02 

Internet 
=1 if the information is from the internet and 

social media, 0 otherwise 
 836 22.9% 129 14.7% 707 24.3% 0.02 

Networks 

=1 if the information is from conversations 

with others, provided by the employer at work, 

and events/training, 0 otherwise   

 836 9.2% 129 7.0% 707 9.6% 0.34 

Public 

=1 if the information is from public service 

announcements, notices from the local 

government or community, and utility/local 

businesses, 0 otherwise 

 836 7.7% 129 4.7% 707 8.2% 0.16 

Print 
=1 if the information is from newspapers, 

brochures, pamphlets, and flyers, 0 otherwise 
 836 13.9% 129 7.8% 707 15.0% 0.03 

Other 

Sourcesb 

=1 if the information is from other sources, 0 

otherwise 
 836 10.4% 129 3.1% 707 11.7% 0.00 

Educ 
=1 if the household is a college graduate, 0 

otherwise 
- 836 71.7% 129 69.8% 707 72.0% 0.61 

Fem =1 if the respondent is female, 0 otherwise 50.2 836 46.2% 129 48.8% 707 45.7% 0.51 

Exp 
=1 If a household ever experienced a wildfire 

or natural wildfire 
- 836 36.1% 129 32.6% 707 36.8% 0.36 
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White =1 if the respondent is white, 0 otherwise 70.6 836 76.1% 129 78.3% 707 75.7% 0.52 

GP =1 if the household is in GP, 0 if in MW - 836 84.6%      

2018 =1 if year is 2018, 0 otherwise  836 29.9% 129 51.2% 707 26.0% <0.00 

2019 =1 if year is 2019, 0 otherwise  836 29.3% 129 45.0% 707 26.5% <0.00 

2020 (Base) =1 if year is 2020, 0 otherwise  836 40.8% 129 3.9% 707 47.5% <0.00 

Own = 1 if household owns the home, 0 otherwise  836 68.4% 129 75.2% 707 67.2% 0.07 

Other 
= 1 if the household does not own or rent the 

home, 0 otherwise 
 836 2.6% 129 1.6% 707 2.8% 0.40 

Rent (Base) 
= 1 if the household rents the home, 0 

otherwise 
 836 29.0% 129 23.3% 707 30.0% 0.12 

  Mean N 

Mean 

(Standar

d 

Deviatio

n) 

N 

Mean 

(Standa

rd 

Deviati

on) 

N 

Mean 

(Standa

rd 

Deviati

on) 

 

Moinc Monthly household income ($)   7941 836 
13104 

(21117) 
129 

12751 

(21165) 
707 

13168 

(21123) 
0.84 

  Median N Median N Median N Median  

Age Respondent age in years 36.7 836 54 129 54 707 54 0.86 
a Population estimates for Census data were obtained from https://www2.census.gov/programs-surveys/popest/datasets/ and gender, 

age, race, and monthly income were obtained from https://data.census.gov. 
b Other sources of information include mail, email, magazines, billboards, FEMA, and reverse 911, among others.  

https://www2.census.gov/programs-surveys/popest/datasets/
https://data.census.gov/
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While the signs of the coefficients in the ordered profit model indicate directions of change 

(i.e. a positive sign indicates a factor has a positive influence on a household having a high 

perceived level of wildfire or disaster preparedness), they provide little information about the 

magnitude of the influence of the explanatory variable on the probability of being at a given level 

of preparedness. Thus, we estimate marginal effects for each explanatory variable in the model 

following Greene (2018) for each category (level) of the dependent variable when GP, a binary 

variable indicating a survey respondent lives in the Great Plains, is equal to one and when GP is 

equal to zero. This is done in order to capture the marginal effects of information sources and other 

factors on wildfire and disaster preparedness in the GP and MW, separately. The marginal effects 

provide substantive information about the marginal change in the probability of being in a 

particular ordinal preparedness category (level of preparedness) given a one-unit change in an 

explanatory variable. For binary independent variables, this is calculated as a discrete difference. 

Marginal effects are estimated as partial averages across respondents, and asymptotic standard 

errors are estimated using the delta method (Greene, 2018). It is the significance of these marginal 

effects that is used to examine hypotheses H1a_1, H1b_1, H1c_1, H1d_1, H1e_1, and H1f_1. The 

hypotheses H1a_2, H1b_2, H1c_2, H1d_2, H1e_2, and H1f_2 are tested using the associated 

marginal effects for models estimated for each region separately and the statistical significance of 

the interaction terms in equation (1). 

2.2.2 Probit Model to Determine Factors Driving the Adoption of Defensible Space 

We used a probit model to better understand the effect of information sources on the adoption of 

a specific wildfire preparedness practice, i.e. creating a defensible space. A defensible space is an 

area surrounding a structure where vegetation has been cleared or changed as a wildfire 

management practice, and it is among the effective strategies used to prevent wildfire damage to 
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structures (Syphard et al. 2014; J. D. Cohen 2000). The dependent variable, the adoption of 

defensible space, is a binary outcome, as shown in Table 3.2, and the same set of independent 

variables as specified in equation (1) is used to estimate the probit model. We assume a linear 

relationship between the dependent and the independent variables, and that the error term follows 

a normal distribution. We use maximum likelihood estimation to estimate the Probit model. We 

use the coefficient of the probit model to show the direction of change for each of the explanatory 

variables and compute average marginal effects across respondents for each region (MW and GP) 

to capture the magnitude of change. The asymptotic standard errors are estimated using the delta 

method (Greene, 2018). 

2.2.3 Bivariate Probit Model Examining the Influence of Factors on the Perceived 

Likelihood of a Wildfire Event Occurring and the Perceived Confidence Level to Prepare 

for a Wildfire or Disaster 

A bivariate probit model is utilized when two binary dependent variables are co-determined 

(Greene 2018; Monfardini and Radice 2008). In this study, we use the bivariate probit model to 

capture the relationship (correlation) between the perceived likelihood of a wildfire event 

occurring (y1) and the perceived confidence level to prepare for a wildfire or disaster. We represent 

the perceived confidence level to prepare for a disaster as y2 and the perceived confidence level to 

prepare for a wildfire as y3.24  y2 is a general question on disaster confidence, but focuses on a 

wildfire context, as data was targeted specifically to areas with high wildfire risk. The bivariate 

                                                   

24We also speculated that perceived confidence level to prepare for a disaster and perceived level of disaster 

preparedness are also co-determined and estimated a bivariate probit model with the two binary dependent variables. 

However, we did not have enough variability in the data for the GP, and the model did not converge. Therefore, we 

estimated an ordered probit model to determine what factors drive the perceived level of disaster preparedness.  
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model is used to estimate the influence of the factors highlighted in Figure 3.1 on the perceived 

likelihood of a wildfire event occurring and perceived confidence level to prepare for a wildfire or 

disaster, while accounting for the dependence between the two dependent outcomes. The bivariate 

probit model adopted here follows standard specification and is a reduced form model ( Greene, 

1996;  Ramsey et al., 2019; Greene, 2018; Gkritza, 2009; Russo et al., 2014; and Seyoum, 2018). 

We assume that underlying each observed endogenous variable (y1 and y2) and (y1 and y3) is a 

latent process that is a function of the set of factors shown in Figure 3.1 and an additive mean-zero 

IID error term. The error terms for each of the processes are assumed to be correlated. The 

researcher only observes a binary outcome, though, for each latent process (e.g. the choice). 

Mathematically, for (y1 and y2), we are looking at how wildfire risk influences overall the 

perceived confidence level to prepare for a disaster in an area with high wildfire risk (i.e. in a 

wildfire context), and we have: 

 (2)           𝑦1 ∗= 𝒙1
′𝜷1 +  𝜀1 ,        𝑦1 = 1 𝑖𝑓(𝑦1 ∗> 0)                                                   

             (3)           𝑦2 ∗= 𝒙2
′𝜷2 +  𝜀2, 𝑦2 = 1 𝑖𝑓(𝑦2 ∗> 0)                                                                   

 (4)           (
𝜀1

𝜀2
|𝒙1 , 𝒙2) ~𝑁 [(

0
0

) , (
1 𝜌
𝜌 1

)] 

 

where y1* and y2* are latent dependent variables (our outcomes), 𝒙1 and 𝒙2 are vectors 

representing explanatory variables that influence each latent process (following Figure 3.1), 

𝜷1 and 𝜷2 are vectors of parameters, 𝜀1 and 𝜀2 are mean zero IID disturbance terms, and ρ is the 

correlation coefficient between 𝜀1 and 𝜀2. For y1 and y3, the mathematical equations are like those 

stated above, replacing y2 with y3. For this model, we are interested in how wildfire risk influences 

the perceived confidence level to prepare for a wildfire in an area with high wildfire risk and in a 

wildfire context as well. Following convention, we assumed the relationship between the 

dependent and independent variables is linear for each latent process, following a specification 



141 

 

similar to equation (1). Thus, the explanatory factors include those presented in Figure 3.1 and 

defined in Table 3.3.  As in equation (1), interaction terms between area and year, area and 

experience with wildfire, and area and information source to capture differences between the two 

regions (the mountainous western regions (MW) and the Great Plains (GP)) are included. 

Using probabilistic mathematics to examine the four outcomes from the two binary 

dependent variables, the probabilities of the different outcomes for the two dependent variables 

(y1 and y2) are:  

 (5)          𝑃(𝑦1 = 1, 𝑦2 = 1|𝒙1, 𝒙2) = 𝑃1 = Ф2(𝒘1, 𝒘2, 𝜌∗)  

  𝑃(𝑦1 = 1, 𝑦2 = 0|𝒙1 , 𝒙2) = 𝑃2 = Ф(𝒙1
′𝜷1) − 𝑃(𝑦1 = 1, 𝑦2 = 1|𝒙1 , 𝒙2) 

  𝑃(𝑦1 = 0, 𝑦2 = 1|𝒙1 , 𝒙2) = 𝑃3 = Ф(𝒙2
′𝜷2) − 𝑃(𝑦1 = 1, 𝑦2 = 1|𝒙1, 𝒙2) 

 𝑃(𝑦1 = 0, 𝑦2 = 0|𝒙1, 𝒙2) = 𝑃4 = 1 − 𝑃1 − 𝑃2 − 𝑃3 

where, the individual subscript is suppressed for convenience, Ф2 and Ф represent the bivariate 

and univariate standard normal CDFs, 𝒘𝑗 = 𝑞𝑗𝒙𝑗
′𝜷𝑗, 𝜌∗ = 𝑞1𝑞2𝜌 for 𝑗 = 1,2, and 𝑞𝑗 = 2y𝑗 −

1, where q𝑗 = 1 𝑖𝑓 y𝑗 = 1 𝑎𝑛𝑑 − 1 𝑖𝑓 y𝑗 = 0 for 𝑗 = 1,2 (Gourieroux 2000; Greene 2018). The 

model is estimated using the method of maximum likelihood (see Greene, 2018). The four 

probabilities for y1 and y3 for the other bivariate model follow the same specification as equation 

(5) by replacing y2 with y3. 

The coefficients from the bivariate probit model can be difficult to explain because the 

coefficient enters the probability for all the outcomes in the model. A better estimate for inferential 

purposes is the marginal effect estimates, which allow for clearer assessments of the direction and 

magnitude of change in the probability of outcomes for different explanatory factors (Russo et al. 

2014). The marginal effects of changes in covariates on the probability of a  given set of outcomes 

is given by:  

 (6)     
𝑑𝑃1

𝑑𝑥𝑖
=

𝑑Ф2(𝒙1
′𝜷1 ,𝒙2

′𝜷2,𝜌)

𝑑𝑥𝑖
= 𝜙(𝒙𝑖

′𝜷𝑖)𝛷 [
[𝒙2

′𝜷2−𝜌∗𝒙1
′𝜷1]

√1−𝜌∗2
] 𝛽𝑖 , 𝑖 = 1,2 
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𝑑𝑃2

𝑑𝑥𝑖
=

𝑑Ф(𝒙1
′𝜷1)

𝑑𝑥𝑖
−

𝑑𝑃1

𝑑𝑥𝑖
, 𝑖 = 1,2 

𝑑𝑃3

𝑑𝑥𝑖
=

𝑑Ф(𝒙2
′𝜷2)

𝑑𝑥𝑖
−

𝑑𝑃1

𝑑𝑥𝑖
, 𝑖 = 1,2 

𝑑𝑃4

𝑑𝑥𝑖

= −
𝑑𝑃1

𝑑𝑥𝑖

−
𝑑𝑃2

𝑑𝑥𝑖

−
𝑑𝑃3

𝑑𝑥𝑖

, 𝑖 = 1,2 

where 𝜙 denotes the univariate standard normal density. The derivative 
𝑑Ф(𝒙𝑗

′𝜷𝑗)

𝑑𝑥𝑖
 𝑓𝑜𝑟 𝑗 = 1,2 are 

marginal effects for the associated univariate probit models for a given explanatory factor 𝑥𝑖 when 

𝑦𝑗 = 1. The marginal effects here represent marginal changes in the bivariate probability of a given 

set of outcomes, such as perceiving a wildfire is likely to occur (y1 = 1) and a high perceived 

confidence level in being prepared for disaster (y2 = 1) or having a high perceived confidence level 

in being prepared for wildfire (y3 = 1), given a one unit change in an explanatory variable or factor. 

For binary dependent variables, this is calculated as a discrete difference. All marginal effects are 

estimated as partial averages across respondents, and standard errors are estimated using the delta 

method (Gourieroux, 2000; Greene, 2018). We utilize the significance of the coefficients to test 

the hypotheses H2a_1, H2b_1, H2c_1, H2d_1, H2e_1, and H2f_1. The hypotheses H2a_2, H2b_2, 

H2c_2, H2d_2, H2e_2, and H2f_2 are tested using the statistical significance of the interaction terms 

in the bivariate probit model and the associated marginal effects for models estimated for each 

region separately. 

3. Study Region and Data 

3.1 Study Region 

This study looks at and compares two fire-prone regions of the U.S. (See Figure 3.2) The 

Mountainous western states (MW) and the states across the Great Plains (GP). The states covered 
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in the study are shown in Figure 3.2. The states in the GP are MN, SD, NE, KS, MO, OK, AR, and 

TX, while those in the MW are WA, MT, OR, ID, WY, CA, NV, UT, CO, AZ, and NM. 

Figure 3.2. Map Showing the Great Plains (GP) and Mountainous West States (MW) in the Study 

Region, With the Number of Observations in Each State 

 

The MW are characterized by heterogeneous vegetation ranging from lower-elevation 

grasslands, shrub lands, and forest ecotones to continuous montane and subalpine forests and, in 

some cases, alpine tundra (Littell et al. 2009). MW are more susceptible to unpredictable wildfires 

because of its atmospheric environment (Luo et al. 2013). The Northern Rockies forest recorded 

the highest numbers of wildfires in the western states and accounted for a 50% increase in large 

wildfires (A. L. Westerling et al. 2006; Anthony LeRoy Westerling 2016). A study by Westerling 
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(2016), covering a period from 1973 to 2012, found that western US forests observed more than a 

140% average annual increase in wildfires in the subsequent decades (1984 to 2012) compared to 

the first decade (1973 to 1983). Data also shows that compared to the first decade (1973 to 1983), 

annual area burned by wildfire has increased by 390% on average for the subsequent decades 

(1984 to 2012). This is equivalent to a 123,000-ha increase in burned areas per decade. Similar 

trends were also observed in non-forest vegetation areas, where wildfire frequency increased, and 

the area burned increased by 40,585 ha per decade (Anthony LeRoy Westerling 2016).  

The GP of the U.S., which was once characterized by native grasslands and wetlands, has 

changed over time to a mosaic of rangeland, dryland farming, and intensive irrigated and industrial 

agriculture (Sohl et al. 2012; Drummond et al. 2012). The GP faces an increased incidence and 

risk from wildfires, with more than half of the ecoregions in this region having a greater than 70% 

chance of a large wildfire occurring (V. M. Donovan et al. 2017). These ecoregions have 

experienced an increased number of large wildfires, increased area burned by wildfires, and/or a 

significantly increased likelihood of a wildfire event occurring in the near future (V. M. Donovan 

et al. 2017). Predictions for the GP show that the South-Central US will face the greatest impact 

from enhanced wildfire risk due to climate change compared to the Western or Southwestern US 

(An, Gan, and Cho, 2015), with the greatest impact in the southwestern GP  (Fang et al. 2025). 

3.2 Data 

This study uses 3 years of the annual national household survey covering the years 2018 to 

2020, conducted by the  Federal Emergency Management Agency (FEMA) (FEMA and National 

Household Survey 2025). The annual national household survey is a nationally representative 

sample that examines levels of disaster preparedness, disaster risk perceptions, mitigation and 
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adaptation actions, and motivations for disaster preparedness.25 FEMA conducted cross-sectional 

annual telephone surveys between 2013 and 2023, randomly selecting respondents from both 

landlines and cell phone numbers in an area within the country that has a high risk of having one 

of the 6 hazards surveyed about during the years of the survey examined: floods, hurricanes, 

tornadoes, wildfires, earthquakes, and a nuclear explosion. Each hazard that is interviewed by 

FEMA is referred to as a hazard-specific oversample.26 We specifically assess responses from the 

wildfire oversamples for the 2018 to 2020 annual surveys. This allows us to focus on households 

that are in an area that is prone to high wildfire risk, providing our wildfire context for the study 

(FEMA, and National Household Survey 2018). That is, our study examines wildfire and disaster 

preparedness and confidence in being prepared within a wildfire context based on local areas that 

exhibit increased wildfire risk.  

Sample sizes ranged between 500 and 515 for each of the three years examined in this study 

(FEMA, and National Household Survey 2018; FEMA 2019, 2020). In total, we had 1,529 

observations. We then restricted the sample to only respondents who were located in the MW and 

the GP, reducing our total sample by 294 observations. We examine the perceived level of wildfire 

and overall disaster preparedness given their high correlation to each other, as well as confidence 

in being prepared for a wildfire or disaster among households across different states within our 

study region in a wildfire context. The overall dataset contained 836 observations with more than 

two hundred households per year. We dropped observations with missing values for the factors 

                                                   

25 This dataset can be found at https://www.datalumos.org/datalumos/project/218642/version/V1/view. (Federal 

Emergency Management Agency (FEMA), 2025) 

26 While the household survey data was collected by FEMA, we did obtain IRB approval for the study (IRB 

Proposal IRB-10721, Kansas State University)  

https://www.datalumos.org/datalumos/project/218642/version/V1/view
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modeled in the study. 27 The year 2020 contains about 40% of the observations, with the other 2 

years constituting around 60% of the sample. Most observations (48%) were captured in 2020 for 

MW and in 2018 and 2019 for the GP. The differences in the number of observations by year and 

region are due to increased projection of major wildfire events, which determine where the survey 

was administered  (FEMA, 2025).   

The dependent variables of interest are the perceived level of disaster preparedness and the 

perceived confidence level to prepare for a disaster. The question on the survey: “Thinking about 

preparing yourself for a disaster, have you developed and discussed an action plan with your 

family, that includes information about how to leave your community or where to shelter, and have 

set aside supplies such as food, water, and other essentials that allow you to be self-sufficient for 

at least three days? Which of the following best represents your preparedness?” was used to 

capture the perceived level of disaster preparedness (FEMA and National Household Survey 

2025). The coded levels for this question are provided in Table 3.2. The question on the surveys 

asking:  “How confident are you that you can take the steps to prepare for a disaster in your area?” 

was utilized to capture the perceived confidence level to prepare for a disaster (FEMA and National 

Household Survey 2025). This variable had 5 levels (not at all confident, slightly confident, 

somewhat confident, moderately confident, and extremely confident), do not know, and refuse to 

answer as options. We recorded the question as binary, being equal to 1 if extremely confident was 

selected, and zero for all other levels. Respondents who refused to answer or answered do not 

know on any of the questions for our dependent variables (outcomes) were excluded from the data.  

                                                   

27  We dropped 399 observations that had missing values in one or more variables. 
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We also conducted analysis using the perceived level of wildfire preparedness and the 

perceived confidence level to prepare for a wildfire. The specific survey questions were “Thinking 

about preparing yourself for a wildfire, have you developed and discussed an action plan with 

your family that includes information about how to leave your community or where to shelter, and 

set aside supplies such as food, water, and other essentials that allow you to be self-sufficient for 

at least three days? Which of the following best represents your preparedness?” and “How 

confident are you that you can take the steps to prepare for a WILDFIRE?” with the levels in each 

question highlighted in Table 3.2 (FEMA and National Household Survey 2025). We did not solely 

use the perceived level of wildfire preparedness as the only main dependent variable for 

preparedness in this study because, despite the area being classified as a wildfire-risky area, about 

58% did not list wildfire events among the three top disasters with the biggest impact in the area 

and never answered the wildfire preparedness question.28 Yet, the overall disaster preparedness 

should directly relate to wildfire preparedness as the survey focused on areas with high recent 

wildfire risk (i.e. our wildfire context). To better understand the effect of information sources on 

wildfire-specific preparedness, we looked at the effect of information sources on creating a 

defensible space.  In the survey, the respondents were asked, "Have you taken steps to protect your 

home from a wildfire by clearing and removing items around your house or other buildings that 

could easily burn(FEMA and National Household Survey 2025). Although the survey had a 

question on whether a household has a plan for where to go in case of wildfire, we do not show 

the results in this paper because there was not enough data for statistical model estimation; the 

information was missing from 44% of the sample. 

                                                   

28 We had a total of 353 observations and only 27 observations from the GP.  
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Independent variables of interest include perceived likelihood of a wildfire (endogenous 

variable), experience with wildfire, information sources on disaster preparedness, house tenure, 

and demographics. The information sources on disaster preparedness were based on specific 

information sources or channels that households used to obtain disaster and wildfire preparedness 

information, which included: television/radio (TV, TV News, weather channels, and commercials 

on TV/Radio);  internet (Internet and social media); networks (conversations with others, provided 

by the employer at work, and events/training); public announcement (public service 

announcements, notices from the local government or community, and utility/local businesses); 

print (newspapers, brochures, pamphlets, and flyers); and other sources (email, billboards, reverse 

911, amongst other sources).29 The question that captures the perceived likelihood of a wildfire 

event occurring was “Thinking about the area you live in, is it likely or unlikely a wildfire could 

happen in your area?” (FEMA and National Household Survey 2025). We also included fixed 

effects for geography with MW as the base, as well as for the year of the survey, with 2020 as the 

base.  

The descriptive statistics for the dependent and independent variables used are provided in 

Tables 2 and 3, respectively. We provide the frequency in percentages for categorical variables 

                                                   

11 The respondents were first asked, “In the past six months, have you read, seen, or heard any information about 

how to get better prepared for a disaster? By disaster, I mean events that could threaten lives, disrupt public or 

emergency services like water and power, or damage property.” They were then asked a follow-up question, “How 

did you get the information that you read, saw, or heard about getting better prepared for a disaster?” They were 

allowed to list only two sources of information. We included both in our analysis and conducted a robustness check 

by including only the first or primary source listed by a respondent. For wildfire, the set of questions was “In the 

past six months, have you read, seen, or heard any information about how to get better prepared for a WILDFIRE?” 

and “How did you get the information that you read, saw, or heard about getting better prepared for a WILDFIRE?. 

All the survey questions were obtained from FEMA and National Household Survey (2025). 
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and the mean and standard deviation for continuous variables for the entire sample and for each 

region (i.e., MW, which represents 85% of our sample, and GP, which represents 15% of our 

sample). In Table 3.3, we also provide U.S. Census averages for variables when available for the 

entire region for the study and specific to MW and GP states (United States Census Bureau 2022).  

The sample is representative by gender (i.e., percent female) and race (i.e., percent white), as it is 

close to the U.S. Census averages; however, we observe a difference for monthly income and age. 

The reason for this difference likely arises due to our sample being restricted to only wildfire-

specific respondents, and most of the respondents were homeowners.  

Comparing census GP averages with GP-specific averages, we observe that gender and 

race were very close to the GP census average, while median age and monthly income differed. 

The 3-year (2018-2020) census averages for GP states for percent female, percent white, median 

age, and median monthly income were 50.4%, 74.8%, 36, and $7,171 for each of the statistics 

being compared, respectively. In the MW, only gender was close to the census MW average, with 

race, median age, and monthly income being different. The 3-year (2018-2020) census averages 

for the MW states for percent female, percent white, age, and median monthly income are 50.1%, 

68.1%, 37, and $8409, respectively (U.S Census Bureau, 2022). Looking at the demographics of 

the respondents across both regions together, 46% of the sample were female, the average monthly 

income of respondents was $13,104 (with a median income of $5375 per month), the average 

median age was 54 years, 76% were whites, 72% of respondents had a college degree, 68% were 

homeowners, and 28% rented.  

We tested for significant mean differences between levels of the dependent variables to 

examine hypotheses H3a and H3b using a Pearson two-sample mean test, and the results are 

discussed in Section 4.1. In addition, we examined mean differences between the independent 



150 

 

variables between the two regions using a two-sample t-test. For the categorical variable, the p-

values are from the Pearson test, and for continuous data, the p-values are from a pooled t-test. We 

assume the two samples (GP and MW) are independent, and the population variances are equal. 

Mean differences between MW and GP were statistically significant for all of the information 

sources (P < 0.10) except for networks and public announcements (Table 3.3).  

4. Results  

4.1 Summary Statistics for Wildfire and Disaster Preparedness Perceptions  

Wildfire was a concern for most respondents, but only 36% of households surveyed (33% in the 

Great Plains (GP) and 37% in the mountainous western regions (MW)) had experienced a wildfire 

event (Table 3.3, “exp” variable). More than 50% of the respondents perceived that a wildfire 

could happen in their local area in both MW and GP (Table 3.2). We did not observe any significant 

mean difference between household respondents in the MW and GP in perceived confidence level 

to prepare for a wildfire or disaster or difference in the distribution of household respondents in 

the MW and GP across responses to the perceived level of wildfire and disaster preparedness, 

indicating a lack of evidence to support hypotheses H3a and H3b (Table 3.2). Around 40% of 

household respondents in both regions had a high confidence level of being prepared for a disaster, 

and it was slightly higher for a high confidence level of being prepared for a wildfire. It was 43% 

for both the GP and the MW. Eight to ten per cent of household respondents in both regions did 

not perceive that they were prepared for a disaster and did not intend to take any measures with 

regard to disaster preparedness, but it was between 7% and 9% for wildfire preparedness. In 

contrast, about 45% and 46% of household respondents in the GP and MW regions, respectively, 

indicated they perceive themselves to be prepared for a disaster and have been so for a year or 

more. For the perceived level of wildfire preparedness, it was 37% in the GP and 46% in the MW.   
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4.2 Perceived Level of Wildfire and Disaster Preparedness and Information Flows 

We estimated a series of ordered probit models, one for a perceived level of overall disaster 

preparedness and one for wildfire preparedness (dependent variables) following equation (1) using 

the same set of independent variables. The models allow us to examine general preparedness for a 

disaster and specific preparedness for a wildfire to test hypotheses H1a_2, H1b_2, H1c_2, H1d_2, 

H1e_2, and H1f_2.30 Estimation results for the ordered probit models are reported in Table 3.4, and 

the corresponding marginal effects (ME) for each explanatory factor for the overall disaster 

preparedness level are reported in Table 3.5.31 Both models are in a wildfire context with 

interactions to capture differences between the GP and MW. Column A shows the results in Table 

3.4 for Model A examining the perceived level of disaster preparedness. Column B shows the 

results for Model B for the ordered probit model estimated using the perceived level of wildfire 

preparedness.  

                                                   

30 In the appendix in Appendix Table C.1 shows the estimation results for the ordered probit model when we only 

consider the primary or a single disaster preparedness information source that respondents identified that they used. 

We opted to generally use both information sources indicated by respondents, if provided, for a more complete 

assessment of the influence of information sources. Comparing results in Table 3.3 and Appendix Table C.1, the 

underlying findings in our study remain the same; disaster preparedness information increases the perceived level of 

wildfire and disaster preparedness, and the effect is region-specific. 

31 We do not show the ME effect for the perceived level of wildfire preparedness model because the ME would not 

be estimated due to limited observations for the GP for the perceived level of wildfire preparedness model. 
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Table 3.4. Ordered Probit Estimation Results for the Perceived Level of Disaster Preparedness 

(Model A) and for the Perceived Level of Wildfire Preparedness (Model B) 

 

Variables 

Model A Model B 

Perceived level of disaster 

preparedness 

Perceived level of wildfire 

preparedness 

   

GP 1.07 -0.20 
 (0.67) (0.45) 

2018 -0.23** -0.23 
 (0.11) (0.15) 

2019 -0.02 0.17 
 (0.11) (0.18) 

GP*2018 -0.86 0.77 
 (0.67) (0.56) 

GP*2019 -1.02 0.00 
 (0.68) (.) 

Other sources 0.25* 0.34* 
 (0.14) (0.19) 

Other sources*GP -0.03 -0.23 
 (0.60) (1.20) 

Television/radio 0.11 0.23* 
 (0.09) (0.13) 

Television/radio*GP 0.05 -0.09 
 (0.24) (0.61) 

Internet 0.34*** 0.38*** 
 (0.10) (0.14) 

Internet*GP 0.25 0.47 
 (0.33) (0.96) 

Print 0.26** 0.39** 
 (0.13) (0.18) 

Print*GP -0.54 0.21 

 (0.39) (0.91) 

Public 0.92*** 0.84*** 

 (0.19) (0.23) 

Public*GP -1.70*** -2.00** 

 (0.51) (0.94) 

Networks 0.45*** 0.55** 

 (0.16) (0.22) 

Networks*GP 0.55 -0.11 

 (0.49) (0.88) 

Exp 0.25*** 0.42*** 
 (0.09) (0.13) 

Exp*GP 0.19 0.38 
 (0.24) (0.53) 
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Age 0.01*** 0.01** 
 (0.00) (0.00) 

Fem -0.07 -0.08 
 (0.08) (0.13) 

Own 0.06 -0.01 
 (0.09) (0.15) 

Others -0.31 -0.22  

 (0.24) (0.46) 

Educ 0.19** -0.13 
 (0.09) (0.15) 

Moinc 0.00 0.00 
 (0.00) (0.00) 

White 0.07 0.18 
 (0.10) (0.16) 

Level (cut) 1 Threshold -0.43*** -0.37 
 (0.17) (0.27) 

Level (cut) 2 Threshold 0.10 0.17 
 (0.16) (0.26) 

Level (cut) 3 Threshold 0.72*** 0.87*** 
 (0.16) (0.27) 

Level (cut) 4 Threshold 1.19*** 1.31*** 
 (0.16) (0.27) 

Log Likelihood -1112.19 -463.90 

Pseudo R2 0.06 0.07 

AIC 2284.38 985.80 

   

Observations 836 353 

Note: Asymptotic standard errors are in parentheses. *** denotes p<0.01, ** denotes p<0.05, and 

* denotes p<0.1. Both dependent variables are ordinal variables measuring the perceived level of 

wildfire and disaster preparedness. Level 0 is if the household is not prepared and they do not 

intend to prepare in the next year. Level 1 is if the household is not prepared but intends to start 

preparing in the next year. Level 2 is if the household is not prepared but intends to get prepared 

in the next six months. Level 3 is if the household has been prepared for the last year. Level 4 is 

if the household has been prepared for more than a year and continues preparing.
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Table 3.5. Marginal Effects for Each Explanatory Variable for Each Outcome Category for the Perceived Level of Disaster Preparedness 

for the Mountainous Western States (MW) and the Great Plains (GP) 

Outcom

e 

Categor

y or 

Levela 

2018 2019 
Other 

Sources 

Televisi

on/radi

o 

Internet Print Public 
Networ

ks 
Exp Age Fem Own Other Educ Moinc White 

Marginal effects for ordinal categories for Model A estimated for the Great Plains (GP) 

Categor

y 0 

0.08**

* 
0.07*** -0.02 -0.02 -0.04** 0.03 0.11 

-

0.05*** 
-0.04** 

-

0.00*** 
0.01 -0.01 0.04 -0.02* -0.00 -0.01 

 (0.03) (0.03) (0.04) (0.02) (0.02) (0.05) (0.09) (0.02) (0.02) (0.00) (0.01) (0.01) (0.03) (0.01) (0.00) (0.01) 

Categor

y 1 
0.08** 0.07** -0.02 -0.01 -0.04** 0.02 0.06 

-

0.06*** 
-0.03* 

-

0.00*** 
0.01 -0.00 0.02 -0.01* -0.00 -0.01 

 (0.03) (0.03) (0.04) (0.02) (0.02) (0.03) (0.04) (0.02) (0.02) (0.00) (0.01) (0.01) (0.02) (0.01) (0.00) (0.01) 

Categor

y 2 
0.12* 0.11* -0.02 -0.02 -0.06* 0.02 0.06** -0.09** -0.04* 

-

0.00*** 
0.01 -0.01 0.03 -0.02* -0.00 -0.01 

 (0.06) (0.06) (0.05) (0.02) (0.03) (0.03) (0.03) (0.04) (0.02) (0.00) (0.01) (0.01) (0.02) (0.01) (0.00) (0.01) 

Categor

y 3 
0.07 0.07 -0.01 -0.01 -0.03 0.01 0.02 -0.07* -0.02* 

-

0.00*** 
0.00 -0.00 0.01 -0.01** -0.00 -0.00 

 (0.06) (0.06) (0.03) (0.01) (0.02) (0.01) (0.01) (0.04) (0.01) (0.00) (0.00) (0.00) (0.01) (0.00) (0.00) (0.00) 

Categor

y 4 
-0.34** -0.33** 0.07 0.05 0.17* -0.09 -0.24* 0.26** 0.13* 0.00*** -0.02 0.02 -0.10 0.06** 0.00 0.02 

 (0.17) (0.16) (0.17) (0.07) (0.09) (0.12) (0.15) (0.10) (0.07) (0.00) (0.02) (0.03) (0.08) (0.03) (0.00) (0.03) 

Marginal effects for ordinal categories for Model A estimated for the Mountainous Western States (MW) 

Categor

y 0 
0.04** 0.00 -0.03** -0.02 

-

0.04*** 
-0.03** 

-

0.08*** 

-

0.05*** 

-

0.03*** 

-

0.00*** 
0.01 -0.01 0.06 -0.03** -0.00 -0.01 

 (0.02) (0.01) (0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.00) (0.01) (0.01) (0.05) (0.01) (0.00) (0.01) 

Categor

y 1 
0.02** 0.00 -0.03* -0.01 

-

0.04*** 
-0.03** 

-

0.08*** 

-

0.04*** 

-

0.03*** 

-

0.00*** 
0.01 -0.01 0.03 -0.02** -0.00 -0.01 

 (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.00) (0.01) (0.01) (0.02) (0.01) (0.00) (0.01) 

Categor

y 2 
0.02** 0.00 -0.03* -0.01 

-

0.04*** 
-0.03* 

-

0.11*** 
-0.05** -0.03** 

-

0.00*** 
0.01 -0.01 0.02* -0.02** -0.00 -0.01 

 (0.01) (0.01) (0.02) (0.01) (0.01) (0.01) (0.02) (0.02) (0.01) (0.00) (0.01) (0.01) (0.01) (0.01) (0.00) (0.01) 

Categor

y 3 
0.00 0.00 -0.01 -0.00 -0.01* -0.01 

-

0.06*** 
-0.02 -0.00 -0.00 0.00 -0.00 -0.00 -0.00 -0.00 -0.00 

 (0.00) (0.00) (0.01) (0.00) (0.00) (0.00) (0.02) (0.01) (0.00) (0.00) (0.00) (0.00) (0.01) (0.00) (0.00) (0.00) 

Categor

y 4 
-0.08** -0.01 0.09* 0.04 0.12*** 0.09** 0.32*** 0.16*** 0.09*** 0.00*** -0.03 0.02 -0.11 0.07** 0.00 0.03 

 (0.04) (0.04) (0.05) (0.03) (0.04) (0.05) (0.06) (0.06) (0.03) (0.00) (0.03) (0.03) (0.08) (0.03) (0.00) (0.03) 

Note: Standard errors are in parentheses. *** denotes p<0.01, ** denotes p<0.05, and * denotes p<0.1. Variable definitions are provided in Tables 2 and 3. 
a . The dependent variable is an ordinal variable measuring the perceived level of disaster preparedness. Level 0 is if the household is not prepared and they do not intend to prepare in the next 

year. Level 1 is if the household is not prepared but intends to start preparing in the next year. Level 2 is if the household is not prepared but intends to get prepared in the next six months. Level 3 

is if the household has been prepared for the last year. Level 4 is if the household has been prepared for more than a year and continues preparing.  
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Of particular interest in this study is the impact of the different sources of information on 

the perceived level of disaster preparedness (Model A). All of the information sources except 

television have a significant impact on the perceived level of disaster preparedness, but results do 

vary by information source and region, supporting Hypotheses H1b_1 to H1f_1 overall. Looking 

at the effect of information sources on the perceived level of wildfire preparedness (Model B), we 

see that information sources significantly increased the perceived level of wildfire preparedness, 

supporting Hypotheses H1a_1 to H1f_1, except H1d_1. That is, the different information sources 

all play a role in influencing general disaster preparedness in high-risk wildfire regions as well as 

directly for wildfire preparedness. These are only sign effects, though, indicating the likelihood 

(positive or negative) of being in a specific preparedness category. When statistically significant, 

almost all coefficients were positive in sign, indicating a higher likelihood of being in a higher 

preparedness category. This was not the case for public announcements in the GP. The sign here 

was negative, indicating public announcements reduced wildfire and disaster preparedness. Thus, 

interaction effects of information sources with region indicate different information sources 

influence disaster and wildfire preparedness differently by region. Based on coefficient estimates 

from the ordered probit model, in the MW states, television and radio, internet, print, public 

announcements, networks and other sources all influenced wildfire preparedness, while in the GP 

states, only public announcements and networks significantly influenced wildfire preparedness. 

These findings provide some evidence for differences between regions, supporting hypotheses  

H1a_2, H1b_2, H1e_2, and H1f_2.  

To further examine hypotheses H1a_2 to H1f_2, we assess the marginal effects for the 

different information sources from the perceived level of disaster preparedness model using the 

estimated marginal effects in Table 3.5. Results by region do vary. The marginal effects provide 
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signs and magnitudes of the influence of information sources on preparedness. That is, the 

marginal effects tell us the change in the likelihood of being in a particular preparedness category 

given an information source was adopted. Given the use of interactions in the model, we can 

estimate MEs for both the GP and MW regions. Results point to some significant differences. For 

the MW region, all the information sources except television/radio had positive and statistically 

significant MEs on the perceived levels of disaster preparedness. For the GP region, only three of 

the information sources, i.e. the internet, networks, and public announcements, had a statistically 

significant ME on the perceived levels of disaster preparedness. This shows that the magnitudes 

of effects differ by region, as well. Of particular interest was the result that public announcements 

had an overall negative and statistically significant impact on the GP. That is, in the MW, public 

announcements increased the likelihood of being in the highest preparedness category level by 

32%. In contrast, in the GP, public announcements decreased the likelihood of being in the highest 

preparedness category level by 24%. Differences arise across preparedness categories for the ME 

for the internet, print, and networks as well, but signs of the ME are the same, providing support 

for hypotheses H1e_2 and H1f_2 and disagreeing with hypotheses H1b_2 and H1c_2, due to the 

fact that these information sources have a greater impact in the GP than the MW. The ME for 

television and radio for both regions were not statistically significant for both regions, providing a 

lack of support for hypothesis H1a_2.  

Examining the ME in Table 3.5 for Model A for the MW region specifically, public 

announcements increased the likelihood of being in the highest preparedness category by 32%, 

then networks at 16%, followed by the internet at 12%, and lastly by print and other sources at 9%. 

In contrast, public announcements decreased the likelihood of being in the lowest preparedness 

category by 8%, followed by networks at 5%, the internet at 4%, and by print and other sources at 
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3%. Examining the ME for Model A for the GP region specifically, public announcements 

decreased the likelihood of being in the highest preparedness category by 24% and increased it by 

26% if the information was obtained from the networks and by 17% if the source was the internet. 

In contrast, public announcements had no effect on the likelihood of being in the lowest 

preparedness category and the likelihood decreased by 4% and 5% if the information was obtained 

from the internet and networks, respectively.  

Another ME of interest is the prior wildfire experience. ME estimates in Table 3.5 

consistently provide support that households that experienced wildfire in the past were more likely 

to be in the highest preparedness category (already prepared for last year and continue to prepare) 

and less likely to be in all other preparedness categories, irrespective of the region. ME for being 

in the highest preparedness category for prior wildfire experience were slightly higher for the GP 

at 13% and 9% for the MW.  

The timing of the FEMA survey, which corresponds to areas that had been impacted by 

wildfire, had a negative and statistically significant effect on the likelihood of the perceived level 

of disaster preparedness, specifically in 2018 relative to 2020, but no significant difference was 

observed for the year and area interaction. However, we did not observe any significant difference 

for any of the years for the perceived level of wildfire preparedness, nor an interaction of year with 

area. Of interest is that the ME for each year (relative to 2020) decreases in magnitude in both 

regions. This result may point toward an upward trend over time in disaster preparedness, but 

further research is needed to establish this relationship.  

Examination of demographic factors shows that age (+) and education (+) were the only 

demographic characteristics that were statistically significant in the perceived level of disaster 
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preparedness (Model A). For the perceived level of wildfire preparedness (Model B), age was the 

only significant variable and had a positive effect.  

4.3 Influence of Information Flows on Adoption of Defensible Space 

We used a probit model to determine the factors that drive the adoption of defensible space and 

how the influence of information flows varies across space. The model results are shown in Table 

3.6. We find that networks, public announcements, and other sources have a positive and 

significant impact on the adoption of defensible space. However, we do not observe any 

significance difference in sign effect between MW and GP, as none of the interaction effects of 

GP with each information source was significant. As for the rest of the independent variables, 

experience with wildfire, age, and being a homeowner had a positive and significant effect on the 

adoption of defensible space, with the rest of the independent variables being insignificant.  

Table 3.6. Probit Estimation Results for the Adoption of Defensible Space 

Variables 
Adoption of defensible 

space 
  

GP -0.56 
 (0.62) 

2018 0.12 
 (0.13) 

2019 0.04 
 (0.13) 

GP*2018 0.77 
 (0.63) 

GP*2019 0.37 
 (0.63) 

Other sources 0.39** 
 (0.17) 

Other sources*GP -0.09 
 (0.80) 

Television/radio 0.05 
 (0.10) 

Television/radio*GP 0.10 
 (0.28) 
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Internet 0.08 
 (0.12) 

Internet*GP -0.17 
 (0.35) 

Print 0.19 
 (0.15) 

Print*GP -0.42 

 (0.49) 

Public 0.52** 

 (0.22) 

Public*GP -0.73 

 (0.55) 

Networks 0.33* 

 (0.19) 

Networks*GP 0.74 

 (0.63) 

Exp 0.45*** 
 (0.11) 

Exp*GP -0.18 
 (0.28) 

Age 0.01** 
 (0.00) 

Fem 0.16 
 (0.10) 

Own 0.32*** 
 (0.11) 

Others 0.37  

 (0.32) 

Educ -0.02 
 (0.11) 

Moinc 0.00 
 (0.00) 

White 0.03 
 (0.11) 

Constant -0.58*** 
 (0.19) 
  

Log Likelihood -484.05 

Pseudo R2 0.08 

AIC 1022.09 

  

Observations 823 

Note: Asymptotic standard errors are in parentheses. *** denotes p<0.01, ** denotes p<0.05, and 

* denotes p<0.1. The dependent variable is a binary variable indicating 1 if the household has 

adopted a defensible space and 0 otherwise.
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To determine the difference in magnitude of information flows across space, we estimated 

ME, and the results are shown in Table 3.7. The impact of networks on increasing the adoption of 

defensible space was higher in the GP compared to the MW. Access to disaster preparedness 

information from networks increased the adoption of defensible space by 33% in GP and 10% in 

MW. The rest of the information sources had no significant effect on the adoption of defensible 

space in the GP. However, in the MW, receiving information on disaster preparedness from public 

announcements and other sources increased the adoption of defensible space by 16% and 12%, 

respectively, with the remaining information sources having no significant effect on the adoption 

of defensible space. It was interesting to find that past experience with wildfire had a positive and 

highly significant effect on MW, but it was insignificant in the GP. Experience with wildfire 

increased the adoption of defensible space in MW by 15%. 

Table 3.7. Marginal Effects for Each Explanatory Variable on the Adoption of Defensible Space 

for the Mountainous Western States (MW) and the Great Plains (GP) 

Variables 

Marginal effects for Great 

Plains States (GP)  

(Part A) 

Marginal effects for the 

Mountainous Western States 

(MW) 
(Part B) 

   
GP -0.13 -0.13 
 (0.09) (0.09) 

2018 0.31 0.04 
 (0.22) (0.04) 

2019 0.15 0.01 
 (0.22) (0.04) 

Other sources 0.10 0.12** 
 (0.26) (0.05) 

Television/radio 0.05 0.02 
 (0.09) (0.03) 

Internet -0.03 0.03 
 (0.11) (0.04) 

Print -0.08 0.06 
 (0.16) (0.05) 

Public -0.07 0.16*** 

 (0.18) (0.06) 
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Networks 0.33** 0.10* 

 (0.14) (0.05) 

Exp 0.09 0.15*** 
 (0.09) (0.04) 

Age 0.00** 0.00** 
 (0.00) (0.00) 

Fem 0.05 0.05 
 (0.03) (0.03) 

Own 0.11*** 0.11*** 
 (0.04) (0.04) 

Others 0.13 0.13 
 (0.11) (0.10) 

Educ -0.01 -0.01 
 (0.04) (0.04) 

Moinc 0.00 0.00 
 (0.00) (0.00) 

White 0.01 0.01 
 (0.04) (0.04) 

Note: Standard errors are in parentheses. *** denotes p<0.01, ** denotes p<0.05, and * denotes 

p<0.1. Variable definitions are provided in Tables 2 and 3.The dependent variable is a binary 

variable indicating 1 if the household has adopted a defensible space and 0 otherwise. 

4.4 Perceived Confidence Level to Prepare for a Wildfire and Disaster and 

Perceived Likelihood of a Wildfire Event Occurring 

Table 3.8, Model A, presents estimation results for the bivariate probit model examining the joint 

likelihood of a wildfire event occurring and the perceived confidence level to prepare for a 

disaster.32 In Model B, we estimate a bivariate probit model similar to Model A, but replace the 

perceived confidence level to prepare for a disaster (the dependent variable) with the perceived 

confidence level to prepare for a wildfire. Although both of the Models are in a wildfire context, 

Model B specifically focuses on the perceive confidence in preparedness for a wildfire event 

specifically. Recall, a bivariate model was adopted due to the simultaneous determination of 

                                                   

32 In the appendix in Appendix Table C.2, we also show the results when we estimate the bivariate probit model using 

a single or primary source of disaster preparedness information rather than both sources listed in the survey data. We 

observe the same significant variables and signs for most, as when both information sources are considered (if 

provided by respondents).  



162 

 

perceptions about wildfire risk and confidence in being prepared. Estimation results indicate that 

these two factors were not statistically correlated (i.e. the tetrachoric correlation coefficient, rho, 

is small and not significantly different from zero) for Model A, but it is significant for Model B 

(p-value<0.05). That is, perceiving a higher likelihood of a wildfire event occurring in your local 

area does not significantly influence a respondent’s perceived confidence level to prepare for a 

disaster, but it does have a significant effect on a respondent’s perceived confidence level to 

prepare for a wildfire.  

Table 3.8. Two Bivariate Probit Models Estimation Results for Joint Modeling of the Probability 

of a High Likelihood of a Wildfire Event Occurring and Probability of Having a High Perceived 

Confidence Level to Prepared for a Disaster (Model A) and the Probability of a High Likelihood 

of a Wildfire Event Occurring and Probability of Probability of Having a High Perceived 

Confidence Level to Prepared for a Wildfire (Model B) for Entire Study Region 

 

  Bivariate Probit Model  

 Model A Model B 

Variables 

Part 1a Part1b Part 2a Part2b 

Estimated 

probability of 

a high 

likelihood of a 

wildfire event 

occurring 

Estimated probability 

of having a high 

perceived confidence 

level to prepare for a 

disaster 

Estimated 

probability of 

a high 

likelihood of 

a wildfire 

event 

occurring 

Estimated 

probability of having 

a high perceived 

confidence level to 

prepare for a wildfire 

GP 0.09 1.08* -0.50* -0.01 
 (0.65) (0.64) (0.27) (0.27) 

2018 0.22* -0.08 0.29* 0.04 
 (0.13) (0.13) (0.15) (0.14) 

2019 0.00 -0.01   
 (0.13) (0.13)   

GP* 2018 -0.13 -0.61 0.32 0.26 
 (0.65) (0.64) (0.30) (0.29) 

GP* 2019 -0.50 -0.49   
 (0.65) (0.64)   

Other 

sources 
0.43** 0.16 0.74** 0.14 

 (0.17) (0.16) (0.34) (0.26) 
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Other 

sources*GP 
0.59 -0.68 0.27 0.27 

 (0.75) (0.73) (0.81) (0.70) 

Television/r

adio 
-0.14 0.22** -0.26* 0.17 

 (0.10) (0.10) (0.15) (0.14) 

Television/r

adio*GP 
0.12 -0.10 0.30 -0.13 

 (0.28) (0.27) (0.31) (0.30) 

Internet 0.05 0.25** -0.01 0.38** 
 (0.12) (0.12) (0.18) (0.16) 

Internet*G

P 
-0.14 -0.06 -0.18 -0.56 

 (0.37) (0.34) (0.40) (0.39) 

Print -0.12 -0.02 -0.31 0.12 
 (0.15) (0.14) (0.20) (0.19) 

Print*GP -0.05 -0.81 0.07 -0.13 
 (0.47) (0.51) (0.52) (0.54) 

Public 0.74*** 0.35* 1.00*** 0.04 

 (0.23) (0.18) (0.31) (0.23) 

Public*GP -0.50 -0.55 -0.91 -0.30 

 (0.62) (0.61) (0.65) (0.63) 

Networks 0.23 0.71*** 0.19 0.53** 

 (0.18) (0.17) (0.23) (0.22) 

Networks*

GP 
-0.17 -0.20 -0.20 -0.15 

 (0.52) (0.47) (0.55) (0.53) 

Exp 1.00*** 0.51*** 0.80*** 0.36** 
 (0.11) (0.11) (0.16) (0.14) 

Exp*GP 0.24 -0.59** 0.48 0.43 
 (0.30) (0.27) (0.33) (0.30) 

Age -0.01*** 0.00 -0.00 0.01 
 (0.00) (0.00) (0.00) (0.00) 

Fem 0.19* -0.19** 0.10 -0.13 
 (0.10) (0.09) (0.13) (0.12) 

Own 0.12 0.05 0.14 0.20 
 (0.11) (0.11) (0.15) (0.15) 

Others 0.22 0.35 -0.56 0.32 
 (0.32) (0.29) (0.46) (0.41) 

Educ -0.07 0.19* 0.01 0.17 
 (0.11) (0.11) (0.14) (0.13) 

Moinc -0.00* 0.00 -0.00 0.00 
 (0.00) (0.00) (0.00) (0.00) 

White -0.04 0.16 -0.25 0.25 
 (0.12) (0.12) (0.17) (0.18) 

Constant 0.13 -1.12*** 0.22 -1.29*** 
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 (0.19) (0.20) (0.26) (0.26) 

Rho 

(tetrachoric 

correlation) 

0.07 0.17** 

 (0.06) (0.08) 

Log 

Likelihood 
-1000.44 -584.39 

AIC 2110.87 1270.78 

   

Observatio

ns 
836 487 

Note: Asymptotic standard errors are in parentheses. *** denotes p<0.01, ** denotes p<0.05, 

and * denotes p<0.1. 

The influence of factors on the perceived likelihood of a wildfire event occurring is 

presented in Table 3.8.  The column labelled Model A Part 1b in Table 3.8 shows the influence of 

factors influencing the likelihood of having a high perceived confidence level to prepare for a 

disaster. Based on coefficient estimates alone, previous wildfire experience and information 

sources from television/radio, the internet, networks,  and public announcement had a statistically 

significant influence on a household’s perceived confidence level to prepare for a disaster, 

providing support for hypotheses H2a_1, H2b_1, H2c_1, and H2d_1, but the sign effect did not 

seem to vary across the GP compared to MW, providing a lack of support for hypotheses H2a_2, 

H2b_2, H2c_2, H2d_2, H2e_2, and H2f_2. 

In Model B, we used the perceived likelihood of a wildfire event occurring and the 

perceived confidence level to prepare for a wildfire as the two dependent variables for the bivariate 

probit model. We do not have any observations for 2020; therefore, 2019 becomes the base year. 

The result of Model B is shown in Table 3.8. Model B Part 2b shows the influence of prior wildfire 

experience and information sources on a household’s perceived confidence level to prepare for a 

wildfire. Experience with wildfire had a positive effect on the perceived confidence level to 

prepare for a wildfire. As for information sources, only the internet and networks had a significant 
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effect on a household’s perceived confidence level to prepare for a wildfire, and the effect was 

positive, consistent with hypotheses H2b_1 and H2c_1. However, we do not observe any 

significance difference between GP and MW in the effect of information sources on the perceived 

confidence level to prepare for a wildfire, contradicting hypotheses H2a_2, H2b_2, H2c_2, H2d_2, 

H2e_2, and H2f_2.   

 To go deeper into assessing the marginal effect of different information sources, we 

estimated region-specific marginal effects of the bivariate probabilities with respect to the 

likelihood of alternative joint outcomes of perceiving a higher likelihood of a wildfire occurring 

and perceiving being highly confident of being prepared for a wildfire or disaster. These marginal 

effects are presented in Table 3.9 for Model A. Part A is the ME for the GP region, and Part B is 

for the MW region. The first row (Group 1) in Part A shows those respondents who perceived a 

high likelihood of a wildfire event occurring and had a high perceived confidence level to prepare 

for a disaster in the GP. Past experience with wildfire increased the likelihood of being in this 

group by 17%. Only information sources from print had a negative effect on being in Group 1 by 

17%, with the rest of the information sources having no impact.  ME for the MW region shows 

other sources, the internet, networks, and public announcements having a positive and statistically 

significant influence on respondents in this group, with networks having the largest marginal effect 

(19%), public announcements having the second highest (17%), followed by other sources (9%), 

and the internet having the least impact (6%). See Part B in Table 3.9 for the results. In the MW, 

past experience with wildfire increased the likelihood of being in this group by 25%.
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Table 3.9. Marginal Effects of the Joint Modeling of the Probability of a High Likelihood of a Wildfire Event Occurring and Probability 

of Having a High Perceived Confidence Level to Prepared for a Disaster (Model A) and the Probability of a High Likelihood of a 

Wildfire Event Occurring and Probability of Having a High Perceived Confidence Level to Prepared for a Wildfire (Model B) from the 

Bivariate Models for Each Explanatory Variable for Each Region 

Variables GP 2018 2019 
Other 

Sources 

Televis

ion/ 

Radio 

Internet Print Public 
Network

s 
Exp Age Fem Own 

Other

s 
Educ 

Moin

c 
White 

ME for the joint likelihood of a wildfire event occurring and the perceived confidence level to prepare for a disaster estimated for the Great Plains (GP) 

(Model A: Part A) 

Pr(y1=1, 

y2=1) 
0.02 -0.14 -0.18 -0.01 0.02 0.03 -0.17* -0.01 0.12 0.17** -0.00 -0.01 0.03 0.11 0.03 0.00 0.03 

(Group 1) (0.08) (0.19) 
(0.18

) 
(0.20) (0.07) (0.09) (0.09) (0.15) (0.13) (0.08) (0.00) (0.03) (0.03) (0.09) (0.03) (0.00) (0.03) 

Pr(y1=1, 

y2=0) 
-0.03 0.17 0.02 0.30 -0.03 -0.05 0.12 0.08 -0.10 0.23*** 

-

0.00** 
0.07*** 0.01 -0.04 -0.05* 

-

0.00*

* 

-0.04 

(Group 2) (0.07) (0.16) 
(0.16

) 
(0.22) (0.07) (0.08) (0.13) (0.16) (0.10) (0.08) (0.00) (0.03) (0.03) (0.07) (0.03) (0.00) (0.03) 

Pr(y1=0, 

y2=1) 
0.07 -0.11 -0.00 -0.17** 0.02 0.04 -0.11 -0.06 0.07 

-

0.20*** 
0.00** 

-

0.06*** 
-0.01 0.02 0.04* 

0.00*

* 
0.03 

(Group 3) (0.06) (0.14) 
(0.15

) 
(0.07) (0.05) (0.08) (0.08) (0.10) (0.11) (0.06) (0.00) (0.02) (0.02) (0.07) (0.02) (0.00) (0.02) 

Pr(y1=0, 

y2=0) 
-0.06 0.08 0.16 -0.12 -0.01 -0.02 0.16 -0.01 -0.08 

-

0.20*** 
0.00 -0.00 -0.03 -0.08 -0.02 0.00 -0.02 

(Group 4) (0.05) (0.12) 
(0.13

) 
(0.12) (0.06) (0.08) (0.13) (0.13) (0.09) (0.06) (0.00) (0.02) (0.03) (0.06) (0.03) (0.00) (0.03) 

ME for the joint likelihood of a wildfire event occurring and the perceived confidence level to prepare for a disaster estimated for the Mountainous Western States (MW) 

(Model A: Part B) 

Pr(y1=1, 

y2=1) 
0.02 0.01 -0.00 0.09* 0.03 0.06** -0.02 0.17*** 0.19*** 0.25*** -0.00 -0.02 0.02 0.10 0.03 0.00 0.03 

(Group 1) (0.08) (0.03) 
(0.03

) 
(0.04) (0.03) (0.03) (0.03) (0.06) (0.05) (0.03) (0.00) (0.02) (0.03) (0.08) (0.03) (0.00) (0.03) 

Pr(y1=1, 

y2=0) 
-0.03 0.07* 0.00 0.05 

-

0.08** 
-0.04 -0.02 0.05 -0.12** 0.09*** 

-

0.00** 
0.08*** 0.01 -0.03 -0.06* 

-

0.00*

* 

-0.04 

(Group 2) (0.07) (0.04) 
(0.04

) 
(0.05) (0.03) (0.03) (0.04) (0.06) (0.05) (0.03) (0.00) (0.03) (0.03) (0.09) (0.03) (0.00) (0.04) 

Pr(y1=0, 

y2=1) 
0.07 

-

0.04* 
-0.00 -0.03 0.05** 0.03 0.01 -0.05* 0.06* 

-

0.07*** 
0.00** 

-

0.05*** 
-0.01 0.02 0.03* 

0.00*

* 
0.03 

(Group 3) (0.06) (0.02) 
(0.02

) 
(0.03) (0.02) (0.02) (0.03) (0.03) (0.04) (0.02) (0.00) (0.02) (0.02) (0.06) (0.02) (0.00) (0.02) 

Pr(y1=0, 

y2=0) 
-0.06 -0.04 -0.00 

-

0.11*** 
-0.00 -0.05 0.03 

-

0.18*** 
-0.14*** 

-

0.27*** 
0.00* -0.01 -0.03 -0.09 -0.01 0.00 -0.01 

(Group 4) (0.05) (0.03) 
(0.03

) 
(0.04) (0.03) (0.03) (0.04) (0.04) (0.04) (0.03) (0.00) (0.02) (0.03) (0.07) (0.03) (0.00) (0.03) 

ME for the joint likelihood of a wildfire event occurring and the perceived confidence level to prepare for a wildfire estimated for the Great Plains (GP) 

(Model B: Part C) 
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Variables GP 2018 2019 
Other 

Sources 

Televis

ion/ 

Radio 

Internet Print Public 
Network

s 
Exp Age Fem Own 

Other

s 
Educ 

Moin

c 
White 

Pr(y1=1, 

y3=1) 
0.01   0.22 0.01 -0.06 -0.03 -0.04 0.07 0.37*** 0.00 -0.01 0.06 -0.03 0.04 0.00 0.02 

(Group 1) (0.04)   (0.20) (0.07) (0.08) (0.11) (0.14) (0.13) (0.08) (0.00) (0.03) (0.04) (0.09) (0.03) (0.00) (0.04) 

Pr(y1=1, 

y3=0) 
-0.08*   0.06 0.00 -0.00 -0.04 0.07 -0.08 0.05 -0.00* 0.04 -0.01 -0.14* -0.03 -0.00 

-

0.10*

* 

(Group 2) (0.04)   (0.19) (0.07) (0.09) (0.12) (0.16) (0.11) (0.08) (0.00) (0.03) (0.04) (0.08) (0.04) (0.00) (0.05) 

Pr(y1=0, 

y3=1) 
0.01   -0.08 -0.00 -0.00 0.03 -0.05 0.06 -0.08 0.00* -0.03 0.01 0.14 0.02 0.00 

0.06*

* 

(Group 3) (0.03)   (0.09) (0.05) (0.07) (0.10) (0.09) (0.11) (0.05) (0.00) (0.02) (0.03) (0.11) (0.02) (0.00) (0.03) 

Pr(y1=0, 

y3=0) 
0.05   -0.21** -0.01 0.06 0.04 0.02 -0.06 

-

0.34*** 
0.00 0.00 -0.05 0.03 -0.03 0.00 0.01 

(Group 4) (0.04)   (0.10) (0.07) (0.09) (0.13) (0.14) (0.11) (0.06) (0.00) (0.03) (0.04) (0.12) (0.03) (0.00) (0.04) 

  
ME for the joint likelihood of a wildfire event occurring and the perceived confidence level to prepare for a wildfire estimated for the Mountainous Western States (MW) 

(Model B: Part D) 

Pr(y1=1, 

y3=1) 
0.01   0.12 0.00 0.09* -0.02 0.12 0.15** 0.20*** 0.00 -0.02 0.06 -0.02 0.04 0.00 0.03 

(Group 1) (0.04)   (0.09) (0.04) (0.05) (0.05) (0.08) (0.07) (0.04) (0.00) (0.03) (0.04) (0.10) (0.04) (0.00) (0.05) 

Pr(y1=1, 

y3=0) 
-0.08*   0.09 

-

0.09** 
-0.09** -0.09* 0.16** -0.09 0.07 -0.00* 0.05 -0.02 -0.17* -0.04 -0.00 

-

0.11*

* 

(Group 2) (0.04)   (0.09) (0.04) (0.05) (0.05) (0.08) (0.06) (0.04) (0.00) (0.04) (0.04) (0.09) (0.04) (0.00) (0.05) 

Pr(y1=0, 

y3=1) 
0.01   -0.07* 0.06** 0.06 0.06 

-

0.10*** 
0.04 -0.06** 0.00* -0.03 0.01 0.14 0.02 0.00 

0.06*

* 

(Group 3) (0.03)   (0.04) (0.03) (0.03) (0.04) (0.03) (0.05) (0.03) (0.00) (0.02) (0.03) (0.11) (0.02) (0.00) (0.02) 

Pr(y1=0, 

y3=0) 
0.05   

-

0.14*** 
0.03 -0.05 0.04 

-

0.18*** 
-0.10** 

-

0.20*** 
0.00 -0.00 -0.05 0.05 -0.02 0.00 0.02 

(Group 4) (0.04)   (0.05) (0.04) (0.04) (0.05) (0.04) (0.05) (0.03) (0.00) (0.03) (0.04) (0.12) (0.04) (0.00) (0.04) 

Note: Asymptotic standard errors are in parentheses. *** denotes p<0.01, ** denotes p<0.05, and * denotes p<0.1. 
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Another group of interest are respondents who perceived a high likelihood of a wildfire 

event occurring but had a low perceived confidence level to prepare for a disaster (Group 2). For 

this group, being in the GP (Part A; Table 3.9) and having prior wildfire experience were about 

23% more likely to be in this group, while information sources had no effect on the likelihood of 

being in this group in the GP. Being in MW and having experience with wildfire increased the 

likelihood of being in this group by 9% (Table 3.9, Part B). Except for networks and 

television/radio, all other information sources had no effect on being in Group 2 for MW. Access 

to information sources reduced the probability of being in this group by 12 percent and 8 percent, 

respectively. 

Group 3 in Table 3.9, Model A, shows those respondents who had a lower perceived 

likelihood of a wildfire event occurring in their local area, but have a high perceived confidence 

level to prepare for a disaster. Experience with wildfire in the past decreased the likelihood of 

being in this group by about 20% in the GP and 7% in the MW (Table 3.9, Part A and B, 

respectively). Respondents in the GP are 17% less likely to be in this group if they obtain disaster 

preparedness information from other sources, with the rest of the information sources being 

insignificant.  In the MW, television/radio, network, and public announcement had a statistically 

significant ME of being in this group. Obtaining your disaster preparedness information from the 

television/radio and the internet increased the likelihood of being in this group by 5% and 6%, 

respectively, and decreased if the information was obtained from public announcements by 5%.   

The last group, Group 4 in Table 3.9 Model A, shows those respondents who have a low 

perceived likelihood of a wildfire event occurring and a low perceived confidence level to prepare 

for a disaster. Table 3.9 Part A shows the ME for the GP, and Part B for the MW. Experience with 

wildfire in the past decreased the likelihood of being in this group by about 20% in the GP and 
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27% in the MW. In the GP, no information source had a significant effect on being in this group. 

Except for television/radio, print, and internet, receiving any other disaster preparedness 

information sources in the MW decreased the probability of being in this group compared to no 

information, and all the marginal effects are significant at a 1% level of significance. Access to 

disaster preparedness information decreases the probability of being in this group from 11 to 18 

percent for other sources, public announcement, and networks.  

Table 3.9, Part C, shows the ME for being in the GP for all the information sources and 

past experience with a wildfire for a bivariate model using the perceived likelihood of a wildfire 

event occurring and the perceived confidence level to prepare for a wildfire (Model B). Model B, 

Part D shows the MEs for the MW, with the same dependent variables as Part C. We define Group 

1 as those respondents who perceived a high likelihood of a wildfire event occurring and had a 

high perceived confidence level to prepare for a wildfire.  Past experience with wildfire increased 

the likelihood in Group 1 by 37% in the GP and 20% in MW. No information sources had a 

significant effect on being in Group 1 for the GP, but it was the internet and networks for the MW. 

Having access to disaster preparedness information in the MW from the internet and networks 

increased the probability of being in Group 1 by 9% and 15%, respectively.  

Group 2 Model B are those respondents who perceived a high likelihood of a wildfire event 

occurring but had a low perceived confidence level to prepare for a wildfire. Past experience with 

wildfire had no effect on the likelihood of being in this group for both the GP and MW (Table 3.9, 

Part C and Part D, respectively). Information on disaster preparedness still had no effect on being 

in this group in the GP, but it was significant for some information sources in the MW. Access to 

information sources in the MW from public announcements increased the likelihood of being in 
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this group by 16%, but it decreased by 9% if the information was obtained from television/radio, 

internet, or print. 

The third group, Group 3, were respondents who had a lower perceived likelihood of a 

wildfire event occurring in their local area but had a high perceived confidence level to prepare for 

a wildfire (Table 3.9; Model B). Part C shows the ME for the GP, and Part D for the MW. Past 

experience with a wildfire decreased the likelihood of being in this group by 6% in the MW but 

was insignificant for the GP. Information sources still had no effect on being in this group for the 

GP. However, in the MW access of information from other sources and public announcements 

decreased the likelihood of being in this group by 7% and 10%, respectively and increased the 

likelihood of being in this group by 6% if the information was obtained from television/radio. 

The final group, Group 4 in Table 3.9, Model B, consists of respondents who have a low 

perceived likelihood of a wildfire event occurring and a low perceived confidence level to prepare 

for a wildfire. The ME are shown in Part C for the GP and Part D for the MW. Past experience 

with a wildfire decreased the likelihood of being in this Group by 34% in the GP and 20% in the 

MW. Only information from other sources decreased the likelihood of being in this group by 21% 

for the GP. For the MW, information sources from the networks, other sources, and public 

announcements negatively influenced the likelihood of being in this group. The associated MEs 

were 10%, 14%, and 18%, respectively. 

In addition to perceptions about wildfire occurrence, demographic variables that 

significantly influenced the perceived confidence level to prepare for a disaster were college 

degree (+) and race (-). For the perceived confidence level to prepare for a wildfire, although 

previous wildfire experience had a significant and positive effect, there was no significant 



171 

 

difference between the MW and GP. None of the demographic variables had a significant effect 

on the perceived confidence level to prepare for a wildfire. 

4.4 Discussion  

There was no real difference between respondents in the GP and MW with respect to the stated 

levels of perceived level of wildfire and disaster preparedness or the perceived confidence level to 

prepare for a wildfire or disaster. This was an unexpected finding since much of the focus on 

wildfires has been on the MW region. Overall, about 45% to 46% of households perceived they 

were in the highest preparedness category for wildfire and disaster preparedness. This is greater 

than the third of households in general that are prepared for a disaster in the U.S. as indicated in 

the literature. This higher preparedness may result from surveying households in areas with high 

wildfire risk, so there may be some sample selection biasing this estimate upwards. Yet, there still 

exists room for improvement. Only 39% and 43% of respondents indicated that they were 

confident that they were prepared for a disaster or wildfire, respectively.    

Approximately 48% of respondents in the GP indicated they did not use any of the information 

sources examined, compared with 27% in the MW. The low number of respondents that have used 

the different information sources, ranging from 8% to 41% for disaster preparedness information, 

indicates a strong opportunity to further improve education and outreach for wildfire and disaster 

preparedness. Internet, print, networks, public announcement, and other sources (email, billboards, 

reverse 911, amongst other sources) increased the perceived level of wildfire and disaster 

preparedness. However, television/ radio had a positive effect on only the perceived level of 

wildfire preparedness, and this may be due to television and radio providing real-time information 

when an area is faced with or threatened by a specific disaster, such as wildfire. In the MW, the 

public announcements, networks, internet, print, and other sources increased the perceived level 
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of disaster preparedness to the highest preparedness category of preparedness by 32%, 16%, 12%, 

9%, and 9%, respectively. This may arise due to the significant efforts from both experts and non-

expert sources across multiple information sources about wildfire risk in fire-prone areas in the 

MW region (Brenkert‐Smith et al. 2013). But for the GP, only the internet and networks increased 

the perceived level of disaster preparedness to the highest preparedness category by 17% and 26%, 

respectively, and decreased by 24% if the information was obtained from public announcements. 

Using the adoption of defensible space as an example of wildfire preparedness, only access to 

information from networks increased the adoption of defensible space by 33% in the GP and in 

the MW, public announcement and other sources increased the adoption of defensible space by 

16% and 12%, respectively. These findings may show the effect of the disparity in the allocation 

of disaster resources, as households in GP states need to invest time and effort to look for 

information that may not be readily available. The negative effect of the public announcement was 

unexpected, and the reason may be a lack of trust due to a lack of sufficient funding to organize 

program on disaster preparedness for the public in the GP, building trust among the community 

members. For example, a study by Boland et al. (2025) in North and South Dakota found that 

ranching landowners did not trust information from the USDA Forest Service. McCaffrey (2015) 

attributes that a pathway to increase wildfire preparedness across geographic areas and households 

is to facilitate the development of relationships among community members within themselves 

and with fire personnel through encouraging information exchange, which should take into account 

the local knowledge and context. This would further build on the positive influence of networks, 

as well. It is important to contextually tailor wildfire information outreach approaches since fire 

behavior varies across local, spatial, and temporal scales (McCaffrey et al. 2020). 
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Disaster preparedness information from the internet and networks also changes the perceived 

confidence level to prepare for a wildfire or disaster. However, information sources from 

television/radio and public announcements only significantly influenced the perceived confidence 

level to prepare for a disaster. It may be that information sources from television/radio and public 

announcements provide disaster preparedness information when a wildfire event is imminent, and 

this may not provide enough time to prepare for a wildfire event, hence the insignificant effect on 

the perceived confidence level to prepare for a wildfire. Looking at the ME of information sources, 

we see that respondents who receive disaster preparedness information from the internet and 

networks were more likely to belong to the group who perceived a high likelihood of a wildfire 

event occurring and had a high perceived confidence level to prepare for a wildfire or disaster only 

for MW, but the effect was insignificant for GP. The ME ranged between 6% and 19%. The 

insignificant effect of information sources on the GP may be due to limited information sources in 

the GP. 

Prior wildfire experience played a significant role in the perceived level of wildfire and 

disaster preparedness irrespective of the region, but the effect was much higher on the perceived 

level of wildfire preparedness compared to the perceived level of disaster preparedness. As 

expected, wildfire experience also had a statistically significant influence on the perceived 

confidence level to prepare for a wildfire or disaster. The perceived confidence level to prepare for 

a disaster was not significantly correlated with the perceived likelihood of a wildfire event 

occurring in a respondent’s local area, but it was significant for the perceived confidence level to 

prepare for a wildfire and the perceived likelihood of a wildfire event occurring. ME for both the 

bivariate probit model indicate that previous wildfire experience influences the likelihood of a 

respondent being in the group that perceived a high likelihood of another wildfire occurring in 
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their local area and having a high perceived confidence level to prepare for a wildfire or disaster,  

irrespective of the region. Other studies have shown that confidence levels increase with exposure 

to wildfire (Adhikari et al. 2023; Paveglio et al. 2015; Wilson et al. 2011). Studies have also shown 

that experience with wildfire can influence the adoption of wildfire mitigation practices (T.K. 

McGee 2011; Jarrett et al. 2009; Paveglio et al. 2015; Winter and Fried 2000). The perceived 

confidence level to prepare for a disaster depends on experience in containing wildfires. People 

can lose their perceived confidence level to prepare for a disaster if they experience a loss of 

property (Winter and Fried 2000; Tara K. McGee et al. 2009; Tara K. McGee and Russell 2003). 

Given these findings, using the appropriate information channel may increase confidence in 

disaster preparedness among community members who have been faced with wildfires and belief 

they are at risk of future wildfires. The government just needs to invest resources in disaster 

education using the region-specific information channel that has an impact on disaster 

preparedness.  

A strong takeaway from our findings is that we need to continue to utilize more than one 

information source and pathways to improve wildfire and disaster preparedness and confidence, 

both in the GP and MW regions of the U.S. Access to wildfire information through different 

sources is important for exposure to different wildfire mitigation strategies (Mccaffrey 2004). 

More diverse sources can provide more specialized wildfire information, enhancing the adoption 

of wildfire mitigation and preparedness strategies (Brenkert-Smith et al. 2012) and influencing 

how much is invested in wildfire suppression in a region (G. H. Donovan et al. 2011; Eisensee and 

Stromberg 2007). When advocating for the uptake of disaster preparedness and mitigation 

strategies, the networks play a strong role in the GP and public announcements in the MW. In 

addition, we need to ensure that adequate resources are available to fund needed sources of 
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information, such as using the internet to broadcast disaster preparedness information, which may 

be a major source of disaster preparedness information in more rural communities. There is also a 

need for the government to build trust in the GP; without building the trust level, investment in 

educating the public about disaster preparedness through public announcements may not positively 

influence disaster preparedness. Research has shown that successful implementation of mitigation 

practices by a municipality requires sufficient funds, public, community leaders, and political 

support; taking advantage of windows of opportunity during wildfire outbreaks; and having 

different partnerships and collaborations for promotion and adoption of mitigation practices 

(Labossière and McGee 2017). Lastly, disaster preparedness information will only play a crucial 

role in shaping perceptions about the perceived confidence level to prepare for a disaster if 

households believe a future wildfire is imminent.  

All the demographic variables that significantly affected the perceived level of wildfire and 

disaster preparedness were all positive. The significant variables were college degree and age for 

the perceived level of wildfire preparedness, and only age for the perceived level of disaster 

preparedness. Except for gender and college degree, all other demographic variables had no 

significant effect on the perceived confidence level to prepare for a disaster, while none of the 

demographic variables influenced the perceived confidence level to prepare for a wildfire. Muller 

and Schulte (2011) found no significant difference in housing tenure in determining wildfire 

preparedness, similar to what we observed in our study. The positive influence of education on 

wildfire mitigation practices has also been documented in the literature (Richmond 2021; Muller 

and Schulte 2011; Rivera 2021; Brenkert-Smith et al. 2012). Previous studies have also found that 

the perceived level of disaster preparedness is influenced by income and race, which was not 

observed in our study (Lindell and Prater 2000; Rivera 2021; Rao et al. 2022).  
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4.5. Limitations and Future Research 

The study does have a number of limitations. First, we used an existing survey dataset from 

FEMA. The dataset does not provide detailed information on experiences with wildfires that would 

further help refine our analyses. The surveys do not indicate how often a household has 

experienced a wildfire or the type and amount of loss experienced. Previous studies have shown 

that wildfire preparedness depends on how many times a household has experienced a wildfire and 

the type of loss (Adhikari et al. 2023; Paveglio et al. 2015; Wilson et al. 2011; Winter and Fried 

2000; Tara K. McGee et al. 2009; Tara K. McGee and Russell 2003). We expect a difference in 

the perceived level of wildfire and disaster preparedness and the perceived confidence level to 

prepare for a wildfire or disaster in households that have experienced a loss of life or financial loss 

compared to those households that have not incurred any type of loss.  

The surveys also had little to no information on the various disaster mitigation practices 

households may have adopted based on each disaster preparedness information source. Knowing 

the number of disaster mitigation practices adopted and how their adoption is influenced by 

different information sources would be an important area of study. We observe significant findings 

of the effect of information sources on the perceived level of wildfire and disaster preparedness. 

However, we cannot tell if it is from the communication channel or the content of the information 

received and in cases where we have two sources of information, we do not know which source 

warrants them to take action. There is a need for evidence and causal based research that quantifies 

the effectiveness of each disaster preparedness information on the preparedness level (Clay et al. 

2020).  

Further research should incorporate the beliefs and attitudes on disaster preparedness and 

measure the trust levels of the alternative communication channels, which will further refine the 
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study. Studies have shown that perceptions about wildfires affect preparedness levels, whether it 

is controllable, uncontrollable or random (Winter and Fried 2000; Tara K. McGee and Russell 

2003). There is also a need to study the effectiveness of alternative disaster communication 

channels based on rural and urban areas, which was not feasible in our study. A study by Okeukwu-

Ogbonnaya et al. (2024) shows that the diffusion time of disaster preparedness information varies 

among different community types, i.e. rural, urban, and suburban areas, and we expect that the 

effect of communication channels will also vary. 

5. Conclusion 

Increased wildfire incidents in the western USA have become a significant and economically 

damaging yearly occurrence. Much of the focus on wildfires has been at the wildland-urban 

interface and in the mountainous west of the U.S., both by the government and in scholarly work; 

however, a relatively small share of this has been in the grassland-dominated regions of the Great 

Plains (GP). It is important to emphasize that there exists a disparity in the allocation of disaster 

funding and preparedness at the community level, as well as in wildfire characteristics between 

the GP and mountainous western regions (MW) of the U.S. Differences can also occur due to 

information availability, regional and time-specific factors, and wildfire experiences. This study 

adds to current research efforts by examining the influence of alternative information sources on 

the perceived level of wildfire and disaster preparedness of households between two different 

regions of the western U.S. that face high wildfire risk, using a 3-year wildfire-specific survey data 

set (2018-2020) from the Federal Emergency Management Agency (FEMA).  

We find no significant difference in the perceived level of wildfire and disaster 

preparedness or the perceived confidence level to prepare for a wildfire or disaster among 
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households in GP compared to the MW. However, prior experience with wildfire and some of the 

disaster preparedness information sources play a significant role in shaping the perceived level of 

wildfire and disaster preparedness and the perceived confidence level to prepare for a wildfire or 

disaster. Influences are region-specific. The effect of prior wildfire experience on the perceived 

level of disaster preparedness and the perceived confidence level to prepare for a wildfire or 

disaster was positive and much higher in MW than in GP for only the perceived confidence level 

to prepare for a disaster. Public announcements were the strongest source of information in 

increasing disaster preparedness to the highest preparedness category in the MW, but the network 

served as the strongest information source for the GP. The same was observed for the effect of 

information sources on the adoption of defensible space. In order to have more impact on disaster 

preparedness, more than one region-specific information source should be used, and there is a need 

for mobilizing disaster resources, especially in regions that are faced with limited resources. 

Understanding the region-specific trends and significant information sources is critical to shaping 

future marketing, outreach and education efforts to enhance household disaster preparedness and 

response, especially for wildfires.  



179 

 

References  

Abatzoglou, J. T., D. J. McEvoy, and K. T. Redmond. 2025. “The West Wide Drought Tracker: 

Drought Monitoring at Fine Spatial Scales.” https://wrcc.dri.edu/wwdt/about.php. 

Abatzoglou, John T., and A. Park Williams. 2016. “Impact of Anthropogenic Climate Change on 

Wildfire across Western US Forests.” Proceedings of the National Academy of Sciences 

113 (42): 11770–75. https://doi.org/10.1073/pnas.1607171113. 

Abdullah, Sabah, and Petr Mariel. 2010. “Choice Experiment Study on the Willingness to Pay to 

Improve Electricity Services.” Energy Policy 38 (8): 4570–81. 

https://doi.org/10.1016/j.enpol.2010.04.012. 

Abe, Naohito. 2025. “Introduction to Standard Indices.” In Price Index Numbers, by Naohito 

Abe. Springer Texts in Business and Economics. Springer Nature Singapore. 

https://doi.org/10.1007/978-981-97-6305-4_3. 

Abunyewah, Matthew, Thayaparan Gajendran, Kim Maund, and Seth Asare Okyere. 2020. 

“Strengthening the Information Deficit Model for Disaster Preparedness: Mediating and 

Moderating Effects of Community Participation.” International Journal of Disaster Risk 

Reduction 46 (June): 101492. https://doi.org/10.1016/j.ijdrr.2020.101492. 

Adame, Bradley J., and Claude H. Miller. 2014. “Vested Interest, Disaster Preparedness, and 

Strategic Campaign Message Design.” Health Communication 30 (3): 271–81. 

https://doi.org/10.1080/10410236.2013.842527. 

Adhikari, Saroj, Omkar Joshi, Michael G. Sorice, and Samuel D. Fuhlendorf. 2023. “Factors 

Affecting the Adoption of Patch-Burn Grazing in the Southern Great Plains in the US.” 

Land Use Policy 125 (February): 106458. 

https://doi.org/10.1016/j.landusepol.2022.106458. 

Ali, Rafal, Ikramullah Khosa, Ammar Armghan, et al. 2022. “Financial Hazard Prediction Due 

to Power Outages Associated with Severe Weather-Related Natural Disaster Categories.” 

Energies 15 (24): 9292. https://doi.org/10.3390/en15249292. 

Allen, Arthur W., and Mark W. Vandever. 2003. A National Survey of Conversation Reserve 

Program (CRP) Participants on Environmental Effects,Wildlife Issues, and Vegetation 

Management on Program Lands. Biological Science Report, USGS/BRD/BSR--2003-

0001. 

Amador, Francisco Javier, Rosa Marina González, and Francisco Javier Ramos-Real. 2013. 

“Supplier Choice and WTP for Electricity Attributes in an Emerging Market: The Role of 

Perceived Past Experience, Environmental Concern and Energy Saving Behavior.” 

Energy Economics 40 (November): 953–66. https://doi.org/10.1016/j.eneco.2013.06.007. 



180 

 

An, Hyunjin, Jianbang Gan, and Sung Cho. 2015. “Assessing Climate Change Impacts on 

Wildfire Risk in the United States.” Forests 6 (12): 3197–211. 

https://doi.org/10.3390/f6093197. 

Anderson, Bruce E., and James L. Stubbendieck. 2006. “Conducting a Prescribed Burn on 

Warm-Season Grass CRP Sites.” Nebraska Forest Service 22. 

https://digitalcommons.unl.edu/cgi/viewcontent.cgi?article=1021&context=nebforestpubs

. 

Andresen, Adam X., Liza C. Kurtz, David M. Hondula, Sara Meerow, and Melanie Gall. 2023. 

“Understanding the Social Impacts of Power Outages in North America: A Systematic 

Review.” Environmental Research Letters 18 (5): 053004. https://doi.org/10.1088/1748-

9326/acc7b9. 

Appleby-Arnold, Sandra, Noellie Brockdorff, and Celia Callus. 2021. “Developing a ‘Culture of 

Disaster Preparedness’: The Citizens’ View.” International Journal of Disaster Risk 

Reduction 56 (April): 102133. https://doi.org/10.1016/j.ijdrr.2021.102133. 

Aragon, Nazli Uludere, Tyler J. Lark, David E. Naugle, and D. Morford. 2025. “Enhancing 

Conservation Reserve Program Outcomes Through Durability-Informed.” Paper 

presented at AAEA & WAEA Joint Annual Meeting, Denver, CO, USA. 

Armstrong, Cory L., Jason A. Cain, and Jue Hou. 2021. “Ready for Disaster: Information 

Seeking, Media Influence, and Disaster Preparation for Severe Weather Outbreaks.” 

Atlantic Journal of Communication 29 (3): 121–35. 

https://doi.org/10.1080/15456870.2020.1731512. 

Asioli, D., T. Næs, A. Øvrum, and V. L. Almli. 2016. “Comparison of Rating-Based and Choice-

Based Conjoint Analysis Models. A Case Study Based on Preferences for Iced Coffee in 

Norway.” Food Quality and Preference 48 (March): 174–84. 

https://doi.org/10.1016/j.foodqual.2015.09.007. 

Atkinson, Lorilie M., Rebecca J. Romsdahl, and Michael J. Hill. 2011. Future Participation in 

the Conservation Reserve Program in North Dakota. 

Baarsma, Barbara E., and J. Peter Hop. 2009. “Pricing Power Outages in the Netherlands☆.” 

Energy 34 (9): 1378–86. https://doi.org/10.1016/j.energy.2009.06.016. 

Baik, Sunhee, Alexander L. Davis, and M. Granger Morgan. 2018. “Assessing the Cost of Large‐

Scale Power Outages to Residential Customers.” Risk Analysis 38 (2): 283–96. 

https://doi.org/10.1111/risa.12842. 

Baik, Sunhee, Alexander L. Davis, Jun Woo Park, Selin Sirinterlikci, and M. Granger Morgan. 

2020. “Estimating What US Residential Customers Are Willing to Pay for Resilience to 

Large Electricity Outages of Long Duration.” Nature Energy 5 (3): 250–58. 

https://doi.org/10.1038/s41560-020-0581-1. 



181 

 

Barnes, J. C., and A. A. Dayer. 2021. Exploring Post-CRP Decision-Making in the Southern 

Great Plains. Virginia Tech. 

Barnes, J. C., A. A. Dayer, A. R. Gramza, M. Sketch, A. M. Dwyer, and R. Iovanna. 2023. 

“Pathways to Conservation Persistence: Psychosocial Drivers of Durable Grasslands 

Following the Conservation Reserve Program.” Journal of Soil and Water Conservation 

78 (6): 486–99. https://doi.org/10.2489/jswc.2023.00215. 

Barnes, J. C., Mary Sketch, Ashley R. Gramza, Michael G. Sorice, Rich Iovanna, and Ashley A. 

Dayer. 2020. “Land Use Decisions after the Conservation Reserve Program: Re‐

enrollment, Reversion, and Persistence in the Southern Great Plains.” Conservation 

Science and Practice 2 (9): e254. https://doi.org/10.1111/csp2.254. 

Basolo, Victoria, Laura J. Steinberg, Raymond J. Burby, Joyce Levine, Ana Maria Cruz, and 

Chihyen Huang. 2009. “The Effects of Confidence in Government and Information on 

Perceived and Actual Preparedness for Disasters.” Environment and Behavior 41 (3). 

Beatty, Timothy K. M., Jay P. Shimshack, and Richard J. Volpe. 2019. Disaster Preparedness 

and Disaster Response: Evidence from Sales of Emergency Supplies Before and After 

Hurricanes. 

Becker, Douglas A., Alexander Maas, Jude Bayham, and James Crooks. 2022. “The Unintended 

Benefits of the Conservation Reserve Program for Air Quality.” GeoHealth 6 (10): 

e2022GH000648. https://doi.org/10.1029/2022GH000648. 

Berger, Heidi, Clinton K. Meyer, Anna Mummert, et al. 2020. “Land Use Dynamics within the 

Tallgrass Prairie Ecosystem: The Case for the Conservation Reserve Program (CRP).” 

Theoretical Ecology 13 (3): 289–300. https://doi.org/10.1007/s12080-020-00452-z. 

Bergtold, Jason S., Marcelus M. Caldas, Audrey Joslin, and Mariam Gharib. 2024. “Wildfire 

across Agricultural Landscapes: Farmer and Rancher Experiences and Perceptions in the 

Southern Great Plains.” Environmental Hazards 23 (4): 364–89. 

https://doi.org/10.1080/17477891.2024.2304201. 

Bhatia, Mikul, and Niki Angelou. 2015. Beyond Connections: Energy Access Redefined. World 

Bank. 

Bigelow, Daniel, Roger Claassen, Daniel Hellerstein, Vince Breneman, Ryan Williams, and 

Chengxia You. 2020. “The Fate of Land in Expiring Conservation Reserve Program 

Contracts, 2013-16.” U.S. Department of Agriculture, Economic Research Service, 

Washington, D.C., USA. 

Blass, Asher A., Saul Lach, and Charles F. Manski. 2010. “USING ELICITED CHOICE 

PROBABILITIES TO ESTIMATE RANDOM UTILITY MODELS: PREFERENCES 

FOR ELECTRICITY RELIABILITY*: Using Elicited Choice Probabilities.” 

International Economic Review 51 (2): 421–40. https://doi.org/10.1111/j.1468-

2354.2010.00586.x. 



182 

 

Blocksome, Carolyn E., Rodney D. Jones, Kevin L. Herbel, and Walter H. Fick. 2008. “Decision 

Considerations for Expiring CRP Contracts.” K-state Research and Extension. 

Bohman, Angelena D., Ahmed Abdulla, and M. Granger Morgan. 2022. “Individual and 

Collective Strategies to Limit the Impacts of Large Power Outages of Long Duration.” 

Risk Analysis 42 (3): 544–60. https://doi.org/10.1111/risa.13765. 

Boland, Kaylee, Devan Allen McGranahan, Benjamin Geaumont, Carissa L. Wonkka, Jacqueline 

P. Ott, and Urs P. Kreuter. 2025. “Perceptions of Prescribed Fire Among Ranchers near 

Northern US National Grasslands.” Fire 8 (3): 102. https://doi.org/10.3390/fire8030102. 

Botts, Howard, Wei Du, Thomas Jeffery, Steven Kolk, Zachary Pennycook, and Logan Suhr. 

2013. CoreLogic Wildfire Hazard Risk Report: Residential Wildfire Exposure Estimates 

for the Western United States. 

Breit, Johannes, Satoru Komatsu, Shinji Kaneko, and Partha Pratim Ghosh. 2016. “Evaluating 

Households’ Preferences Regarding Reducing Power Outages in Rural Areas: Cases in 

the Ganges Floodplain in Bangladesh.” Environment, Development and Sustainability 18 

(1): 73–94. https://doi.org/10.1007/s10668-015-9624-3. 

Brenkert-Smith, Hannah, Patricia A. Champ, and Nicholas Flores. 2012. “Trying Not to Get 

Burned: Understanding Homeowners’ Wildfire Risk–Mitigation Behaviors.” 

Environmental Management 50 (6): 1139–51. https://doi.org/10.1007/s00267-012-9949-

8. 

Brenkert‐Smith, Hannah, Katherine L. Dickinson, Patricia A. Champ, and Nicholas Flores. 2013. 

“Social Amplification of Wildfire Risk: The Role of Social Interactions and Information 

Sources.” Risk Analysis 33 (5): 800–817. https://doi.org/10.1111/j.1539-

6924.2012.01917.x. 

Brown, David P., and Lucija Muehlenbachs. 2024. “The Value of Electricity Reliability: 

Evidence from Battery Adoption.” Journal of Public Economics 239 (November): 

105216. https://doi.org/10.1016/j.jpubeco.2024.105216. 

Brusentsev, Vera, and Wayne Vroman. 2017. Disasters in the United States: Frequency, Costs, 

and Compensation. W.E. Upjohn Institute. https://doi.org/10.17848/9780880995245. 

Buettner, William, and Courtney Schultz. 2024. “Governing Across Jurisdictions in Post-

Wildfire Response and Recovery: An Analysis of the 2022 Hermit’s Peak Calf Canyon 

Wildfire.” Preprint, SSRN. https://doi.org/10.2139/ssrn.4985328. 

Butsic, Van, Maggi Kelly, and Max Moritz. 2015. “Land Use and Wildfire: A Review of Local 

Interactions and Teleconnections.” Land 4 (1): 140–56. 

https://doi.org/10.3390/land4010140. 

Caldas, Marcellus M., Jason S. Bergtold, Audrey Joslin, Helene Avocat, and D. Twidwell. 2026. 

“Escalating Impacts from Megafires in Agricultural Landscapes of the Southern Great 

Plains.” Unpublished manuscript. Kansas State University, March. 



183 

 

Caldas, Marcellus M., Jason S. Bergtold, Jeffrey M. Peterson, and Dietrich H. Earnhart. 2016. 

“Land-Use Choices: The Case of Conservation Reserve Program (CRP) Re-Enrollment in 

Kansas, USA.” Journal of Land Use Science 11 (5): 579–94. 

https://doi.org/10.1080/1747423X.2016.1215563. 

California Soil Resource Lab. 2025. “Soil Properties.” UC Davis. 

https://casoilresource.lawr.ucdavis.edu/soil-properties/download.php. 

Calkin, David E., Jack D. Cohen, Mark A. Finney, and Matthew P. Thompson. 2014. “How Risk 

Management Can Prevent Future Wildfire Disasters in the Wildland-Urban Interface.” 

Proceedings of the National Academy of Sciences 111 (2): 746–51. 

https://doi.org/10.1073/pnas.1315088111. 

Calkin, David E., Matthew P. Thompson, and Mark A. Finney. 2015. “Negative Consequences 

of Positive Feedbacks in US Wildfire Management.” Forest Ecosystems 2 (1): 9. 

https://doi.org/10.1186/s40663-015-0033-8. 

Call, David A. 2010. “Changes in Ice Storm Impacts over Time: 1886–2000.” Weather, Climate, 

and Society 2 (1): 23–35. https://doi.org/10.1175/2009WCAS1013.1. 

Campbell, Richard J. 2012. Weather-Related Power Outages and Electric System Resiliency. 

Canales, Elizabeth, Jason S. Bergtold, and Jeffery R. Williams. 2020. “Conservation Practice 

Complementarity and Timing of On‐farm Adoption.” Agricultural Economics 51 (5): 

777–92. https://doi.org/10.1111/agec.12591. 

Carlsson, Fredrik, Eyoual Demeke, Peter Martinsson, and Tewodros Tesemma. 2020. “Cost of 

Power Outages for Manufacturing Firms in Ethiopia: A Stated Preference Study.” Energy 

Economics 88 (May): 104753. https://doi.org/10.1016/j.eneco.2020.104753. 

Carlsson, Fredrik, Peter Frykblom, and Carolina Liljenstolpe. 2003. “Valuing Wetland 

Attributes: An Application of Choice Experiments.” Ecological Economics 47 (1): 95–

103. https://doi.org/10.1016/j.ecolecon.2002.09.003. 

Carlsson, Fredrik, and Peter Martinsson. 2007. Willingness to Pay among Swedish Households to 

Avoid Power Outages: A Random Parameter Tobit Model Approach. 

Carlsson, Fredrik, Peter Martinsson, and Alpaslan Akay. 2011. “The Effect of Power Outages 

and Cheap Talk on Willingness to Pay to Reduce Outages.” Energy Economics 33 (5): 

790–98. https://doi.org/10.1016/j.eneco.2011.01.004. 

Carmo, Miguel, Francisco Moreira, Pedro Casimiro, and Pedro Vaz. 2011. “Land Use and 

Topography Influences on Wildfire Occurrence in Northern Portugal.” Landscape and 

Urban Planning 100 (1–2): 169–76. https://doi.org/10.1016/j.landurbplan.2010.11.017. 

Carney, Clint P., Courtney A. Schultz, and Michelle S. Greiner. 2025. “Complexities in Post-

Wildfire Governance: Lessons from Colorado’s 2020 Wildfires.” Fire Ecology 21 (1): 4. 

https://doi.org/10.1186/s42408-024-00344-1. 



184 

 

Casey, Joan A., Mihoka Fukurai, Diana Hernández, Satchit Balsari, and Mathew V. Kiang. 2020. 

“Power Outages and Community Health: A Narrative Review.” Current Environmental 

Health Reports 7 (4): 371–83. https://doi.org/10.1007/s40572-020-00295-0. 

Census Bureau’s Population Estimates Program (PEP). 2025. “Population and Housing Unit 

Estimates.” https://www2.census.gov/programs-surveys/popest/datasets/. 

Chaudhary, Ashok Kumar, Parag Kadam, Puneet Dwivedi, et al. 2026. “Factors Affecting 

Enrollment in General Conservation Reserve Program: A Duration Analysis of Producers 

in Southern United States.” Journal of Agricultural and Applied Economics 58 (1): 63–

81. https://doi.org/10.1017/aae.2025.10021. 

Chowdhury, A. A., T. C. Mielnik, L. E. Lawion, M. J. Sullivan, and A. Katz. 2004. “Reliability 

Worth Assessment in Electric Power Delivery Systems.” IEEE Power Engineering 

Society General Meeting, 2004. 2: 654–60. https://doi.org/10.1109/PES.2004.1372892. 

Christensen, Laurits R. 1975. “Concepts and Measurement of Agricultural Productivity.” 

American Journal of Agricultural Economics 57 (5): 910–15. 

https://doi.org/10.2307/1239102. 

Ciuzio, Elizabeth, William L. Hohman, Brian Martin, et al. 2013. “Opportunities and Challenges 

to Implementing Bird Conservation on Private Lands: Bird Conservation on Private 

Land.” Wildlife Society Bulletin 37 (2): 267–77. https://doi.org/10.1002/wsb.266. 

Claassen, Roger, Andrea Cattaneo, and Robert Johansson. 2008. “Cost-Effective Design of Agri-

Environmental Payment Programs: U.S. Experience in Theory and Practice.” Ecological 

Economics 65 (4): 737–52. https://doi.org/10.1016/j.ecolecon.2007.07.032. 

Clay, Lauren A., James B. Goetschius, Mia A. Papas, Joseph Trainor, Nuno Martins, and James 

M. Kendra. 2020. “Does Preparedness Matter? The Influence of Household Preparedness 

on Disaster Outcomes During Superstorm Sandy.” Disaster Medicine and Public Health 

Preparedness 14 (1): 71–79. https://doi.org/10.1017/dmp.2019.78. 

Cohen, Jack D. 2000. “Preventing Disaster: Home Ignitability in the Wildland-Urban Interface.” 

Journal of Forestry 98 (3): 15–21. https://doi.org/10.1093/jof/98.3.15. 

Cohen, Jed J., Klaus Moeltner, Johannes Reichl, and Michael Schmidthaler. 2016. “Linking the 

Value of Energy Reliability to the Acceptance of Energy Infrastructure: Evidence from 

the EU.” Resource and Energy Economics 45 (August): 124–43. 

https://doi.org/10.1016/j.reseneeco.2016.06.003. 

Cohen, Jed, Klaus Moeltner, Johannes Reichl, and Michael Schmidthaler. 2017. “Effect of 

Global Warming on Willingness to Pay for Uninterrupted Electricity Supply in European 

Nations.” Nature Energy 3 (1): 37–45. https://doi.org/10.1038/s41560-017-0045-4. 

Cohen, Jed, Klaus Moeltner, Johannes Reichl, and Michael Schmidthaler. 2018. “Valuing 

Electricity-Dependent Infrastructure: An Essential-Input Approach.” Energy Economics 

73 (June): 258–73. https://doi.org/10.1016/j.eneco.2018.05.018. 



185 

 

Cole, Wesley, Vignesh Ramasamy, and Merve Turan. 2025. “Cost Projections for Utility-Scale 

Battery Storage: 2025 Update.” Renewable Energy. 

Collins, Christopher. 2017. “Fanning the Flames.” The Texas Observer. 

https://www.texasobserver.org/fanning-the-flames/. 

Comfort, Louise K., Kilkon Ko, and Adam Zagorecki. 2004. “Coordination in Rapidly Evolving 

Disaster Response Systems: The Role of Information.” American Behavioral Scientist 48 

(3): 295–313. https://doi.org/10.1177/0002764204268987. 

Committee on Extreme Weather Events and Climate Change Attribution, Board on Atmospheric 

Sciences and Climate, Division on Earth and Life Studies, and National Academies of 

Sciences, Engineering, and Medicine. 2016. Attribution of Extreme Weather Events in the 

Context of Climate Change. National Academies Press. https://doi.org/10.17226/21852. 

Community Wildfire Protection Plan Steering Group, and James H. Hulbert. 2007. “Gilliam 

County Community Wildfire Protection Plan.” 

Cook, Forest, and Peter Howe. 2024. “Geographic Variation in Household Disaster Preparedness 

in the United States.” Annals of the American Association of Geographers 114 (2): 314–

33. https://doi.org/10.1080/24694452.2023.2271560. 

Coppess, Jonathan. 2017. Historical Background on the Conservation Reserve Program. 

Dayer, Ashley A., Seth H. Lutter, Kristin A. Sesser, Catherine M. Hickey, and Thomas Gardali. 

2018. “Private Landowner Conservation Behavior Following Participation in Voluntary 

Incentive Programs: Recommendations to Facilitate Behavioral Persistence.” 

Conservation Letters 11 (2): e12394. https://doi.org/10.1111/conl.12394. 

De Andrade, Juliana Cunha, Élen Silveira Nalério, Citieli Giongo, Marcia Dutra De Barcellos, 

Gastón Ares, and Rosires Deliza. 2016. “Influence of Evoked Contexts on Rating-Based 

Conjoint Analysis: Case Study with Lamb Meat.” Food Quality and Preference 53 

(October): 168–75. https://doi.org/10.1016/j.foodqual.2016.06.013. 

De Nooij, Michiel, Carl Koopmans, and Carlijn Bijvoet. 2007. “The Value of Supply Security.” 

Energy Economics 29 (2): 277–95. https://doi.org/10.1016/j.eneco.2006.05.022. 

Dennison, Philip E., Simon C. Brewer, James D. Arnold, and Max A. Moritz. 2014. “Large 

Wildfire Trends in the Western United States, 1984-2011.” Geophysical Research Letters 

41 (8): 2928–33. https://doi.org/10.1002/2014GL059576. 

Deutschmann, Joshua W., Agnieszka Postepska, and Leopold Sarr. 2021. “Measuring 

Willingness to Pay for Reliable Electricity: Evidence from Senegal.” World Development 

138 (February): 105209. https://doi.org/10.1016/j.worlddev.2020.105209. 

Do, Vivian, Heather McBrien, Nina M. Flores, et al. 2023. “Spatiotemporal Distribution of 

Power Outages with Climate Events and Social Vulnerability in the USA.” Nature 

Communications 14 (1): 2470. https://doi.org/10.1038/s41467-023-38084-6. 



186 

 

Do, Vivian, Lauren B. Wilner, Nina M. Flores, Heather McBrien, Alexander J. Northrop, and 

Joan A. Casey. 2025. “Spatiotemporal Patterns of Individual and Multiple Simultaneous 

Severe Weather Events Co-Occurring with Power Outages in the United States, 2018–

2020.” PLOS Climate 4 (1): e0000523. https://doi.org/10.1371/journal.pclm.0000523. 

Donovan, Geoffrey H., Jeffrey P. Prestemon, and Krista Gebert. 2011. “The Effect of Newspaper 

Coverage and Political Pressure on Wildfire Suppression Costs.” Society & Natural 

Resources 24 (8): 785–98. https://doi.org/10.1080/08941921003649482. 

Donovan, Victoria M., Carissa L. Wonkka, and Dirac Twidwell. 2017. “Surging Wildfire 

Activity in a Grassland Biome.” Geophysical Research Letters 44 (12): 5986–93. 

https://doi.org/10.1002/2017GL072901. 

Donovan, Victoria M., Carissa L. Wonkka, David A. Wedin, and Dirac Twidwell. 2020. “Land-

Use Type as a Driver of Large Wildfire Occurrence in the U.S. Great Plains.” Remote 

Sensing 12 (11): 1869. https://doi.org/10.3390/rs12111869. 

Douglas Paton, Petra T. Bürgelt, and Tim Prior. 2008. “Living with Bushfire Risk: Social and 

Environmental Influences on Preparedness.” Australian Journal of Emergency 

Management 23 (3). 

Drummond, Mark A., Roger F. Auch, Krista A. Karstensen, Kristi L. Sayler, Janis L. Taylor, and 

Thomas R. Loveland. 2012. “Land Change Variability and Human–Environment 

Dynamics in the United States Great Plains.” Land Use Policy 29 (3): 710–23. 

https://doi.org/10.1016/j.landusepol.2011.11.007. 

Durlauf, Steven N., and Lawrence E. Blume, eds. 2008. The New Palgrave Dictionary of 

Economics: Volume 1-8. Second edition. SpringerLink Bücher. Palgrave Macmillan. 

https://doi.org/10.1007/978-1-349-58802-2. 

Edwards, B. L., N. P. Webb, D. P. Brown, et al. 2019. “Climate Change Impacts on Wind and 

Water Erosion on US Rangelands.” Journal of Soil and Water Conservation 74 (4): 405–

18. https://doi.org/10.2489/jswc.74.4.405. 

Eisensee, T., and D. Stromberg. 2007. “News Droughts, News Floods, and U. S. Disaster 

Relief.” The Quarterly Journal of Economics 122 (2): 693–728. 

https://doi.org/10.1162/qjec.122.2.693. 

Electricity Local. 2023. “Residential Electricity Rates & Consumption in Kansas.” December 8. 

https://www.electricitylocal.com/states/. 

Elmore, Dwayne, Laura Goodman, Karen Hickman, and Joy Alspach. 2023. “Options for 

Expiring Conservation Reserve Program (CRP) Land.” https://extension.okstate.edu/fact-

sheets/print-publications/nrem/options-for-expiring-conservation-reserve-program-crp-

land-nrem-9016.pdf. 

Eriksen, Christine, and Timothy Prior. 2013. “Defining the Importance of Mental Preparedness 

for Risk Communication and Residents Well-Prepared for Wildfire.” International 



187 

 

Journal of Disaster Risk Reduction 6 (December): 87–97. 

https://doi.org/10.1016/j.ijdrr.2013.09.006. 

Ermagun, Alireza, Diego Thompson, Farshid Vahedifard, and Roxane Cohen Silver. 2025. 

“Emergency Managers’ Challenges with Wildfires and Related Cascading Hazards in 

California.” Journal of Environmental Management 374 (February): 124008. 

https://doi.org/10.1016/j.jenvman.2024.124008. 

European Commission. Joint Research Centre. 2018. Societal Appreciation of Energy 

Security.Volume 1, Value of Lost Load – Households (EE, NL and PT) . Publications 

Office. https://data.europa.eu/doi/10.2760/139585. 

Executive Office of the President. 2013. Economic Benefits of Increasing Electric Grid 

Resilience to Weather Outages. 

Fan, Chao, Yucheng Jiang, and Ali Mostafavi. 2019. “Seeding Strategies in Online Social 

Networks for Improving Information Dissemination of Built Environment Disruptions in 

Disasters.” Computing in Civil Engineering 2019, June 13, 487–94. 

https://doi.org/10.1061/9780784482438.062. 

Fang, Shanmin, Jia Yang, Chris B. Zou, Erik S. Krueger, Tyson E. Ochsner, and Quan Zhang. 

2025. “Wildfire Danger under Changing Climates in the Southern Great Plains 

throughout the 21st Century.” Ecological Indicators 170 (January): 112994. 

https://doi.org/10.1016/j.ecolind.2024.112994. 

Farm Service Agency (FSA). 2025a. “Conservation Reserve Program (CRP) Statistics.” 

https://www.fsa.usda.gov/tools/informational/reports/conservation-statistics/crp. 

Farm Service Agency (FSA). 2025b. “FSA Crop Acreage Data.” 

https://www.fsa.usda.gov/tools/informational/freedom-information-act-foia/electronic-

reading-room/frequently-requested/crop-acreage-data. 

Fazeli, Sara, Milad Haghani, Mohammad Mojtahedi, and Taha H. Rashidi. 2024. “The Role of 

Individual Preparedness and Behavioural Training in Natural Hazards: A Scoping 

Review.” International Journal of Disaster Risk Reduction 105 (April): 104379. 

https://doi.org/10.1016/j.ijdrr.2024.104379. 

Federal Emergency Management Agency (FEMA). 2023. “Fema National Household Survey.” 

November 13. www.fema.gov/about/openfema/data-sets/national-household-survey. 

Federal Emergency Management Agency (FEMA). 2025. “National Household Survey.” January 

23. https://www.fema.gov/about/openfema/data-sets/national-household-survey. 

FEMA. 2019. 2019 National Household Survey Results. 

FEMA. 2020. 2020 National Household Survey. 

FEMA, and National Household Survey. 2018. FEMA National Household Survey. 



188 

 

FEMA and National Household Survey. 2025. “National Household Survey, FEMA.” Version 

v1. ICPSR - Interuniversity Consortium for Political and Social Research. 

https://doi.org/10.3886/E218642V1. 

Forest Service. U.S Department of Agriculture. n.d. “Wildfire Incidence.” Managing Fire. 

Accessed January 28, 2023. https://www.fs.usda.gov/science-technology/fire. 

Frazier, Ian. 2018. “The Day the Great Plains Burned.” The New Yorker. 

https://www.newyorker.com/magazine/2018/11/05/the-day-the-great-plains-burned. 

Friedman, Suzy. 2023. Saving Our Grasslands: Why They Matter, Why We Are Losing Them, 

and How We Can Save Them. World Wide Fund. 

Gafford, Morgan D. 2024. “There Is No More New Frontier: Analyzing Wildfire Management 

Efforts in the  United States.” Journal of Legislation 50 (2): 403–28. 

Gewin, V. L., A. C. Kennedy, R. Veseth, and B. C. Miller. 1999. Soil Quality Changes in 

Eastern Washington with Conservation Reserve Program (CRP) Take-Out. 54 (1): 432–

38. 

Gibbons, Charles, and .Sanem Sergici. 2024. Value of Lost Load Study for the ERCOT  Region. 

Electric Reliability Council of  Texas, Inc. (ERCOT). https://www.brattle.com/wp-

content/uploads/2024/09/Value-of-Lost-Load-Study-for-the-ERCOT-Region.pdf. 

Gilley, J. E., J. W. Doran, D. L. Karlen, and T. C. Kaspar. 1997. Runoff, Erosion, and Soil 

Quality Characteristics of a Former Conservation Reserve Program Site. 52 (3): 189–93. 

Giraldez Miner, Julieta I., Francisco Flores-Espino, Sara MacAlpine, and Peter Asmus. 2018. 

Phase I Microgrid Cost Study: Data Collection and Analysis of Microgrid Costs in the 

United States. NREL/TP--5D00-67821, 1477589. https://doi.org/10.2172/1477589. 

Gkritza, Konstantina. 2009. “Modeling Motorcycle Helmet Use in Iowa: Evidence from Six 

Roadside Observational Surveys.” Accident Analysis & Prevention 41 (3): 479–84. 

https://doi.org/10.1016/j.aap.2009.01.009. 

Goldschmidt, Y., G. Levkowitz, and L. Shashua. 1973. “Laspeyres Indexes for Variance 

Analysis in Cost Accounting.” American Accounting Association 48 (4): 790–93. 

Gorman, Will. 2022. “The Quest to Quantify the Value of Lost Load: A Critical Review of the 

Economics of Power Outages.” The Electricity Journal 35 (8): 107187. 

https://doi.org/10.1016/j.tej.2022.107187. 

Gorman, Will, and Duncan Callaway. 2024. “Do Notifications Affect Households’ Willingness 

to Pay to Avoid Power Outages? Evidence from an Experimental Stated-Preference 

Survey in California.” The Electricity Journal 37 (3): 107385. 

https://doi.org/10.1016/j.tej.2024.107385. 



189 

 

Gourieroux, Christian. 2000. Econometrics of Qualitative Dependent Variables. 1st ed. 

Translated by Paul B. Klassen. Cambridge University Press. 

https://doi.org/10.1017/CBO9780511805608. 

Graf, Julia, Renate Renner, and Thomas Klebel. 2026. “Bridging Warning and Adaptation 

Addressing Risk Communication Strategies for Short-Term Natural Hazard Warnings 

and Long-Term Risk Adaptation – A Scoping Review.” Progress in Disaster Science 29 

(January): 100515. https://doi.org/10.1016/j.pdisas.2026.100515. 

Green, Paul E., and V. Srinivasan. 1990. “Conjoint Analysis in Marketing Research: New 

Developments and Directions.” Journal of Marketing 54 (4): 3. 

Greene, William H. 1996. Marginal Effects in the Bivariate Probit Model. 

https://core.ac.uk/download/pdf/162459127.pdf. 

Greene, William H. 2018. Econometric Analysis. 8th Edition. Pearson Education Limited. 

Gros, Daniel F., Matthew Price, Kirstin Stauffacher Gros, Lisa A. Paul, Jenna L. McCauley, and 

Kenneth J. Ruggiero. 2012. “Relations between Loss of Services and Psychiatric 

Symptoms in Urban and Non-Urban Settings Following a Natural Disaster.” Journal of 

Psychopathology and Behavioral Assessment 34 (3): 343–50. 

https://doi.org/10.1007/s10862-012-9290-9. 

Gude, Patricia, and Ray Rasker. 2008. “Potential for Future Development on Fire-Prone Lands.” 

Journal of Forestry. 

Guo, Chunlan, Timothy Sim, and Hung Chak Ho. 2020. “Impact of Information Seeking, 

Disaster Preparedness and Typhoon Emergency Response on Perceived Community 

Resilience in Hong Kong.” International Journal of Disaster Risk Reduction 50 

(November): 101744. https://doi.org/10.1016/j.ijdrr.2020.101744. 

Guo, Ling, Mingwang Fang, Li Liu, Haiyan Chong, Wen Zeng, and Xiuying Hu. 2025. “The 

Development of Disaster Preparedness Education for Public: A Scoping Review.” BMC 

Public Health 25 (1): 645. https://doi.org/10.1186/s12889-025-21664-0. 

Haigh, Tonya, Eugene Takle, Jeffrey Andresen, Melissa Widhalm, J. Stuart Carlton, and Jim 

Angel. 2015. “Mapping the Decision Points and Climate Information Use of Agricultural 

Producers across the U.S. Corn Belt.” Climate Risk Management 7: 20–30. 

https://doi.org/10.1016/j.crm.2015.01.004. 

Hansen, LeRoy. 2007. “Conservation Reserve Program: Environmental Benefits Update.” 

Agricultural and Resource Economics Review 36 (2): 267–80. 

https://doi.org/10.1017/S1068280500007085. 

Hartman, R. S., M. J. Doane, and C. K. Woo. 1991. “Consumer Rationality and the Status Quo.” 

The Quarterly Journal of Economics 106 (1): 141–62. https://doi.org/10.2307/2937910. 



190 

 

Hayes, Michael Joseph, C. Alvord, and J. Lowrey. 2002. “Drought Indices.” National Drought 

Mitigation Center, University of Nebraska. 

Heimlich, Ralph E., and Olaf E. Kula. 1990. “Grasslands: The Future of CRP Land after 

Contracts Expire.” Journal of Production Agriculture 3 (1): 7–12. 

https://doi.org/10.2134/jpa1990.0007. 

Hellerstein, Dan, Dennis Vilorio, and Marc Ribaudo. 2019. Agricultural Resources and 

Environmental Indicators, 2019. EIB-208. U.S. Department of Agriculture, Economic 

Research Service. 

Hellerstein, Daniel, and Scott Malcolm. 2011. The Influence of Rising Commodity Prices on the 

Conservation Reserve Program. 

Hendricks, Nathan P., and Emrah Er. 2018. “Changes in Cropland Area in the United States and 

the Role of CRP.” Food Policy 75 (February): 15–23. 

https://doi.org/10.1016/j.foodpol.2018.02.001. 

Hensher, David A., John M. Rose, and William H. Greene. 2015. Applied Choice Analysis. 2nd 

ed. Cambridge University Press. https://doi.org/10.1017/CBO9781316136232. 

Hensher, David A., Nina Shore, and Kenneth Train. 2014. “Willingness to Pay for Residential 

Electricity Supply Quality and Reliability.” Applied Energy 115 (February): 280–92. 

https://doi.org/10.1016/j.apenergy.2013.11.007. 

Herkert, James R. 2009. Response of Bird Populations to Farmland Set-Aside Programs. 1036–

40. 

Hines, Paul, Jay Apt, and Sarosh Talukdar. 2009. “Large Blackouts in North America: Historical 

Trends and Policy Implications.” Energy Policy 37 (12): 5249–59. 

https://doi.org/10.1016/j.enpol.2009.07.049. 

Hodur, Nancy M., F. Larry Leistritz, and Dean A. Bangsund. 2002. Local Socioeconomic 

Impacts of The Conservation Reserve Program. 

Holden, Zachary A., Alan Swanson, Charles H. Luce, et al. 2018. “Decreasing Fire Season 

Precipitation Increased Recent Western US Forest Wildfire Activity.” Proceedings of the 

National Academy of Sciences 115 (36). https://doi.org/10.1073/pnas.1802316115. 

Holsinger, Lisa, Sean A. Parks, and Carol Miller. 2016. “Weather, Fuels, and Topography 

Impede Wildland Fire Spread in Western US Landscapes.” Forest Ecology and 

Management 380 (November): 59–69. https://doi.org/10.1016/j.foreco.2016.08.035. 

Hotaling, Chelsea, Stephen Bird, and Martin D. Heintzelman. 2021. “Willingness to Pay for 

Microgrids to Enhance Community Resilience.” Energy Policy 154 (July): 112248. 

https://doi.org/10.1016/j.enpol.2021.112248. 



191 

 

J. E. Gilley, J. W. Doran, and T. H. Dao. 1997. “Runoff, Erosion, and Soil Quality 

Characteristics of a Former Conservation Reserve Program Site in Southwestern 

Oklahoma.” Applied Engineering in Agriculture 13 (5): 617–22. 

https://doi.org/10.13031/2013.21650. 

Jacobson, Sarah. 2014. “Temporal Spillovers in Land Conservation.” Journal of Economic 

Behavior & Organization 107 (November): 366–79. 

https://doi.org/10.1016/j.jebo.2014.04.013. 

Jacobson, Susan K., Martha C. Monroe, and Susan Marynowski. 2001. “Fire at the Wildland 

Interface: The Influence of Experience and Mass Media on Public Knowledge, Attitudes, 

and Behavioral Intentions.” WIldfire Society Bulletin 29 (3): 10. 

Janssen, Larry, Nicole Klein, Gary Taylor, and Emmanuel Opoku. 2008. Conservation Reserve 

Program in South Dakota: Major Findings from 2007 Survey of South Dakota CRP 

Respondents. No. 70. Department of Economics Research Reports. South Dakota State 

University. 

Jarrett, Adam, Jianbang Gan, Cassandra Johnson, and Ian A. Munn. 2009. “Landowner 

Awareness and Adoption of Wildfire Programs in the Southern United States.” Journal of 

Forestry. 

Johnson, Kris A., Brent J. Dalzell, Marie Donahue, et al. 2016. “Conservation Reserve Program 

(CRP) Lands Provide Ecosystem Service Benefits That Exceed Land Rental Payment 

Costs.” Ecosystem Services 18 (April): 175–85. 

https://doi.org/10.1016/j.ecoser.2016.03.004. 

Jonientz-Trisler, C., R. S. Simmons, B. S. Yanagi, et al. 2025. “Planning for Tsunami-Resilient 

Communities.” Natural Hazards 35: 121–39. 

Kanakis, Katerina. 2016. Preparing for Disaster:Preparedness in a Flood and Cyclone Prone 

Community. 31 (2). 

Kenward, Alyson, and Urooj Raja. 2014. BLACKOUT: EXTREME WEATHER, CLIMATE 

CHANGE AND POWER OUTAGES. 

Keyser, Alisa, and Anthony LeRoy Westerling. 2017. “Climate Drives Inter-Annual Variability 

in Probability of High Severity Fire Occurrence in the Western United States.” 

Environmental Research Letters 12 (6): 065003. https://doi.org/10.1088/1748-

9326/aa6b10. 

Kiefer, Nicholas M. 1988. “Economic Duration Data and Hazard Functions.” Journal of 

Economic Literature 26 (2): 646–79. 

Kim, Mo Se, Byung Sung Lee, Hye Seon Lee, Seung Ho Lee, Junseok Lee, and Wonse Kim. 

2020. “Robust Estimation of Outage Costs in South Korea Using a Machine Learning 

Technique: Bayesian Tobit Quantile Regression.” Applied Energy 278 (November): 

115702. https://doi.org/10.1016/j.apenergy.2020.115702. 



192 

 

Kirschenbaum, Alan (Avi), Carmit Rapaport, and Daphna Canetti. 2017. “The Impact of 

Information Sources on Earthquake Preparedness.” International Journal of Disaster Risk 

Reduction 21 (March): 99–109. https://doi.org/10.1016/j.ijdrr.2016.10.018. 

Kolden, Crystal A., and Carol Henson. 2019. “A Socio-Ecological Approach to Mitigating 

Wildfire Vulnerability in the Wildland Urban Interface: A Case Study from the 2017 

Thomas Fire.” Fire 2 (1): 9. https://doi.org/10.3390/fire2010009. 

Kuang, Biao, Yangming Shi, Yuqing Hu, Zhaoyun Zeng, and Jianli Chen. 2024. “Household 

Energy Resilience in Extreme Weather Events: An Investigation of Energy Service 

Importance, HVAC Usage Behaviors, and Willingness to Pay.” Applied Energy 363 

(June): 123051. https://doi.org/10.1016/j.apenergy.2024.123051. 

Küfeoğlu, Sinan, and Matti Lehtonen. 2015a. “Comparison of Different Models for Estimating 

the Residential Sector Customer Interruption Costs.” Electric Power Systems Research 

122 (May): 50–55. https://doi.org/10.1016/j.epsr.2014.12.026. 

Küfeoğlu, Sinan, and Matti Lehtonen. 2015b. “Interruption Costs of Service Sector Electricity 

Customers, a Hybrid Approach.” International Journal of Electrical Power & Energy 

Systems 64 (January): 588–95. https://doi.org/10.1016/j.ijepes.2014.07.046. 

Kuhfuss, Laure, Raphaële Préget, Sophie Thoyer, Nick Hanley, Philippe Le Coent, and Mathieu 

Désolé. 2016. “Nudges, Social Norms, and Permanence in Agri-Environmental 

Schemes.” Land Economics 92 (4): 641–55. https://doi.org/10.3368/le.92.4.641. 

Kusumastuti, Ratih Dyah, A. Arviansyah, N. Nurmala, and Sigit S. Wibowo. 2021. “Knowledge 

Management and Natural Disaster Preparedness: A Systematic Literature Review and a 

Case Study of East Lombok, Indonesia.” International Journal of Disaster Risk 

Reduction 58 (May): 102223. https://doi.org/10.1016/j.ijdrr.2021.102223. 

Labossière, Léanne M. M., and Tara K. McGee. 2017. “Innovative Wildfire Mitigation by 

Municipal Governments: Two Case Studies in Western Canada.” International Journal of 

Disaster Risk Reduction 22 (June): 204–10. https://doi.org/10.1016/j.ijdrr.2017.03.009. 

LaCommare, Kristina H., and Joseph H. Eto. 2008. Tracking the Reliability of the U.S. Electric 

Power System: An Assessment of Publicly Available Information Reported to State Public 

Utility Commissions. LBNL-1092E, 941540. https://doi.org/10.2172/941540. 

LaCommare, Kristina Hamachi, Joseph H. Eto, Laurel N. Dunn, and Michael D. Sohn. 2018. 

“Improving the Estimated Cost of Sustained Power Interruptions to Electricity 

Customers.” Energy 153 (June): 1038–47. https://doi.org/10.1016/j.energy.2018.04.082. 

Lam, Rex Pui Kin, Ling Pong Leung, Satchit Balsari, et al. 2017. “Urban Disaster Preparedness 

of Hong Kong Residents: A Territory-Wide Survey.” International Journal of Disaster 

Risk Reduction 23 (August): 62–69. https://doi.org/10.1016/j.ijdrr.2017.04.008. 



193 

 

Lambert, Dayton M., Joseph T. Ripberger, Hank Jenkins-Smith, et al. 2024. “Consumer 

Willingness-to-Pay for a Resilient Electrical Grid.” Energy Economics 131 (March): 

107345. https://doi.org/10.1016/j.eneco.2024.107345. 

Lark, Tyler J., J. Meghan Salmon, and Holly K. Gibbs. 2015. “Cropland Expansion Outpaces 

Agricultural and Biofuel Policies in the United States.” Environmental Research Letters 

10 (4): 044003. https://doi.org/10.1088/1748-9326/10/4/044003. 

Lawson, Cara, Sudarshan Adhikari, Chris Gifford, and Laura Fischer. 2024. “Burning through 

Information: An Investigation of Information Sources and Information Seeking Behavior 

during 2020 Oregon Wildfires.” International Journal of Disaster Risk Reduction 113 

(October): 104841. https://doi.org/10.1016/j.ijdrr.2024.104841. 

Lawson, Cara, Whitney Stone, and Laura Morgan Fischer. 2025. “An Investigation of Oregon 

and Texas Residents’ Information Seeking and Processing Behaviors During Extreme 

Weather Events.” Journal of Applied Communications 109 (4). 

https://doi.org/10.4148/1051-0834.2621. 

Lawton, Leora, Michael Sullivan, Kent Van Liere, Aaron Katz, and Joseph Eto. 2003. A 

Framework and Review of Customer Outage Costs: Integration and Analysis of Electric 

Utility Outage Cost Surveys. LBNL--54365, 821654. https://doi.org/10.2172/821654. 

Layton, David F., and Klaus Moeltner. 2005. “The Cost of Power Outages to Heterogeneous 

Households.” In Applications of Simulation Methods in Environmental and Resource 

Economics, edited by Riccardo Scarpa and Anna Alberini, vol. 6. The Economics of 

Non-Market Goods and Resources. Springer-Verlag. https://doi.org/10.1007/1-4020-

3684-1_3. 

Li, C., J. M. Moore, V. Acosta-Martínez, L. M. Fultz, and M. Kakarla. 2022. “Conversion of 

Conservation Reserve Program Land Back to Cropland: Changes in Soil Carbon and 

Nitrogen Dynamics during the First Five Years.” Journal of Soil and Water Conservation 

77 (4): 333–46. https://doi.org/10.2489/jswc.2022.00141. 

Lindell, Michael K., Pamela Murray-Tuite, Brian Wolshon, and Earl J. Baker. 2018. Large-Scale 

Evacuation: The Analysis, Modeling, and Management of Emergency Relocation from 

Hazardous Areas. 1st ed. CRC Press. https://doi.org/10.4324/9781315119045. 

Lindell, Michael K., and Ronald W. Perry. 2000. “Household Adjustment to Earthquake Hazard: 

A Review of Research.” Environment and Behavior 32 (4): 461–501. 

https://doi.org/10.1177/00139160021972621. 

Lindell, Michael K., and Carla S. Prater. 2000. “Household Adoption of Seismic Hazard 

Adjustments: A Comparison of Residents in Two States.” International Journal of Mass 

Emergencies & Disasters 18 (2): 317–38. https://doi.org/10.1177/028072700001800203. 

Lindell, Michael K., and Carla S. Prater. 2002. “Risk Area Residents’ Perceptions and Adoption 

of Seismic Hazard Adjustments.” Journal of Applied Social Psychology 32 (11): 2377–

92. https://doi.org/10.1111/j.1559-1816.2002.tb01868.x. 



194 

 

Lindley, T. Todd, Douglas A. Speheger, Matthew A. Day, et al. 2019. “Megafires on the 

Southern Great Plains.” Journal of Operational Meteorology, November 5, 164–79. 

https://doi.org/10.15191/nwajom.2019.0712. 

Littell, Jeremy S., Donald McKenzie, David L. Peterson, and Anthony L. Westerling. 2009. 

“Climate and Wildfire Area Burned in Western U.S. Ecoprovinces, 1916–2003.” 

Ecological Applications 19 (4): 1003–21. https://doi.org/10.1890/07-1183.1. 

Lubowski, Ruben N., Andrew J. Plantinga, and Robert N. Stavins. 2008. What Drives Land-Use 

Change in the United States? A National Analysis of Landowner Decisions. 84 (4): 529–

50. 

Luo, Lifeng, Ying Tang, Shiyuan Zhong, Xindi Bian, and Warren E. Heilman. 2013. “Will 

Future Climate Favor More Erratic Wildfires in the Western United States?” Journal of 

Applied Meteorology and Climatology 52 (11): 2410–17. https://doi.org/10.1175/JAMC-

D-12-0317.1. 

Macmillan, Madeline, Kyle Wilson, Sunhee Baik, Juan Pablo Carvallo, Anamika Dubey, and 

Christine A. Holland. 2023. “Shedding Light on the Economic Costs of Long-Duration 

Power Outages: A Review of Resilience Assessment Methods and Strategies.” Energy 

Research & Social Science 99 (May): 103055. 

https://doi.org/10.1016/j.erss.2023.103055. 

Maddala, Tara, Kathryn A. Phillips, and F. Reed Johnson. 2003. “An Experiment on Simplifying 

Conjoint Analysis Designs for Measuring Preferences.” Health Economics 12 (12): 

1035–47. https://doi.org/10.1002/hec.798. 

Maduz, Linda, Tim Prior, Florian Roth, and Marco Käser. 2019. Individual Disaster 

Preparedness: Explaining Disaster-Related Information Seeking and Preparedness 

Behavior in Switzerland. With Prior, Tim and Thränert, Oliver. ETH Zurich. 

Application/pdf, 34 p. https://doi.org/10.3929/ETHZ-B-000356695. 

Mccaffrey, Sarah. 2004. “Thinking of Wildfire as a Natural Hazard.” Society & Natural 

Resources 17 (6): 509–16. https://doi.org/10.1080/08941920490452445. 

McCaffrey, Sarah. 2015. “Community Wildfire Preparedness: A Global State-of-the-Knowledge 

Summary of Social Science Research.” Current Forestry Reports 1 (2): 81–90. 

https://doi.org/10.1007/s40725-015-0015-7. 

McCaffrey, Sarah, Tara K. McGee, Michael Coughlan, and Fantina Tedim. 2020. 

“Understanding Wildfire Mitigation and Preparedness in the Context of Extreme 

Wildfires and Disasters.” In Extreme Wildfire Events and Disasters. Elsevier. 

https://doi.org/10.1016/B978-0-12-815721-3.00008-4. 

McGee, Tara K., Bonita L. McFarlane, and Jeji Varghese. 2009. “An Examination of the 

Influence of Hazard Experience on Wildfire Risk Perceptions and Adoption of Mitigation 

Measures.” Society & Natural Resources 22 (4): 308–23. 

https://doi.org/10.1080/08941920801910765. 



195 

 

McGee, Tara K., and Stefanie Russell. 2003. “‘It’s Just a Natural Way of Life…’ an 

Investigation of Wildfire Preparedness in Rural Australia.” Environmental Hazards 5 (1): 

1–12. https://doi.org/10.1016/j.hazards.2003.04.001. 

McGee, T.K. 2011. “Public Engagement in Neighbourhood Level Wildfire Mitigation and 

Preparedness: Case Studies from Canada, the US and Australia.” Journal of 

Environmental Management 92 (10): 2524–32. 

https://doi.org/10.1016/j.jenvman.2011.05.017. 

Meles, Tensay Hadush, Alemu Mekonnen, Abebe D. Beyene, et al. 2021. “Households’ 

Valuation of Power Outages in Major Cities of Ethiopia: An Application of Stated 

Preference Methods.” Energy Economics 102 (October): 105527. 

https://doi.org/10.1016/j.eneco.2021.105527. 

Michelfelder, Richard A., and Eugene A. Pilotte. 2022. “Climate Change, Extreme Winter 

Weather and Electricity Production Costs.” The Electricity Journal 35 (3): 107093. 

https://doi.org/10.1016/j.tej.2022.107093. 

Monfardini, Chiara, and Rosalba Radice. 2008. “Testing Exogeneity in the Bivariate Probit 

Model: A Monte Carlo Study.” Oxford Bulletin of Economics and Statistics 70 (2): 271–

82. https://doi.org/10.1111/j.1468-0084.2007.00486.x. 

Morefield, Philip E., Stephen D. LeDuc, Christopher M. Clark, and Richard Iovanna. 2016. 

“Grasslands, Wetlands, and Agriculture: The Fate of Land Expiring from the 

Conservation Reserve Program in the Midwestern United States.” Environmental 

Research Letters 11 (9): 094005. https://doi.org/10.1088/1748-9326/11/9/094005. 

Morrissey, Karyn, Andrew Plater, and Mary Dean. 2018. “The Cost of Electric Power Outages in 

the Residential Sector: A Willingness to Pay Approach.” Applied Energy 212 (February): 

141–50. https://doi.org/10.1016/j.apenergy.2017.12.007. 

Morton, Lois Wright, Jean M. McGuire, and Alicia D. Cast. 2017. “A Good Farmer Pays 

Attention to the Weather.” Climate Risk Management 15: 18–31. 

https://doi.org/10.1016/j.crm.2016.09.002. 

Mouser, Joshua B., Ashley A. Dayer, Serena Ciparis, Sara Bottenfield, and Paul L. Angermeier. 

2026. “Landowners’ Cognitions and Motivations Coupled with Practice Durability 

Influence Persistence in Grazing Agricultural Conservation Practices in Southwest 

Virginia.” Conservation Science and Practice 8 (2): e70201. 

https://doi.org/10.1111/csp2.70201. 

Mueller, Stephanie E., Andrea E. Thode, Ellis Q. Margolis, Larissa L. Yocom, Jesse D. Young, 

and Jose M. Iniguez. 2020. “Climate Relationships with Increasing Wildfire in the 

Southwestern US from 1984 to 2015.” Forest Ecology and Management 460 (March): 

117861. https://doi.org/10.1016/j.foreco.2019.117861. 

Mukherjee, Sayanti, Roshanak Nateghi, and Makarand Hastak. 2018. “A Multi-Hazard 

Approach to Assess Severe Weather-Induced Major Power Outage Risks in the U.S.” 



196 

 

Reliability Engineering & System Safety 175 (July): 283–305. 

https://doi.org/10.1016/j.ress.2018.03.015. 

Muller, Brian, and Stacey Schulte. 2011. “Governing Wildfire Risks: What Shapes County 

Hazard Mitigation Programs?” Journal of Planning Education and Research 31 (1): 60–

73. https://doi.org/10.1177/0739456X10395895. 

National Center for Atmospheric Research Staff (Eds). 2014. “The Climate Data Guide: Trend 

Analysis.” https://climatedataguide.ucar.edu/climate-data-tools-and-analysis/trend-

analysis. 

National Centers for Environmental Information (NCEI). 2020. Annual 2020 National Climate 

Report. National Centers for Environmental Information (NCEI). https: 

//www.ncei.noaa.gov/access/monitoring/monthly-report/national/202013#NRCC. 

National Interagency Fire Center. 2022. “National Fire News.” https://www.nifc.gov/fire-

information/nfn. 

Niroomand, Naghmeh, and Glenn P. Jenkins. 2020. “Estimation of Households’ and Businesses’ 

Willingness to Pay for Improved Reliability of Electricity Supply in Nepal.” Energy for 

Sustainable Development 55 (April): 201–9. https://doi.org/10.1016/j.esd.2020.02.006. 

Odeh, Rodrigo Pérez, and David Watts. 2019. “Impacts of Wind and Solar Spatial 

Diversification on Its Market Value: A Case Study of the Chilean Electricity Market.” 

Renewable and Sustainable Energy Reviews 111 (September): 442–61. 

https://doi.org/10.1016/j.rser.2019.01.015. 

Okeukwu-Ogbonnaya, Adaeze, George Amariucai, Balasubramaniam Natarajan, and Hyung Jin 

Kim. 2024. “Towards Quantifying the Communication Aspect of Resilience in Disaster-

Prone Communities.” Scientific Reports 14 (1): 8837. https://doi.org/10.1038/s41598-

024-59192-3. 

Ozbafli, Aygul, and Glenn P. Jenkins. 2016. “Estimating the Willingness to Pay for Reliable 

Electricity Supply: A Choice Experiment Study.” Energy Economics 56 (May): 443–52. 

https://doi.org/10.1016/j.eneco.2016.03.025. 

Pacific Gas & Electric Company. 2012. “Evaluating Electric Reliability Projects Using Value of 

Service.” 

Paveglio, Travis B., Jesse Abrams, and Autumn Ellison. 2016. “Developing Fire Adapted 

Communities: The Importance of Interactions Among Elements of Local Context.” 

Society & Natural Resources 29 (10): 1246–61. 

https://doi.org/10.1080/08941920.2015.1132351. 

Paveglio, Travis B., Cassandra Moseley, Matthew S. Carroll, Daniel R. Williams, Emily Jane 

Davis, and A. Paige Fischer. 2015. “Categorizing the Social Context of the Wildland 

Urban Interface: Adaptive Capacity for Wildfire and Community ‘Archetypes.’” Forest 

Science 61 (2): 298–310. https://doi.org/10.5849/forsci.14-036. 



197 

 

Penn, Jerrod, and Wuyang Hu. 2021. “Videos Improve Attention and Cheap Talk in Online 

Surveys.” Frontiers of Economics in China 16 (2): 347–76. 

https://doi.org/10.54605/fec20210206. 

Pepermans, Guido. 2011. “The Value of Continuous Power Supply for Flemish Households.” 

Energy Policy 39 (12): 7853–64. https://doi.org/10.1016/j.enpol.2011.09.032. 

Petkova, Elisaveta P., Jeffrey Schlegelmilch, Jonathan Sury, et al. 2016. The American 

Preparedness Project: Where the US Public Stands in 2015. 

https://doi.org/10.7916/D84Q7TZN. 

Poortinga, Wouter, Linda Steg, Charles Vlek, and Gerwin Wiersma. 2003. “Household 

Preferences for Energy-Saving Measures: A Conjoint Analysis.” Journal of Economic 

Psychology 24 (1): 49–64. https://doi.org/10.1016/S0167-4870(02)00154-X. 

Prior, Tim, and Christine Eriksen. 2013. “Wildfire Preparedness, Community Cohesion and 

Social–Ecological Systems.” Global Environmental Change 23 (6): 1575–86. 

https://doi.org/10.1016/j.gloenvcha.2013.09.016. 

PRISM. 2025. “PRISM Weather Data.” https://www.prism.oregonstate.edu/. 

Race, Digby, and Allan Curtis. 2013. “Reflections on the Effectiveness of Market-Based 

Instruments to Secure Long-Term Environmental Gains in Southeast Australia: 

Understanding Landholders’ Experiences.” Society & Natural Resources 26 (9): 1050–

65. https://doi.org/10.1080/08941920.2013.779338. 

Radeloff, Volker C., Miranda H. Mockrin, David Helmers, et al. 2023. “Rising Wildfire Risk to 

Houses in the United States, Especially in Grasslands and Shrublands.” Science 382 

(6671): 702–7. https://doi.org/10.1126/science.ade9223. 

Ramsey, Steven M., Jason S. Bergtold, Elizabeth Canales, and Jeffrey R. Williams. 2019. 

“Effects of Farmers’ Yield-Risk Perceptions on Conservation Practice Adoption in 

Kansas.” Journal of Agricultural and Resource Economics, 24. 

Ramsey, Steven M., Jason S. Bergtold, and Jessica L. Heier Stamm. 2021. “Field‐Level Land‐

Use Adaptation to Local Weather Trends.” American Journal of Agricultural Economics 

103 (4): 1314–41. https://doi.org/10.1111/ajae.12157. 

Rao, Smitha, Fiona C. Doherty, and Samantha Teixeira. 2022. “Are You Prepared? Efficacy, 

Contextual Vulnerability, and Disaster Readiness.” International Journal of Disaster Risk 

Reduction 77 (July): 103072. https://doi.org/10.1016/j.ijdrr.2022.103072. 

Richmond, Jennifer. 2021. Building Better: An Analysis of the Determinants of Wildfire Building 

Code Adoption in California. Young Scientist Summer Program. 

Rivera, Jason D. 2021. “Factors Influencing Individual Disaster Preparedness Information 

Seeking Behavior: Analysis of US Households.” Natural Hazards Review 22 (4): 

04021042. https://doi.org/10.1061/(ASCE)NH.1527-6996.0000510. 



198 

 

Robert Lacoste. 2010. Robert Lacoste’s The Darker Side. Elsevier. 

https://doi.org/10.1016/C2009-0-20196-6. 

Roberts, M. J., and R. N. Lubowski. 2007. “Enduring Impacts of Land Retirement Policies: 

Evidence from the Conservation Reserve Program.” Land Economics 83 (4): 516–38. 

https://doi.org/10.3368/le.83.4.516. 

Robinson, Walter A. 2021. “Climate Change and Extreme Weather: A Review Focusing on the 

Continental United States.” Journal of the Air & Waste Management Association 71 (10): 

1186–209. https://doi.org/10.1080/10962247.2021.1942319. 

Rolfe, John, and Jeff Bennett. 2009. “The Impact of Offering Two versus Three Alternatives in 

Choice Modelling Experiments.” Ecological Economics 68 (4): 1140–48. 

https://doi.org/10.1016/j.ecolecon.2008.08.007. 

Russo, Brendan J., Jonathan J. Kay, Peter T. Savolainen, and Timothy J. Gates. 2014. “Assessing 

Characteristics Related to the Use of Seatbelts and Cell Phones by Drivers: Application 

of a Bivariate Probit Model.” Journal of Safety Research 49 (June): 137.e1-142. 

https://doi.org/10.1016/j.jsr.2014.03.001. 

Sagebiel, Julian, and Kai Rommel. 2014. “Preferences for Electricity Supply Attributes in 

Emerging Megacities — Policy Implications from a Discrete Choice Experiment of 

Private Households in Hyderabad, India.” Energy for Sustainable Development 21 

(August): 89–99. https://doi.org/10.1016/j.esd.2014.06.002. 

Scarpa, Riccardo, and Anna Alberini, eds. 2005. Applications of Simulation Methods in 

Environmental and Resource Economics. Vol. 6, edited by Ian J. Bateman. The 

Economics of Non-Market Goods and Resources. Springer Netherlands. 

https://doi.org/10.1007/1-4020-3684-1. 

Schatzki, Todd. 2003. “Options, Uncertainty and Sunk Costs:” Journal of Environmental 

Economics and Management 46 (1): 86–105. https://doi.org/10.1016/S0095-

0696(02)00030-X. 

Schlaepfer, Martin A., Michael C. Runge, and Paul W. Sherman. 2002. “Ecological and 

Evolutionary Traps.” Trends in Ecology & Evolution 17 (10): 474–80. 

https://doi.org/10.1016/S0169-5347(02)02580-6. 

Seyoum, Senayit. 2018. “Analysis of Prevalence of Malaria and Anemia Using Bivariate Probit 

Model.” Annals of Data Science 5 (2): 301–12. https://doi.org/10.1007/s40745-018-0138-

3. 

Shuai, Mao, Wang Chengzhi, Yu Shiwen, Gen Hao, Yu Jufang, and Hou Hui. 2018. “Review on 

Economic Loss Assessment of Power Outages,.” Procedia Computer Science 130: 1158–

63. 



199 

 

Slavkovikj, Viktor, Steven Verstockt, Sofie Van Hoecke, and Rik Van De Walle. 2014. “Review 

of Wildfire Detection Using Social Media.” Fire Safety Journal 68 (August): 109–18. 

https://doi.org/10.1016/j.firesaf.2014.05.021. 

Smith, Adam B. 2025. “U.S. Billion-Dollar Weather and Climate Disasters, 1980 - Present 

(NCEI Accession 0209268).” NOAA National Centers for Environmental Information. 

https://doi.org/10.25921/STKW-7W73. 

Smith, Adam B., and Richard W. Katz. 2013. “US Billion-Dollar Weather and Climate 

Disasters: Data Sources, Trends, Accuracy and Biases.” Natural Hazards 67 (2): 387–

410. https://doi.org/10.1007/s11069-013-0566-5. 

Sohl, Terry L., Benjamin M. Sleeter, Kristi L. Sayler, et al. 2012. “Spatially Explicit Land-Use 

and Land-Cover Scenarios for the Great Plains of the United States.” Agriculture, 

Ecosystems & Environment 153 (June): 1–15. https://doi.org/10.1016/j.agee.2012.02.019. 

Southwick Associates, Inc. and D. J. Case & Associates. 2008. Recreational Use &amp; 

Economics of Conservation Reserve (CRP) Acreage: A National Survey of Landowners. 

Unknown. Pdf, 1.3 MB. https://doi.org/10.22004/AG.ECON.339102. 

Stambaugh, Michael C., Greg Creacy, Jeff Sparks, and Molly Rooney. 2017. “Three Centuries of 

Fire and Forest Vegetation Transitions Preceding Texas’ Most Destructive Wildfire: Lost 

Pines or Lost Oaks?” Forest Ecology and Management 396 (July): 91–101. 

https://doi.org/10.1016/j.foreco.2017.04.017. 

StataCorp. 2025. “Stata 19 Multilevel Mixed-Effects Reference Manual.” Stata Press. 

Stavi, Ilan. 2019. “Wildfires in Grasslands and Shrublands: A Review of Impacts on Vegetation, 

Soil, Hydrology, and Geomorphology.” Water 11 (5): 1042. 

https://doi.org/10.3390/w11051042. 

Steelman, Toddi. 2016. “U.S. Wildfire Governance as Social-Ecological Problem.” Ecology and 

Society 21 (4): art3. https://doi.org/10.5751/ES-08681-210403. 

Steffensmeier, Gretchen. 2025. “Prevalence of Emergency Management across the Conservation 

Reserve Program and Effects of Emergency Management on Field Vegetation.” 

University of Nothern Iowa. https://scholarworks.uni.edu/etd/2655. 

Steiner, Jean L., David D. Briske, David P. Brown, and Caitlin M. Rottler. 2018. “Vulnerability 

of Southern Plains Agriculture to Climate Change.” Climatic Change 146 (1–2): 201–18. 

https://doi.org/10.1007/s10584-017-1965-5. 

Steiner, Jean L., Jeffrey Wetter, Shelby Robertson, et al. 2020. “Grassland Wildfires in the 

Southern Great Plains: Monitoring Ecological Impacts and Recovery.” Remote Sensing 

12 (4): 619. https://doi.org/10.3390/rs12040619. 



200 

 

Stock, Alexia, Rachel A. Davidson, James Kendra, et al. 2023. “Household Impacts of 

Interruption to Electric Power and Water Services.” Natural Hazards 115 (3): 2279–306. 

https://doi.org/10.1007/s11069-022-05638-8. 

Stubbs, Megan. 2014. Conservation Reserve Program (CRP): Status and Issues. Library of 

Congress,Congressional Research Service. 

Sullins, Daniel S., Meghan Bogaerts, Bram H. F. Verheijen, David E. Naugle, Tim Griffiths, and 

Christian A. Hagen. 2021. “Increasing Durability of Voluntary Conservation through 

Strategic Implementation of the Conservation Reserve Program.” Biological 

Conservation 259 (July): 109177. https://doi.org/10.1016/j.biocon.2021.109177. 

Sullivan, M. J., Matthew Mercurio, and Josh Schellenberg. 2009. Estimated Value of Service 

Reliability for Electric Utility Customers in the United States. LBNL-2132E, 963320. 

https://doi.org/10.2172/963320. 

Sullivan, M. J., B. Noland Suddeth, T. Vardell, and A. Vojdani. 1996. “Interruption Costs, 

Customer Satisfaction and Expectations for Service Reliability.” IEEE Transactions on 

Power Systems 11 (2): 989–95. https://doi.org/10.1109/59.496185. 

Sullivan, Michael, Myles T. Collins, Josh Schellenberg, and Peter H. Larsen. 2018. Estimating 

Power System Interruption Costs: A Guidebook for Electric Utilities. No. 1462980. 

https://doi.org/10.2172/1462980. 

Sullivan, Michael, Josh Schellenberg, and Marshall Blundell. 2015. Updated Value of Service 

Reliability Estimates for Electric Utility Customers in the United States. LBNL--6941E, 

1172643. https://doi.org/10.2172/1172643. 

Sutton, Jeannette, Laura Fischer, and Michele M. Wood. 2021. “Tornado Warning Guidance and 

Graphics: Implications of the Inclusion of Protective Action Information on Perceptions 

and Efficacy.” Weather, Climate, and Society, ahead of print, October 4. 

https://doi.org/10.1175/WCAS-D-21-0097.1. 

Syphard, Alexandra D., Teresa J. Brennan, and Jon E. Keeley. 2014. “The Role of Defensible 

Space for Residential Structure Protection during Wildfires.” International Journal of 

Wildland Fire 23 (8): 1165–75. https://doi.org/10.1071/WF13158. 

Taimoor, Naveed, Ikramullah Khosa, Muhammad Jawad, et al. 2020. “Power Outage Estimation: 

The Study of Revenue-Led Top Affected States of U.S.” IEEE Access 8: 223271–86. 

https://doi.org/10.1109/ACCESS.2020.3043630. 

Texas A&M Forest Service. 2026. “Managing Agriculture After a Wildfire.” 

https://tfsweb.tamu.edu/wildfire-and-other-disasters/get-help-after-the-fire/managing-

agriculture-after-wildfire/. 

Thapa, Bhawna, Binod P. Chapagain, Scott T. McMurry, Loren M. Smith, and Omkar Joshi. 

2024. “Understanding Landowner Participation in the Conservation Reserve Program in 



201 

 

the U.S. High Plains Region.” Land Use Policy 141 (June): 107163. 

https://doi.org/10.1016/j.landusepol.2024.107163. 

Thomalla, Frank, Tom Downing, Erika Spanger‐Siegfried, Guoyi Han, and Johan Rockström. 

2006. “Reducing Hazard Vulnerability: Towards a Common Approach between Disaster 

Risk Reduction and Climate Adaptation.” Disasters 30 (1): 39–48. 

https://doi.org/10.1111/j.1467-9523.2006.00305.x. 

Thomas, Tracy N., Michelle Leander-Griffith, Victoria Harp, and Joan P. Cioffi. 2015. 

“Influences of Preparedness Knowledge and Beliefs on Household Disaster 

Preparedness.” MMWR. Morbidity and Mortality Weekly Report 64 (35): 965–71. 

https://doi.org/10.15585/mmwr.mm6435a2. 

Titko, Michal, Jozef Ristvej, and Zenon Zamiar. 2021. “Population Preparedness for Disasters 

and Extreme Weather Events as a Predictor of Building a Resilient Society: The Slovak 

Republic.” International Journal of Environmental Research and Public Health 18 (5): 

2311. https://doi.org/10.3390/ijerph18052311. 

UC Davis Soil Resource Laboratory. 2025. “Soil Properties.” 

https://casoilresource.lawr.ucdavis.edu/soil-properties/download.php. 

United States Census Bureau. 2022. “Population and Housing Unit Estimates Datasets.” July 21. 

https://www.census.gov/programs-surveys/popest/data/data-

sets.2017.List_1725564412.html#list-tab-List_1725564412: Population. 

U.S. Bureau of Labor Statistics. 2025. “PPI Databases.” https://www.bls.gov/ppi/databases/.  

U.S. Department of Agriculture, National Agricultural Statistics Service (USDA-NASS). 2025. 

“Quick Stats Tools.” https://quickstats.nass.usda.gov. 

USDA. 2014. Land Capability Classification. Natural Resources Conservation Service. 

USDA. 2024. National Soil Survey Handbook. 430_VI. Natural Resources Conservation Service. 

https://www.nrcs.usda.gov/resources/guides-and-instructions/national-soil-survey-

handbook. 

USDA Farm Service Agency. 2020. Conservation Reserve Program Annual Summary and 

Enrollment Statistics, FY2020. https://www.fsa.usda.gov/Assets/USDA-FSA-

Public/usdafiles/Conservation/PDF/Annual%20Summary%202020.pdf. 

USDA Farm Service Agency. 2021. “The Conservation Reserve Program: A 35-Year History.” ” 

https://www.fsa.usda.gov/ Assets/USDA-FSA-Public/usdafiles/Conservation/PDF/35_ 

YEARS_CRP_B.pdf. 

USDA National Agricultural Statistics Service. 2024. “Cropland Data Layer.” United States 

Department of Agriculture. 

https://www.nass.usda.gov/Research_and_Science/Cropland/Release/. 



202 

 

Vallejo, Agustin, M. C. Sunny Wong, Gail Buttorff, et al. 2022. “Natural Disasters and 

Willingness to Pay for Reliable Electricity: The 2021 Winter Storm in Texas as a Natural 

Experiment.” SSRN Electronic Journal, ahead of print. 

https://doi.org/10.2139/ssrn.4141608. 

Vandever, Mark W., Kenneth Elgersma, Sarah K. Carter, et al. 2023. “Persistence and Quality of 

Vegetation Cover in Expired Conservation Reserve Program Fields.” Ecosphere 14 (1): 

e4359. https://doi.org/10.1002/ecs2.4359. 

Velez, Anne-Lise K., John M. Diaz, and Tamara U. Wall. 2017. “Public Information Seeking, 

Place-Based Risk Messaging and Wildfire Preparedness in Southern California.” 

International Journal of Wildland Fire 26 (6): 469. https://doi.org/10.1071/WF16219. 

Vossler, Christian A., Maurice Doyon, and Daniel Rondeau. 2012. “Truth in Consequentiality: 

Theory and Field Evidence on Discrete Choice Experiments.” American Economic 

Journal: Microeconomics 4 (4): 145–71. https://doi.org/10.1257/mic.4.4.145. 

Wahtra, Julia, and Holger Johnsson. 2025. “The Sources of Slow Declines in Agricultural 

Nutrient Leakage: Evidence From Sweden.” Australian Journal of Agricultural and 

Resource Economics 69 (3): 611–24. https://doi.org/10.1111/1467-8489.70035. 

Wallander, Steven, Marcel Aillery, Daniel Hellerstein, and Michael Hand. 2013. The Role of 

Conservation Programs in Drought Risk Adaptation. ERR-148. U.S. Department of 

Agriculture, Economic Research Service. 

Wang, Zhaobin, Yikun Ma, Yaonan Zhang, and Jiali Shang. 2022. “Review of Remote Sensing 

Applications in Grassland Monitoring.” Remote Sensing 14 (12): 2903. 

https://doi.org/10.3390/rs14122903. 

Wen, Cheng, Jon C. Lovett, Elisabeth Rianawati, et al. 2022. “Household Willingness to Pay for 

Improving Electricity Services in Sumba Island, Indonesia: A Choice Experiment under a 

Multi-Tier Framework.” Energy Research & Social Science 88 (June): 102503. 

https://doi.org/10.1016/j.erss.2022.102503. 

Weng, Weizhe, Mark D. Morrison, Kevin J. Boyle, Peter C. Boxall, and John Rose. 2021. 

“Effects of the Number of Alternatives in Public Good Discrete Choice Experiments.” 

Ecological Economics 182 (April): 106904. 

https://doi.org/10.1016/j.ecolecon.2020.106904. 

Westerling, A. L., H. G. Hidalgo, D. R. Cayan, and T. W. Swetnam. 2006. “Warming and Earlier 

Spring Increase Western U.S. Forest Wildfire Activity.” Science 313 (5789): 940–43. 

https://doi.org/10.1126/science.1128834. 

Westerling, Anthony LeRoy. 2016. “Increasing Western US Forest Wildfire Activity: Sensitivity 

to Changes in the Timing of Spring.” Philosophical Transactions of the Royal Society B: 

Biological Sciences 371 (1696): 20150178. https://doi.org/10.1098/rstb.2015.0178. 



203 

 

Whittaker, Joshua, John Handmer, and David Mercer. 2012. “Vulnerability to Bushfires in Rural 

Australia: A Case Study from East Gippsland, Victoria.” Journal of Rural Studies 28 (2): 

161–73. https://doi.org/10.1016/j.jrurstud.2011.11.002. 

Wilson, Robyn S., Atar Herziger, Matthew Hamilton, and Jeremy S. Brooks. 2020. “From 

Incremental to Transformative Adaptation in Individual Responses to Climate-

Exacerbated Hazards.” Nature Climate Change 10 (3): 200–208. 

https://doi.org/10.1038/s41558-020-0691-6. 

Wilson, Robyn S., Patricia L. Winter, Lynn A. Maguire, and Timothy Ascher. 2011. “Managing 

Wildfire Events: Risk‐Based Decision Making Among a Group of Federal Fire 

Managers.” Risk Analysis 31 (5): 805–18. https://doi.org/10.1111/j.1539-

6924.2010.01534.x. 

Winter, Greg, and Jeremy S. Fried. 2000. “Homeowner Perspectives on Fire Hazard, 

Responsibility, and Management Strategies at the Wildland-Urban Interface.” Society & 

Natural Resources 13 (1): 33–49. https://doi.org/10.1080/089419200279225. 

Wong, Stephen D., Jacquelyn C. Broader, Joan L. Walker, and Susan A. Shaheen. 2023. 

“Understanding California Wildfire Evacuee Behavior and Joint Choice Making.” 

Transportation 50 (4): 1165–211. https://doi.org/10.1007/s11116-022-10275-y. 

Woo, C. K., A. Tishler, J. Zarnikau, and Y. Chen. 2021. “Average Residential Outage Cost 

Estimates for the Lower 48 States in the US.” Energy Economics 98 (June): 105270. 

https://doi.org/10.1016/j.eneco.2021.105270. 

Woo, Chi-Keung, and Roger L. Pupp. 1992. “Costs of Service Disruptions to Electricity 

Consumers.” Energy 17 (2): 109–26. https://doi.org/10.1016/0360-5442(92)90061-4. 

Wu, Feng, Zhengfei Guan, Fan Yu, and Robert J. Myers. 2013. “The Spillover Effects of Biofuel 

Policy on Participation in the Conservation Reserve Program.” Journal of Economic 

Dynamics and Control 37 (9): 1755–70. https://doi.org/10.1016/j.jedc.2013.03.013. 

Wu, JunJie, and Haixia Lin. 2010. “The Effect of the Conservation Reserve Program on Land 

Values.” Land Economics 86 (1): 1–21. https://doi.org/10.3368/le.86.1.1. 

Wu, Tiffany Yue-wei, and Varun Rai. 2017. “Quantifying Diversity of Electricity Generation in 

the U.S.” The Electricity Journal 30 (7): 55–66. https://doi.org/10.1016/j.tej.2017.09.001. 

Zakamulin, Valeriy. 2017. “Why Moving Averages?” In Market Timing with Moving Averages, 

by Valeriy Zakamulin. Springer International Publishing. https://doi.org/10.1007/978-3-

319-60970-6_1. 

Zanocco, Chad, June Flora, and Hilary Boudet. 2022. “Disparities in Self-Reported Extreme 

Weather Impacts by Race, Ethnicity, and Income in the United States.” PLOS Climate 1 

(6): e0000026. https://doi.org/10.1371/journal.pclm.0000026. 



204 

 

Zemo, Kahsay Haile, Habtamu Tilahun Kassahun, and Søren Bøye Olsen. 2019. “Determinants 

of Willingness-to-Pay for Attributes of Power Outage - An Empirical Discrete Choice 

Experiment Addressing Implications for Fuel Switching in Developing Countries.” 

Energy 174 (May): 206–15. https://doi.org/10.1016/j.energy.2019.02.129. 

Zhai, Jun, Zhuo Ning, Ram Dahal, and Shaoyang Yang. 2023. “Wildfire Susceptibility of Land 

Use and Topographic Features in the Western United States: Implications for the 

Landscape Management.” Forests 14 (4): 807. https://doi.org/10.3390/f14040807. 

Zhang, Fengwan, Zhi Wang, Shaoquan Liu, and Dingde Xu. 2026. “Digital vs Traditional: The 

Impact of Different Disaster Knowledge Promotion Paths on Farmers’ Disaster 

Preparedness.” Journal of Cleaner Production 550 (March): 147900. 

https://doi.org/10.1016/j.jclepro.2026.147900. 

  



205 

 

Appendix A - Robustness Checks for the Mixed Effects Weibull Accelerated Failure Time 

Model (AFTM) 

Appendix Table A.1. Robustness Checks for Various Combinations of Interactions of Wildfire Experience and the Acreage of Expired 

CRP Parcels 

 Model A Model B Model C Model D Model E Model F 

 Coeff Coeff Coeff Coeff Coeff Coeff 

Clay 0.002 0.002 0.002 0.002 0.002 0.002 

 (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) 

Silt -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 

 (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) 

Kw factor -0.782 -0.782 -0.775 -0.781 -0.783 -0.783 

 (0.657) (0.657) (0.657) (0.657) (0.657) (0.657) 

WEI 0.000 0.000 0.000 0.000 0.000 0.000 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Acres -0.011** -0.011** -0.011** -0.011** -0.011** -0.011** 

 (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) 

Acres^2 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Class 2 -0.176 -0.176 -0.175 -0.176 -0.176 -0.176 

 (0.137) (0.137) (0.136) (0.137) (0.137) (0.137) 

Class 3 -0.093 -0.093 -0.092 -0.093 -0.093 -0.093 

 (0.138) (0.138) (0.138) (0.138) (0.138) (0.138) 

Class 4 -0.108 -0.108 -0.107 -0.108 -0.108 -0.108 

 (0.142) (0.142) (0.142) (0.142) (0.142) (0.142) 

Class 5 0.151 0.151 0.151 0.151 0.151 0.151 

 (0.373) (0.373) (0.373) (0.373) (0.373) (0.373) 

Class 6 0.023 0.022 0.022 0.022 0.022 0.022 

 (0.157) (0.157) (0.157) (0.157) (0.157) (0.157) 
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 Model A Model B Model C Model D Model E Model F 

 Coeff Coeff Coeff Coeff Coeff Coeff 

Class 7 -0.040 -0.041 -0.041 -0.041 -0.041 -0.041 

 (0.200) (0.199) (0.199) (0.199) (0.200) (0.200) 

Class 2* Acres 0.004 0.004 0.004 0.004 0.004 0.004 

 (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) 

Class 3* Acres 0.004 0.004 0.004 0.004 0.004 0.004 

 (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) 

Class 4* Acres 0.005 0.005 0.005 0.005 0.005 0.005 

 (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) 

Class 5* Acres 0.012 0.012 0.012 0.012 0.012 0.012 

 (0.013) (0.013) (0.013) (0.013) (0.013) (0.013) 

Class 6* Acres 0.004 0.004 0.004 0.004 0.004 0.004 

 (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) 

Class 7* Acres 0.007 0.007 0.007 0.007 0.007 0.007 

 (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) 

Laspeyres crop index  

-

0.011*** 

-

0.011*** 

-

0.011*** -0.011*** 

-

0.011*** 

-

0.011*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

T0=2012 1.873*** 1.873*** 1.873*** 1.873*** 1.873*** 1.873*** 

 (0.076) (0.076) (0.076) (0.076) (0.076) (0.076) 

T0=2013 1.546*** 1.546*** 1.546*** 1.546*** 1.546*** 1.546*** 

 (0.071) (0.071) (0.071) (0.071) (0.071) (0.071) 

T0=2014 1.361*** 1.361*** 1.361*** 1.361*** 1.361*** 1.360*** 

 (0.070) (0.070) (0.070) (0.070) (0.070) (0.070) 

T0=2015 1.168*** 1.168*** 1.169*** 1.168*** 1.168*** 1.168*** 

 (0.089) (0.089) (0.089) (0.089) (0.089) (0.089) 

T0=2016 1.047*** 1.047*** 1.047*** 1.047*** 1.047*** 1.047*** 

 (0.093) (0.093) (0.093) (0.093) (0.093) (0.093) 

T0=2017 0.902*** 0.902*** 0.902*** 0.902*** 0.902*** 0.902*** 

 (0.095) (0.095) (0.095) (0.095) (0.095) (0.095) 

T0=2018 0.829*** 0.829*** 0.830*** 0.829*** 0.829*** 0.829*** 
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 Model A Model B Model C Model D Model E Model F 

 Coeff Coeff Coeff Coeff Coeff Coeff 

 (0.058) (0.058) (0.058) (0.058) (0.058) (0.058) 

T0=2019 0.444*** 0.444*** 0.439*** 0.445*** 0.444*** 0.444*** 

 (0.095) (0.095) (0.094) (0.095) (0.095) (0.095) 

Mavetemp_10yrlag 0.349*** 0.349*** 0.349*** 0.349*** 0.349*** 0.349*** 

 (0.091) (0.091) (0.091) (0.091) (0.091) (0.091) 

Maveprep_10yrlag -0.016* -0.016* -0.016* -0.016* -0.016* -0.016* 

 (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) 

Mavepdsi_10yrlag 0.056 0.056 0.056 0.057 0.056 0.056 

 (0.041) (0.041) (0.041) (0.041) (0.041) (0.041) 

Nearest wildfire -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Megafire 0.355*** 0.355*** 0.355*** 0.355*** 0.355*** 0.355*** 

 (0.109) (0.109) (0.109) (0.109) (0.109) (0.109) 

Megafire *Nearest megafire 

-

0.000*** 

-

0.000*** 

-

0.000*** -0.000*** 

-

0.000*** 

-

0.000*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Perbuffer50m_crop 
-
0.005*** 

-
0.005*** 

-
0.005*** -0.005*** 

-
0.005*** 

-
0.005*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Perbuffer50m_developed -0.000 -0.000 -0.000 -0.000 -0.000 -0.000 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Perbuffer50m_water 0.009*** 0.009*** 0.009*** 0.009*** 0.009*** 0.009*** 

 (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) 

Perbuffer50m_grass 0.008*** 0.008*** 0.008*** 0.008*** 0.008*** 0.008*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Land valuation 0.023** 0.023** 0.023** 0.023** 0.023** 0.023** 

 (0.009) (0.009) (0.009) (0.009) (0.009) (0.009) 

Pop estimate -0.001* -0.001* -0.001* -0.001* -0.001* -0.001* 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Acres_greater_1.55=0 * Megafire damage=0 * Percent parcel burnt 0.236***      
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 Model A Model B Model C Model D Model E Model F 

 Coeff Coeff Coeff Coeff Coeff Coeff 

 (0.012)      

Acres_greater_1.55=0 *Megafire damage=1 * Percent parcel burnt 

-

5.079***      

 (0.308)      
Acres_greater_1.55=1 * Megafire damage=0 * Percent parcel burnt -0.013      

 (0.009)      

Acres_greater_1.55=1 *Megafire damage=1 * Percent parcel burnt 
-
9.611***      

 (0.665)      
Acres_greater_1.55=0 *Megafire buffer damage=0 * Percent buffer 
burnt -0.001      

 (0.015)      
Acres_greater_1.55=0 *Megafire buffer damage=1 * Percent buffer 
burnt 9.941***      

 (0.589)      
Acres_greater_1.55=1 *Megafire buffer damage=0 * Percent buffer 

burnt 0.025      

 (0.017)      
Acres_greater_1.55=1 *Megafire buffer damage=1 * Percent buffer 
burnt 

26.621**
*      

 (1.836)      

Acres_greater_7.92=0 * Megafire damage=0 * Percent parcel burnt  

-
0.029***     

  (0.007)     

Acres_greater_7.92=0 * Megafire damage=1 * Percent parcel burnt  

-
4.325***     

  (0.292)     
Acres_greater_7.92=1 * Megafire damage=0 * Percent parcel burnt  -0.011     

  (0.009)     

Acres_greater_7.92=1 * Megafire damage=1 * Percent parcel burnt  

-
8.907***     

  (0.649)     
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 Model A Model B Model C Model D Model E Model F 

 Coeff Coeff Coeff Coeff Coeff Coeff 

Acres_greater_7.92=0 *Megafire buffer damage=0 * Percent buffer 

burnt  0.067***     

  (0.025)     
Acres_greater_7.92=0 *Megafire buffer damage=1 * Percent buffer 
burnt  8.477***     

  (0.557)     
Acres_greater_7.92=1 *Megafire buffer damage=0 * Percent buffer 
burnt  0.021     

  (0.017)     
Acres_greater_7.92=1 *Megafire buffer damage=1 * Percent buffer 
burnt  

24.685**
*     

  (1.791)     

Acres_greater_20.76=0 * Megafire damage=0 * Percent parcel burnt   

-

0.023***    

   (0.007)    

Acres_greater_20.76=0 * Megafire damage=1 * Percent parcel burnt   

-
3.839***    

   (0.281)    
Acres_greater_20.76=1 * Megafire damage=0 * Percent parcel burnt   -0.007    

   (0.008)    

Acres_greater_20.76=1 * Megafire damage=1 * Percent parcel burnt   

-
8.580***    

   (0.632)    
Acres_greater_20.76=0 *Megafire buffer damage=0 * Percent buffer 
burnt   0.031**    

   (0.013)    
Acres_greater_20.76=0 *Megafire buffer damage=1 * Percent buffer 
burnt   7.535***    

   (0.536)    
Acres_greater_20.76=1 *Megafire buffer damage=0 * Percent buffer 
burnt   0.024    

   (0.020)    
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 Model A Model B Model C Model D Model E Model F 

 Coeff Coeff Coeff Coeff Coeff Coeff 

Acres_greater_20.76=1 *Megafire buffer damage=1 * Percent buffer 

burnt   

23.780**

*    

   (1.746)    
Acres_greater_53.57=0 * Megafire damage=0 * Percent parcel burnt    -0.014   

    (0.009)   

Acres_greater_53.57=0 * Megafire damage=1 * Percent parcel burnt    

-
10.199**
*   

    (0.777)   
Acres_greater_53.57=1 * Megafire damage=0 * Percent parcel burnt    -0.009   

    (0.009)   
Acres_greater_53.57=1 * Megafire damage=1 * Percent parcel burnt    -5.910***   

    (0.496)   
Acres_greater_53.57=0 *Megafire buffer damage=0 * Percent buffer 
burnt    0.026   

    (0.017)   
Acres_greater_53.57=0 *Megafire buffer damage=1 * Percent buffer 
burnt    

23.299**
*   

    (1.769)   
Acres_greater_53.57=1 *Megafire buffer damage=0 * Percent buffer 
burnt    0.021   

    (0.018)   
Acres_greater_53.57=1 *Megafire buffer damage=1 * Percent buffer 
burnt    

16.505**
*   

    (1.361)   
Acres_greater_110.03=0 * Megafire damage=0 * Percent parcel burnt     -0.013  

     (0.009)  

Acres_greater_110.03=0 * Megafire damage=1 * Percent parcel burnt     

-
8.135***  

     (0.634)  
Acres_greater_110.03=1 * Megafire damage=0 * Percent parcel burnt     -0.008  
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 Model A Model B Model C Model D Model E Model F 

 Coeff Coeff Coeff Coeff Coeff Coeff 

     (0.006)  

Acres_greater_110.03=1 * Megafire damage=1 * Percent parcel burnt     

-

0.529***  

     (0.048)  
Acres_greater_110.03=0 *Megafire buffer damage=0 * Percent buffer 
burnt     0.025  

     (0.018)  
Acres_greater_110.03=0 *Megafire buffer damage=1 * Percent buffer 
burnt     

22.550**
*  

     (1.751)  
Acres_greater_110.03=1 *Megafire buffer damage=0 * Percent buffer 
burnt     0.019  

     (0.012)  
Acres_greater_110.03=1 *Megafire buffer damage=1 * Percent buffer 

burnt     1.226***  

     (0.089)  
Acres_greater_95=0 * Megafire damage=0 * Percent parcel burnt      -0.014* 

      (0.008) 

Acres_greater_95=0 * Megafire damage=1 * Percent parcel burnt      

-
8.210*** 

      (0.635) 

Acres_greater_95=1 * Megafire damage=0 * Percent parcel burnt      0.002 

      (0.007) 

Acres_greater_95=1 * Megafire damage=1 * Percent parcel burnt      0.062*** 

      (0.011) 
Acres_greater_95=0 *Megafire buffer damage=0 * Percent buffer 
burnt      0.027 

      (0.017) 
Acres_greater_95=0 *Megafire buffer damage=1 * Percent buffer 
burnt      

22.759**
* 

      (1.755) 
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 Model A Model B Model C Model D Model E Model F 

 Coeff Coeff Coeff Coeff Coeff Coeff 

Acres_greater_95=1 *Megafire buffer damage=0 * Percent buffer 

burnt      0.006 

      (0.014) 
Acres_greater_95=1 *Megafire buffer damage=1 * Percent buffer 
burnt      0.237*** 

      (0.013) 

Acres_greater_99=0 * Megafire damage=0 * Percent parcel burnt       
Constant -1.958* -1.961* -1.956* -1.960* -1.959* -1.960* 

 (1.110) (1.110) (1.108) (1.110) (1.110) (1.110) 

Weibull parameter (P) 1.946 1.948 1.948 1.946 1.946 1.946 

var(_cons[County]) 0.152*** 0.152*** 0.152*** 0.152*** 0.152*** 0.152*** 

 (0.059) (0.059) (0.059) (0.059) (0.059) (0.059) 

AIC 48236.10 48234.91 48221.84 48232.38 48236.80 48233.84 

Log likelihood 
-
24068.05 

-
24067.46 

-
24060.92 -24068.19 

-
24068.40 

-
24067.92 

       
Observations 96005 96005 96005 96005 96005 96005 

Note: Clustered standard errors are in parenthesis. *** denotes p<0.01, ** denotes p<0.05, and * denotes p<0.1 
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Appendix Table A.2. Robustness Checks for the Interaction of Wildfire and Percent Grassland on 

the 1000m Buffer 

Variables Coeff 

 

 

Clay 0.002 

 

(0.005) 

silt -0.001 

 

(0.003) 

Kw factor -0.671 

 

(0.677) 

WEI 0.000 

 

(0.001) 

Acres -0.011** 

 

(0.004) 

Acres^2 0.000*** 

 

(0.000) 

Class 2 -0.186 

 

(0.133) 

Class 3 -0.113 

 

(0.135) 

Class 4 -0.132 

 

(0.140) 

Class 5 0.101 

 

(0.369) 

Class 6 -0.008 
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Variables Coeff 

 

(0.155) 

Class 7 -0.060 

 

(0.195) 

Class 2* Acres 0.004 

 

(0.004) 

Class 3* Acres 0.004 

 

(0.004) 

Class 4* Acres 0.005 

 

(0.004) 

Class 5* Acres 0.013 

 

(0.014) 

Class 6* Acres 0.004 

 

(0.004) 

Class 7* Acres 0.007 

 

(0.005) 

T0=2012 1.869*** 

 

(0.076) 

T0=2013 1.543*** 

 

(0.071) 

T0=2014 1.360*** 

 

(0.070) 

T0=2015 1.170*** 

 

(0.089) 

T0=2016 1.047*** 
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Variables Coeff 

 

(0.093) 

T0=2017 0.902*** 

 

(0.095) 

T0=2018 0.830*** 

 

(0.058) 

T0=2019 0.445*** 

 

(0.095) 

Nearest wildfire -0.000 

 

(0.000) 

Megafire 0.351*** 

 

(0.109) 

Megafire *Nearest megafire -0.000*** 

 

(0.000) 

Megafire damage 0.129 

 

(0.258) 

Percent parcel burnt -0.013 

 

(0.009) 

Megafire damage *Percent parcel burnt 0.016** 

 

(0.007) 

Megafire buffer damage 10.182*** 

 

(0.625) 

Percent buffer burnt 0.024 

 

(0.017) 
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Variables Coeff 

Megafire buffer damage* Percent buffer 

burnt 

-0.020 

 

(0.017) 

Perbuffer50m_crop -0.005*** 

 

(0.001) 

Perbuffer50m_developed -0.000 

 

(0.001) 

Perbuffer50m_water 0.010*** 

 

(0.003) 

Perbuffer50m_grass 0.007*** 

 

(0.001) 

Land valuation 0.022** 

 

(0.009) 

Pop estimate -0.001 

 

(0.000) 

2MALag_Crop_index -0.011*** 

 

(0.001) 

Mavetemp_10yrlag 0.345*** 

 

(0.087) 

Maveprep_10yrlag 0.345*** 

 

(0.087) 

Mavepdsi_10yrlag -0.016** 

 

(0.008) 

Megafire buffer 

damage=0*Perbuffer1000m_grass  0.056 
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Variables Coeff 

 (0.041) 

Megafire buffer 

damage=1*Perbuffer1000m_grass  0.003*** 

 (0.001) 

Constant -1.889* 

 

(1.071) 

Weibull parameter (P) 1.948 

Variance (constant [County]) 0.140*** 

 

(0.054) 

AIC 48200.164 

Log likelihood -24050.082 

Observations 96005 

Note: Clustered standard errors are in parenthesis. *** denotes p<0.01, ** denotes p<0.05, and * 

denotes p<0.1 
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Appendix B - Extended Results of the Frequency and Duration 

Power Outage Models  

Appendix Table B.1 is the results of a linear regression model based on Baarsma and Hop (2009). 

Looking at the results of duration power outage model, we find that all the attributes of the severe 

weather power outages apart from time of week had a statistically significant effect on the 

weighted utility (p value is 0.1 or 0.01). Respondents’ preference for backup power services 

increased with an increase in duration of outage. The value respondents place on backup power 

services is more when it happens in the evening compared to night-time outages that occur at 10 

p.m., followed by an afternoon outage at 10 a.m. and the least being a morning outage at 6 a.m. 

compared to a night-time outage. The respondents also placed a higher preference for backup 

power services for an outage that happens in the winter than in the summer. However, the interest 

in the backup services decreased with the increase in user fees per severe weather outage, as 

expected. That is, demand for the backup services decreases as user fee increases. For the 

frequency power outage model, all the coefficients of the model were statistically significant. 

Preference for backup services increased with frequency of outages and decreased in increase of 

user fees. 

Appendix Table B.1. Estimated Results of the Frequency and Duration Power Outage Models 

Based on Baarsma and Hop (2009) 

 Duration Power Outage Model Frequency Power Outage Model 

 Part A1a Part A1b 

Variables Utility Utility 

     
 

ln Duration  0.474*** 
 

  (0.010) 
 

Weekday  -0.054 
 

  (0.033) 
 

24-hour Base category   0.129*** 
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 Duration Power Outage Model Frequency Power Outage Model 

 Part A1a Part A1b 

Variables Utility Utility 

   (0.030) 

ln Frequency   0.136*** 

   (0.012) 

Morning at 6:00 a.m.  0.079*  

  (0.047)  

Afternoon at 10 a.m.  0.086*  

  (0.047)  

Evening at 4 p.m.  0.171***  

  (0.047)  

Winter  0.224***  

  (0.033)  

User Fee  -0.008*** -0.009*** 

  (0.000) (0.000) 

Constant  -0.823*** 0.697*** 

  (0.050) (0.025) 

     
 

Observations 14,088 14,088 

Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1  

 

In the table below, we show the WTP values based on frequency, duration, and both 

frequency and duration. On average in the Baarsma and Hop (2009) model, respondents 

willingness to pay was $3.80 to avoid a four-hour outage, $44.65 to avoid an eight-hour outage, 

$109.38 to avoid a 24-hour outage, $174.11 to avoid a 72-hour outage, and $204.20 to avoid a 

120-hour outage, see Appendix Table B.2. When we checked the order of WTP based on the 

average WTP per hour, the order was like that of the RPM. Respondents are WTP more for an 8-

hour outage ($5.58), followed by a 24-hour outage ($4.56), then a 72-hour outage ($2.42), then 

120-hour outage ($0.95), and least being a four-hour outage ($1.87). The least WTP to avoid a 4-

hour outage is because 4-hour outage is close to the average 𝐷0. We also observe marginal WTP 

peaked at 8 hours of outage and started decreasing afterwards. An upward trend in WTP was 

observed when frequency of outages increases, as shown in Appendix Table B.2. Respondents on 
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average are WTP $16.11 ($2.01) per event for an outage every 10 years, $23.60 ($2.95) per event 

for an outage every 5 years, $35.17 ($4.40) per event for an outage every other year, $44.65 ($5.58) 

per event for one outage per year, $54.46 ($6.81) per event for an outage that happens two times 

per year, and $64.44 ($8.06) per event for an outage that happens four times per year and the values 

in brackets showing average WTP per hour for each of the frequency level. 

Appendix Table B.2. WTP Values Per Event for Various Durations and Frequencies Based on 

Baarsma and Hop (2009) Model 

   

Difference                                 

(RPM-Baarsma and Hop 

(2009) model) 

Duration of Outage (One per year) Mean WTP ($) 

Marginal 

WTP ($) 

Mean 

WTP ($) 

Marginal 

WTP ($) 

1 hour -77.87 - -10.67 - 

4 hours 3.81 1.27 0.01 0.00 

8 hours 44.65 10.21 5.35 1.34 

24 hours 109.38 4.05 13.82 0.53 

72 hours 174.11 1.35 22.29 0.18 

120 hours 204.20 0.63 26.22 0.08 

Number of outages (of 8 hours) 

Mean WTP ($) Marginal 

WTP ($) 

Mean 

WTP ($) 

Marginal 

WTP ($) 

1 every 10 years 16.11 - 1.93 - 

1 every 5 years 23.60 7.49 2.83 0.90 

1 every other year 35.17 3.86 4.22 0.46 

1 per year 44.65 1.90 5.35 0.23 

2 per year 54.46 0.98 6.53 0.12 

4 per year 64.44 0.50 7.73 0.06 

Average D0 (hours) 3.75 0.17 

 

In the next paragraphs, we show the WTP results for severe weather power outages for various 

duration and frequency combinations based on the Baarsma and Hop (2009) model. In the 

conceptual framework, we talked about the four possible scenarios of frequency and duration 

combinations. We have excluded Scenario 2 and Scenario 4 because the WTP is zero, see the 

conceptual section. 
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Scenario 1: A severe weather power outage of duration 𝐷 > 𝐷0 for a given outage frequency 𝐹 >

𝐹0 . 

The WTP values for power outages in Scenario 1 are all positive. Figure B.1 shows the estimated 

WTP values. We see the gap in WTP is largest at a higher frequency and higher duration of outage 

and a change in frequency has a much more effect on WTP values compared to duration. For 

example, the WTP is $ 1.37 per event to avoid a four-hour outage that happens once every 10 years 

(F=0.1) and $294.75 per event for an outage that happens four times a year for a duration of 120 

hours which is approximately 30 times more than the prior. We also observe that at lower durations 

there is not much difference in WTP at various frequency levels, but the difference becomes 

pronounced as the duration of outage increases. The WTP graphs for the various frequencies are 

very steep at duration, less than 20 hours, but it starts to flatten afterwards for lower frequencies, 

i.e. 1 every 10 years and 1 every five years compared to the other frequencies.  It is important to 

note that although there is a wide gap between WTP values when the outage happens 1 every 5 

years and 1 every other year compared to other consecutive frequency levels, this just shows a 

scaling effect and not a change in preference. 

Appendix Figure B.1. WTP Values for Severe Weather Power Outages When 𝐷 > 𝐷0 and 𝐹 > 𝐹0 

Based on Baarsma and Hop (2009) Model 
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Scenario 3: Power Outage of Duration 𝐷 > 𝐷0  for a Given Outage Frequency 𝐹 ≤ 𝐹0 

The user fee Households are WTP for severe weather power outage of duration 𝐷 > 𝐷0 for a given 

outage frequency 𝐹 ≤ 𝐹0  is positive and not influenced by frequency. Looking at the mean WTP 

in Figure B.2 we see that the mean WTP is always higher for higher frequency of outages compared 

to lower frequency. For example, the mean WTP is $10.21 per event to avoid a 120-hour outage 

that happens once every 20 years compared to $8.17 per event to avoid an outage that happens 

once every 25 years. We also see that there is not much difference in mean WTP at lower frequency 

of outage. The mean WTP difference to avoid an outage is $0.04 per event between a four-hour 

outage that happens every 20 years compared to a four-hour outage that happens every 25 years. 

See Figure B.2 for the various mean WTP at various duration levels for both frequencies.  

Appendix Figure B.2. WTP Values for Severe Weather Power Outages When 𝐷 > 𝐷0 and 𝐹 ≤ 𝐹0 

Based on Baarsma and Hop (2009) Model 
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Appendix Table B.3. Estimated Results of Duration Power Outage Model with Household 

Characteristics and Demographics 

Variables 

Baarsma and 

Hop (2009) Random Parameter Linear Model 

Part a Part b 

Weighted 

Utility Utility 

Standard deviation of Parameter 

distribution 

     
ln Duration 0.475*** 0.510*** 0.208*** 

 (0.010) (0.011) (0.016) 

Weekday -0.054 -0.058 0.553*** 

 (0.034) (0.036) (0.084) 

Morning at 6:00 a.m. 0.084* 0.072 0.449*** 

 (0.047) (0.049) (0.167) 

Afternoon at 10 a.m. 0.089* 0.095* 0.000** 

 (0.047) (0.049) (0.000) 

Evening at 4 p.m. 0.180*** 0.173*** 0.544*** 

 (0.047) (0.050) (0.143) 

Winter 0.229*** 0.241*** 0.141 

 (0.033) (0.035) (0.311) 

User Fee -0.008*** -0.009*** 0.005*** 

 (0.000) (0.000) (0.000) 

Median Yearly Income 0.000 0.000*** - 

 (0.000) (0.000) - 

Households Size 0.006 0.048*** - 

 (0.005) (0.010) - 

House Tenure, Own -0.114** -0.119 - 

 (0.045) (0.081) - 

House Tenure, Rented -0.089 0.007 - 

 (0.065) (0.117) - 

Years Living in the Area -0.000 -0.008*** - 
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Variables 

Baarsma and 

Hop (2009) Random Parameter Linear Model 

Part a Part b 

Weighted 

Utility Utility 

Standard deviation of Parameter 

distribution 

 (0.001) (0.002) - 

Metropolitan Statistical Area 

(MSA) 
-0.036 0.161** - 

 (0.041) (0.074) - 

Electric Dependent Sick 

Households Member 
-0.030 0.326*** - 

 

 (0.042) (0.075) -  

Backup Energy Source 0.119*** 0.345*** -  

 (0.043) (0.077) -  

Affected by a Power Outage 0.035 0.388*** -  

 (0.034) (0.062) -  

Constant -0.813*** 3.842*** 1.287***  

 (0.074) (0.112) (0.031)  

    
 

Observations 13,824 13,824  
 

     
 

Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1  

 

Appendix Table B.4. Estimated Results for Frequency Power Outage Model with Household 

Characteristics and Demographics 

 

Baarsma and 

Hop (2009) 

Random Parameter Linear 

Model 

 Part A4 a Part A4 b 

Variables 

Weighted 

Utility Utility 

Standard 

deviation of 

Parameter 

distribution 

     
24-hour Base category 0.130*** 0.301*** - 

 (0.031) (0.066) - 

ln Frequency 0.137*** 0.151*** 0.232*** 

 (0.012) (0.013) (0.032) 

User Fee -0.009*** -0.010*** 0.008*** 

 (0.000) (0.000) (0.000) 

Median Yearly Income -0.000 0.000*** - 

 (0.000) (0.000) - 

Metropolitan Statistical Area 

(MSA) 0.043 0.246*** - 



225 

 

 

Baarsma and 

Hop (2009) 

Random Parameter Linear 

Model 

 Part A4 a Part A4 b 

Variables 

Weighted 

Utility Utility 

Standard 

deviation of 

Parameter 

distribution 

 (0.038) (0.082) - 

Households Size -0.003 0.027** - 

 (0.005) (0.011) - 

House Tenure, Own 0.069* 0.155* - 

 (0.041) (0.090) - 

House Tenure, Rented 0.064 0.183 - 

 (0.060) (0.129) - 

Years Living in the Area 0.001 -0.007*** - 

 (0.001) (0.003) - 

Electric Dependent Sick 

Households Member 
0.018 0.350*** - 

 

 (0.038) (0.083) -  

Backup Energy Source -0.115*** -0.010 -  

 (0.039) (0.085) -  

Affected by a Power Outage -0.053* 0.223*** -  

 (0.031) (0.068) -  

Constant 0.689*** 5.464*** 1.677***  

 (0.056) (0.117) (0.028)  

    
 

Observations 13,824 13,824  
 

     
 

Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1  

 

Appendix Table B.5. WTP Values Per Event for Various Durations and Frequencies Based on the 

Models Estimated with Household Characteristic and Demographics 

 

 

Baarsma and Hop 

(2009) 

Random Parameter 

Linear Model 

Difference                              

(Part A5 b-Part A5 a) 

 Part A5 a Part A5 b   
Duration of Outage 

(One per year) 

Mean 

WTP ($) 

Marginal 

WTP ($) 

Mean 

WTP ($) 

Marginal 

WTP ($) 

Mean 

WTP ($) 

Marginal 

WTP ($) 

1 hour -77.33 - -83.08 - -5.75 - 

4 hours 3.77 1.26 5.69 1.90 1.92 0.64 

8 hours 44.33 10.14 50.08 11.10 5.75 0.96 

24 hours 108.60 4.02 120.43 4.40 11.83 0.38 
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72 hours 172.88 1.34 190.78 1.47 17.90 0.13 

120 hours 202.76 0.62 223.49 0.68 20.73 0.06 

Number of outages 

(of 8 hours) 

Mean 

WTP ($) 

Marginal 

WTP ($) 

Mean 

WTP ($) 

Marginal 

WTP ($) 

Mean 

WTP ($) 

Marginal 

WTP ($) 

1 every 10 years 16.11 - 17.63 - 1.52 - 

1 every 5 years 23.60 7.49 25.83 8.20 2.23 0.71 

1 every other year 35.16 3.85 38.49 4.22 3.33 0.37 

1 per year 44.64 1.90 48.86 2.07 4.22 0.18 

2 per year 54.45 0.98 59.60 1.07 5.15 0.09 

4 per year 64.43 0.50 70.53 0.55 6.10 0.05 

 

Appendix Table B.6. Mean WTP ($) Per Event at Various Combination Frequency and Duration 

Levels Based on Models Estimated with Household Characteristics and Demographics 

Frequency 

  
1 every 

20 years 

1 every 

25 years 

1 every 

10 years 

1 every 

5 years 

1 every 

other 

year 

1 per 

year 

2 per 

year 

4 per 

year 

Duration 
Scenari

o 2 

Scenari

o 2 

Scenari

o 1 

Scenari

o 1 

Scenari

o 1 

Scenari

o 1 

Scenari

o 1 

Scenari

o 1 

Baarsma and Hop (2009) 

4 hours 0.19 0.15 1.36 1.99 2.97 3.77 4.60 5.45 

8 hours 2.22 1.77 16.00 23.43 34.91 44.33 54.07 63.98 

24 hours 5.43 4.34 39.19 57.41 85.54 108.60 132.47 156.76 

72 hours 8.64 6.92 62.38 91.39 136.16 172.88 210.87 249.53 

120 

hours 

10.14 8.11 73.17 107.19 159.70 202.76 247.32 292.67 

RPLM 

4 hours 0.28 0.23 2.05 3.01 4.48 5.69 6.94 8.22 

8 hours 2.50 2.00 18.07 26.47 39.44 50.08 61.08 72.28 

24 hours 6.02 4.82 43.46 63.66 94.85 120.43 146.89 173.83 

72 hours 9.49 7.60 68.52 100.38 149.55 189.88 231.61 274.08 

120 

hours 11.17 8.94 80.65 118.14 176.02 223.49 272.60 322.58 
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Appendix C - Models Estimated Using a Single Disaster 

Preparedness Information Source 

Appendix Table C.1. Ordered Probit Estimation Results for the Perceived Level of Disaster 

Preparedness (Model A) and for the Perceived Level of Wildfire Preparedness (Model B), Taking 

into Account Only a Single Disaster Preparedness Information Source. 

 

Variable 

Model A Model B 

Perceived level of disaster 

preparedness 

Perceived level of wildfire 

preparedness 

   

GP 1.02 -0.24 
 (0.68) (0.45) 

2018 -0.23** -0.21 
 (0.11) (0.15) 

2019 0.01 0.17 
 (0.11) (0.17) 

GP*2018 -0.81 0.66 
 (0.68) (0.54) 

GP*2019 -1.00 0.00 
 (0.69) (.) 

Other sources 0.43*** 0.36* 
 (0.16) (0.21) 

Other sources*GP -0.07 -0.42 
 (0.59) (1.18) 

Television/radio 0.25*** 0.38*** 
 (0.09) (0.14) 

Television/radio*GP 0.00 0.01 
 (0.24) (0.55) 

Internet 0.43*** 0.45*** 
 (0.12) (0.16) 

Internet*GP 0.31 -0.48 
 (0.39) (1.15) 

Print 0.37** 0.47** 
 (0.15) (0.22) 

Print*GP 0.03 0.10 

 (0.60) (0.92) 

Public 1.05*** 0.71*** 

 (0.22) (0.26) 

Public*GP -1.47*** -0.84 

 (0.56) (1.14) 

Networks 0.61*** 0.57** 

 (0.18) (0.25) 



228 

 

Networks*GP 0.12 -0.13 

 (0.53) (0.89) 

Exp 0.28*** 0.47*** 
 (0.09) (0.13) 

Exp*GP 0.22 0.41 
 (0.24) (0.53) 

Age 0.01*** 0.01** 
 (0.00) (0.00) 

Fem -0.08 -0.09 
 (0.08) (0.13) 

Own 0.05 -0.01 
 (0.09) (0.15) 

Others -0.28 -0.16  

 (0.24) (0.46) 

Educ 0.20** -0.10 
 (0.09) (0.15) 

Moinc 0.00 0.00 
 (0.00) (0.00) 

White 0.07 0.19 
 (0.10) (0.16) 

Level (cut) 1 Threshold -0.38** -0.32 
 (0.16) (0.27) 

Level (cut) 2 Threshold 0.15 0.20 
 (0.16) (0.26) 

Level (cut) 3 Threshold 0.77*** 0.87*** 
 (0.16) (0.26) 

Level (cut) 4 Threshold 1.25*** 1.30*** 
 (0.16) (0.27) 

Log Likelihood -1113.31 -471.14 

Pseudo R2 0.06 0.06 

AIC 2286.63 1000.28 

   

Observations 836 353 

Note: Asymptotic standard errors are in parentheses. *** denotes p<0.01, ** denotes p<0.05, and 

* denotes p<0.1. Both dependent variables are ordinal variables measuring the perceived 

likelihood of being prepared for a wildfire (disaster). Level 0 is if the household is not prepared 

and they do not intend to prepare in the next year. Level 1 is if the household is not prepared but 

intends to start preparing in the next year. Level 2 is if the household is not prepared but intends 

to get prepared in the next six months. Level 3 is if the household has been prepared for the last 

year. Level 4 is if the household has been prepared for more than a year and continues preparing.
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Appendix Table C.2. Bivariate Probit Models Estimation Results for Joint Modeling of the 

Probability of a High Likelihood of a Wildfire Event Occurring and Probability of Having a High 

Perceived Confidence Level to Prepared for a Disaster (Model A) and the Probability of a High 

Likelihood of a Wildfire Event Occurring and Probability of Probability of Having a High 

Perceived Confidence Level to Prepared for a Wildfire (Model B) for Entire Study Region, Taking 

Into Account Only One Source of Information. 

  Bivariate Probit Model  

 Model A Model B 

Variables 

Part 1a Part1b Part 2a Part2b 

Estimated 

probability of a 

high likelihood 

of a wildfire 

event occurring 

Estimated probability 

of having a high 

perceived confidence 

level to prepare for a 

disaster 

Estimated 

probability of 

a high 

likelihood of a 

wildfire event 

occurring 

Estimated 

probability of 

having a high 

perceived 

confidence 

level to prepare 

for a wildfire 

GP -0.06 1.12* -0.68** -0.09 
 (0.67) (0.65) (0.28) (0.28) 

2018 0.24* -0.08 0.30** 0.03 
 (0.13) (0.13) (0.15) (0.14) 

2019 0.01 0.01   
 (0.13) (0.13)   

GP* 2018 -0.07 -0.61 0.38 0.34 
 (0.67) (0.65) (0.30) (0.29) 

GP* 2019 -0.51 -0.57   
 (0.67) (0.64)   

Other sources 0.29 0.33* 0.86** 0.21 
 (0.20) (0.18) (0.43) (0.31) 

Other 

sources*GP 
0.82 -0.75 0.21 0.21 

 (0.77) (0.72) (0.86) (0.73) 

Television/radio -0.11 0.32*** -0.26* 0.26* 
 (0.11) (0.11) (0.15) (0.15) 

Television/radio

*GP 
0.13 -0.21 0.32 -0.25 

 (0.29) (0.28) (0.32) (0.31) 

Internet 0.17 0.35*** -0.01 0.36* 
 (0.14) (0.13) (0.20) (0.19) 

Internet*GP 0.03 -0.05 0.05 -0.33 
 (0.44) (0.41) (0.47) (0.47) 

Print -0.22 0.09 -0.37 0.04 
 (0.17) (0.17) (0.22) (0.22) 

Print*GP 0.63 -0.86 0.64 0.32 
 (0.61) (0.70) (0.66) (0.70) 

Public 0.68*** 0.24 0.83** -0.04 

 (0.26) (0.21) (0.37) (0.28) 
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Public*GP -0.00 -0.25 -0.21 -1.02 

 (0.75) (0.66) (0.80) (0.89) 

Networks 0.29 0.87*** 0.19 0.61** 

 (0.21) (0.20) (0.25) (0.24) 

Networks*GP 0.25 -0.39 0.28 0.29 

 (0.63) (0.55) (0.67) (0.62) 

Exp 1.00*** 0.52*** 0.79*** 0.39*** 
 (0.11) (0.10) (0.15) (0.14) 

Exp*GP 0.21 -0.59** 0.46 0.40 
 (0.30) (0.27) (0.33) (0.30) 

Age -0.01** 0.00 -0.00 0.00 
 (0.00) (0.00) (0.00) (0.00) 

Fem 0.19* -0.19** 0.10 -0.13 
 (0.10) (0.09) (0.13) (0.12) 

Own 0.12 0.04 0.15 0.19 
 (0.11) (0.11) (0.15) (0.15) 

Others 0.27 0.35 -0.44 0.31 
 (0.31) (0.29) (0.44) (0.41) 

Educ -0.05 0.19* 0.03 0.19 
 (0.11) (0.11) (0.14) (0.14) 

Moinc -0.00* 0.00 -0.00 0.00 
 (0.00) (0.00) (0.00) (0.00) 

White -0.05 0.17 -0.22 0.26 
 (0.12) (0.12) (0.17) (0.18) 

Constant 0.11 -1.15*** 0.21 -1.27*** 
 (0.19) (0.20) (0.26) (0.26) 

Rho (tetrachoric 

correlation) 
0.07 0.17** 

 (0.06) (0.08) 

Log Likelihood -1003.67 -586.70 

AIC 2117.34 1275.40 

   

Observations 836 487 

Note: Asymptotic standard errors are in parentheses. *** denotes p<0.01, ** denotes p<0.05, 

and * denotes p<0.1. 
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