
ABSTRACT 

BURNETT, RACHEL ELIZABETH. Climate Predictors of Wildfire Size in North Carolina, 

1979-2006: A Quantile Regression Approach. (Under the direction of Mark Megalos). 

For several decades, the fire science community has sought to better predict fire 

behavior through modeling relationships between fire characteristics and fuels, topography, 

weather, and climate.  Theory suggests that spatial thresholds limit wildfire spread because 

different drivers exert a dominant influence on continued wildfire spread.  Spatial thresholds 

and cross-scale interactions have been examined in local fire datasets, but analyses for larger 

spatial scales, such as natural resource agenciesô districts or states, are lacking.  This study 

examines seven possible climate predictors [fourteen-day precipitation, Palmer Drought 

Severity Index (PDSI), Palmer Z Index, one-month and two-month Standard Precipitation 

Index (SPI1 and SPI2, respectively), El Niño-Southern Oscillation (ENSO), and North 

Atlantic Oscillation (NAO)] of aerial extent of wildfire size using quantile regression, a 

newer method of quantifying predictors along size and magnitude gradients.  Quantile 

regression can capture variation in relationships between predictors and responses in cases of 

heterogeneous variance, giving quantile regression a distinct advantage over ordinary least 

squares regression. 

 Fires occurred in twelve fuel models: Short Grass, Timber Grass and Understory, Tall 

Grass, Brush, Southern Rough, Closed Timber Litter, Hardwood Litter, Timber Litter and 

Understory, Light Logging Slash, Heavy Logging Slash, Low Pocosin, and High Pocosin.  

Fuel models, with the exceptions of Low Pocosin and High Pocosin, are identical to models 

used in popular fire decision support systems and modelling programs (e.g., BEHAVE).  

Within each fuel model, fires were spatially partitioned into three ecoregions: Coastal Plain, 



Piedmont, and Southern Appalachians.  Quantile regression was performed for all 

combinations of fuel model and ecoregion when sample size exceeded 500 using the natural 

logarithm of fire size [ln(ac)].  Fuel models that did not meet the minimum sample size for all 

ecoregions were analyzed at the state spatial scale. 

 Very small fires (<5 ac) were the most abundant class of fire size in the dataset and 

occurred regardless of climatic conditions.  Small (<50 ac) were driven by climate conditions 

in eight fuel models and three ecoregions.  ENSO was the most common driver of fire size.  

Seasonality was strongly associated with fire size for large portions of the fire size 

distribution.  The regression equations produced by this study easily compute anticipated fire 

size given the value of a climate index.  This studyôs quantile regression models will be the 

most useful to fire managers operating in areas of North Carolina that have a high density of 

fires predicted by one or more climate variables. 
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INTRODUCTION TO CLIMATE AND WILDFIRE  

 Wildfire is a frequent landscape disturbance in the southeastern United States, a 

region that has historically and consistently led the nation in highest fire frequency and 

largest total area burned (Heilman, Potter, and Zerbe 1998; Gramley 2005; Andreu and 

Hermansen-Báez 2008).  Wildfires negatively affect Wildland-Urban Interface (WUI) 

residents, present financial risks to the timber industry, and absorb vast amounts of human, 

financial, and material resources during wildfire suppression efforts led by state and federal 

natural resource agencies.  For example, Florida wildfires during June and July 1998 forced 

80,000 residents to evacuate and incurred an estimated net loss of $322 to $509 million to the 

Florida pine timber market and $133 million in wildfire suppression costs (Butry et al. 2001).  

More recently, the 2011 Bastrop County Complex Fire consumed more than 1600 homes, the 

highest loss of residences to fire in Texas history (Texas Monthly 2011).  In addition to the 

strain on residents and agencies, wildfires emit large amounts of carbon and particulate 

matter.  Large, severe wildfires rapidly release vast amounts of carbon accumulated over 

decades or centuries in forest fiber production and soils, transforming the burned forest from 

a carbon sink to a source and exacerbating the effects of anthropogenic climate change 

(Johnson et al. 2007).   

 As the current warming trend in the Southeast continues, fire scientists project an 

increase in fire frequency, intensity, severity, and total area burned.  Understanding the links 

among current climate, future climate, and wildfire activity will inform forestry agencies of 

wildfire mitigation and suppression needs in long-range plans and budgets.  Moreover, 

incorporating climate predictors of fire behavior will improve fire forecasts that ultimately 
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enable forest managers and fire scientists to protect property and mitigate the loss of natural 

resources to catastrophic fires.  Integration of climate indicators with existing models of fire 

risk and behavior needs to be congruent with stakeholder interests and needs, such as visual 

representation of forecasts and expression of forecasts in terms of thresholds important for 

operational management (Roncoli et al. 2012). 

 Fire scientists and climatologists are actively analyzing wildfire-climate relationships 

to model wildfire occurrence and behavior.  Fire-climate relationships to date have focused 

on the American West, Southwest, Pacific Northwest, and Canadian boreal forests 

(Heyerdahl, Brubaker, and Agee 2002; Westerling 2003; Collins, Omi, and Chapman 2006; 

Heyerdahl, Morgan, and Riser 2008; Heyerdahl et al. 2008; Littell et al. 2009; Nelson and 

Pierce 2010; Preisler et al. 2011).  In the West, Littell et al.ôs (2009) model predicts next 

seasonôs burned acreage using mathematical descriptions that connect wildfire size with 

maximum, minimum, and seasonal averages of temperature, precipitation, and drought at 

various lag times.  Comprehensive climate and fire models in the Southeast are less 

developed.  Identifying climate indicators that predict or precede large wildfires are needed, 

as large fires incur enormous suppression costs and may pose a threat to ecosystem health, 

especially in forests ill-adapted to high-intensity, stand-replacing fires (Dale et al. 2000).   

The Southeastôs Growing Fire Risk 

 Average annual temperatures in the Southeast have gradually increased since the mid-

1970s, and thus the period 2001-2010 is the warmest decade on record (Konrad and 

Fuhrmann 2012).  Climatologists project that annual temperatures will continue on this 

warming trend with the largest increases occurring during summer.  It is also likely that the 
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length of time between the last spring frost and first autumn frost will increase; the number of 

freezing days has declined by four to seven days across the Southeast since the mid-1970s 

(Bardon et al. 2010).  The Southeast has experienced droughts in the past, and these events 

will continue to occur in the future with the strong possibility of more frequent and severe 

droughts for some areas of the region (Konrad and Fuhrmann 2012).  Continued changes in 

climate are likely to increase fire frequency, intensity, and acres burned, and lengthen the fire 

season (Flannigan, Stocks, and Wotton 2000; Hanson and Weltzin 2000; McNulty et al. 

2012).  Fire risk projections estimate increases in fire potential ratings over the next 30 years.  

Elevations in fire risk may be greatest in the Southern Appalachians where fire potential in 

the fall may double from current ratings by 2040 (Liu, Goodrick, and Stanturf 2012).  

Projections of future wildfire activity are complicated by uncertainties inherent to climate 

models, ecosystem responses, and human management decisions. 

Wildfire and Climate Interactions  

 Weather, topography, and fuel properties have the greatest impact on individual fire 

behavior and fire risk on short temporal scales (Pyne, Andrews, and Laven 1996).  Climate 

influences entire fire seasons and interannual, decadal, and century-scale variability because 

climate affects fuel loading and moisture content for multi-year periods (Lafon, Hoss, and 

Grissino-Mayer 2005; Liu, Goodrick, and Stanturf 2012).  Net changes in fuel loading and 

moisture content will likely be influenced by the seasonal timing and duration of warmer 

temperatures, resilience of vegetation to heat stress, and the presence of other forest stressors 

(e.g., pests, diseases, and wind-throw events). 
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 Projected increases in annual temperatures will most likely result in drier fuels and 

may lead to a decreased fuel load during particularly hot and dry growing seasons.  Warm 

temperatures accelerate loss of fuel moisture from downed fuel (hardwood and needle litter, 

woody debris, fine fuels, etc.) and in live vegetation resulting in more flammable fuels, 

quicker rates of fire spread, and longer fire seasons (Pyne, Andrews, and Laven 1996; 

McNulty et al. 2012).  Heat stress can increase mortality and ultimately the amount of 

available dead fuel, an important component of fuels burned in many southeastern forest 

communities.  Higher temperatures reduce water availability for plants and may result in 

reduced aboveground biomass production and decreased fuel loading (McNulty et al. 2012). 

 Current projections of future precipitation are uncertain, yet local changes in the 

frequency and amount of precipitation will undoubtedly affect fire activity.  In south-central 

Florida, inclusion of daily precipitation and cumulative rainfall anomalies has led to more 

effective statistical models of fire activity (Slocum et al. 2010a).  The impact of precipitation 

on wildfire behavior is complex and varies along temperature and moisture gradients due to 

its contrasting effects on fuel moisture content and loading (McNulty et al. 2012).  

Precipitation can increase fuel moisture to inhibit ignition on a particular day or douse flames 

of ongoing fires.  In contrast, the absence of precipitation reduces the amount of heat 

required to ignite the fuel, promoting fire growth.  If precipitation decreases or is more 

variable in the future, then this new pattern will augment the drying effects of warmer 

temperatures.  Temperature may have a more significant effect on fire behavior than 

precipitation as higher temperatures can desiccate fuels in the absence of altered precipitation 
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patterns and may reduce fuel moisture even with slight increases in precipitation.  (Guyette et 

al. 2012).   

 Periodic drought has been cited as a leading cause in many of the nationôs largest, 

most intense wildfires from Yosemite National Park, CA to Bastrop, TX to the swamp fires 

of Georgia and Florida (Andreu and Hermansen-Báez 2008; Freedman 2013).  The Southeast 

typically has high precipitation, creating fuels with high moisture content and facilitating 

high net primary productivity (Guyette et al. 2012).  The resultant high fuel load is 

vulnerable to fire during short-term dry spells and droughts.  Because wet periods favor 

higher aboveground biomass production, the rapid switch from wet to dry conditions 

desiccates a higher fuel load and favors large, high-intensity fires (Kitzberger, Swetnam, and 

Veblen 2001; Guyette, Spetich, and Stambaugh 2006).  Drought-induced dry fuels promote 

rapid rates of spread and hazardous firefighting conditions that hinder suppression efforts and 

facilitate the burning of large swaths of land.  Prolonged moisture deficits decrease fuel 

moisture, stress live plants, increase mortality, and dry large logs and deep duff, fuels not 

typically available under normal moisture conditions (Pyne, Andrews, and Laven 1996).  In 

the Southeast, increases in drought result in mortality of short-stature plants that elevate 

regional fire risk; drought-induced dieback of mature trees is a local phenomenon, affecting 

local fire risk (Hanson and Weltzin 2000).   

 Periodic climate events and oscillations, such as El Niño-Southern Oscillation 

(ENSO), affect fuel loading and moisture content by causing seasonal temperatures and/or 

precipitation to deviate from average conditions.  In the Southeast, ENSO periodically 

(typically every three to seven years) causes cooler, wetter winters or warmer, drier winters.  
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ENSO-induced shifts in temperature and precipitation patterns consequently alter fuel 

loading and moisture.  Studies of ENSO-induced changes in fire regime in Florida indicate 

that fires occur with higher frequency and burn larger areas compared to normal during the 

warm and dry ENSO phase (La Niña), whereas fire activity is depressed during the cool and 

wet phase (El Niño) (Beckage et al. 2003).  Fire activity may increase in the year following 

El Niño; this ENSO phase increases production of fine fuels which can desiccate under 

normal or drought conditions, leading to higher fire activity in subsequent years (Kitzberger, 

Swetnam, and Veblen 2001; Harrison 2004). 

Using Climate to Model Fire Activity  

 Historical fire regimes and wildfire activity have been connected to various climate 

variables.  Droughts and warmer-than-normal conditions typically produce regionally 

synchronous wildfire activity and more extensive burning (Flatley, Lafon, and Grissino-

Mayer 2011; Heyerdahl et al. 2008a; Heyerdahl et al. 2008b; Morgan, Heyerdahl, and 

Gibson 2008; Lafon, Hoss, and Grissino-Mayer 2005).  The effects of precipitation and 

multi-year oscillations, such as ENSO, Pacific Decadal Oscillation, and Atlantic Multi-

decadal Oscillation, are regionally and locally specific (Heyerdahl, Brubaker, and Agee 

2002; Beckage et al. 2003; Harrison 2004; Heyerdahl et al. 2008a; Heyerdahl et al. 2008b; 

Littell et al. 2009).  Researchers have successfully determined correlative and regressive 

relationships between historic fire regimes and historic climate patterns for many regions of 

North America and beyond.  These successes have spurred an interest in creating predictive 

relationships between fire and climate for use in wildfire suppression, prescribed burn 

planning, and forest management.  Most of the research quantifying climate-fire interactions 
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for the purposes of model construction is concentrated in the West (Littell et al. 2009; 

Preisler et al. 2011).  Because Western forests are typically moisture-limited, models are able 

to predict regional fire occurrence and total area burned with precipitation patterns and 

variables related to the moisture climate (Littell et al. 2009).  Southeastern forests are not 

often moisture-limited, and models of fire behavior need to incorporate several measures of 

climatic, fuel, topographic, and meteorological variables to predict occurrence and acres 

burned.  Previous studies in the Southeast have focused on general relationships between fire 

characteristics and temperature, precipitation, and ENSO using correlation or linear 

regression techniques (Beckage et al. 2003; Guyette, Spetich, and Stambaugh 2006; Maingi 

and Henry 2007).  Few studies have focused on identifying and quantifying multiple climate 

drivers of fire activity, and fewer still have examined relationships along a magnitudinal 

gradient of a single fire characteristic such as size, intensity, or severity (e.g., Slocum et al. 

2010b). 

Conclusions 

 Wildfire is a frequent landscape disturbance in the southeastern United States, 

negatively impacting residents, agencies, and the timber industry (Heilman, Potter, and Zerbe 

1998; Gramley 2005; Andreu and Hermansen-Báez 2008).  As temperatures warm and 

droughts continue, the frequency of large, intense, and severe wildfires will increase, 

applying pressure on wildfire suppression resources and natural resource agencies 

(Flannigan, Stocks, and Wotton 2000; Hanson and Weltzin 2000; McNulty et al. 2012).  The 

fire science community is actively researching predictive relationships between aspects of 

fire behavior and the environment for use in decision-support systems for wildfire 
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suppression and prescribed burning, forest prescriptions and management, and long-range 

agency planning and budgeting.  As relationships for weather, fuels, and topography are 

well-established, climate relationships to fire behavior are the next frontier for predictive 

services and tools.  The majority of climate-fire research has focused on the American West 

and boreal forests; similar and more comprehensive studies of climate and fire interactions 

are needed in the Southeast to advance fire science and predictive tools in this region. 
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CLIMATE PRED ICTORS OF FIRE SIZE IN NORTH CAROLINA  

Introduction  

 Studies of ecological phenomena indicate the importance of structuring processes, 

spatiotemporal scales, and cross-scale interactions in determining how phenomena grow in 

magnitude or intensity (Peters et al. 2004; Allen 2007; Peters, Bestelmeyer, and Turner 

2007;).  These studies led to the development of scale threshold theory, a framework for 

understanding ecological disturbance.  Scale threshold theory posits that the magnitude of a 

disturbance is dominantly driven by an outside factor at a certain rate until it crosses a scale 

threshold.  The threshold marks the point at which the driving process determining the size 

and/or intensity of a disturbance event transitions to another dominant driver (Allen 2007; 

Peters, Bestelmeyer, and Turner 2007).  Periods between scale thresholds are behavioral 

stages. Finer scale structuring processes provide an understanding of behavior at a particular 

scale while broader scale structures generally impose limitations on the continuation of a 

disturbance or behavior (Peters, Bestelmeyer, and Turner 2007). 

 Wildfire is one of many ecological disturbances that appears to be controlled by 

structuring processes of ecosystem dynamics at various spatial scales.  The importance of 

structure and scale is easily seen by following the development of a wildfire.  Peters et al. 

(2004) suggest that wildfire increases in size and intensity in four behavioral stages.  The first 

is an initiation stage in which an ignition source (e.g., lightning) kindles a single fuel item 

(e.g., tree or clump of grass).  The second ñwithin-patchò stage consists of fire propagating 

through a relatively homogeneous patch of fuel (e.g., a patchwork of grasses) and may lead 

to an ñamong-patchesò stage in which the fire burns multiple fuel types (e.g., litter, shrubs, 
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and small trees).  The fourth stage involves broad-scale feedbacks in which the heat produced 

allows the fire to generate its own weather, burn fuels that are not readily combustible, and 

engage in extreme behavior supporting rapid rates of spread.  Scale threshold theory expects 

large and intense disturbances (stage four) to be rare because only events that cross all 

thresholds have the ability to become large and/or intense.  If the dominant driver at a 

threshold is not present, then a fire should stay in its current stage of behavior rather than 

proceeding to the next stage.  Slocum et al. (2010b) demonstrate that weather patterns and 

climate drive wildfire size in Florida according to scale threshold theory.  Small (10
th
 to 25

th
 

percentile) fires were driven by wind; intermediate-sized fires were negatively correlated 

with relative humidity; and fires with sizes at the 75
th
 percentile and higher were dominantly 

driven by drought conditions. 

 The finer scale structures governing fire spread in scale threshold theory are likely 

short-term weather, topography, and fuel characteristics; the influence of these fine-scale 

structures on fire behavior is well documented, resulting in the development of several fire 

models and management technologies (e.g., BEHAVE).  Broader scale structures are likely 

related to persistent moisture conditions (e.g., drought) related to climatic phenomena.  

Recent fire modelling efforts have focused on describing the relationship between large-scale 

atmospheric processes and fire behavior; however, quantitative expressions and predictions 

geared toward fire management are lacking, with a few notable exceptions (Littell et al. 

2009; Preisler et al. 2011; Guyette et al. 2012). 

 There have been previous attempts to model climate-fire relationships in North 

Carolina, but these efforts have not found success in determining climate predictors of fire 
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occurrence, frequency, or behavior (Gary Curcio, personal communication).  I believe that 

this failure to produce significant relationships stems from a reliance on traditional linear 

regression methods that focus on measures of centrality (e.g., ordinary least-squares).  

Quantile Regression 

 Traditional regression is limited by its assumptions of linearity, constant variance, 

independence, and normality of response distributions.  Fire data is known to have 

heterogeneous variance, non-normal error distribution, and long-tailed distributions with 

outliers, violating the variance and normality assumptions and making traditional modelling 

approaches poor fits (exemplified in Slocum et al. 2010b).  Quantile regression, a newer 

regression technique, provides a more robust estimate of relationships for datasets with 

heterogeneous variance, which indicates multiple rates of change, and non-parametric 

distributions (Koenker and Bassett 1978). 

 Quantile regression analyzes predictor-response relationships at particular quantiles, 

or cut-off points, along some distribution of the response variable (here, wildfire size).  

Quantile regression extends the concept of linear regression with a univariate quantile to a 

conditional quantile given one or more covariates (Chen 2005).  When predictor variables 

exert a change in both the mean and variance of the distribution of y, a situation of unequal 

variance occurs.  Consequently, changes in the quantiles of the response across predictor(s) 

are not the same for all values of quantiles (Ű).  Slope estimates (b1(Ű)) differ across quantiles 

because the variance in the response changes as a function of predictors and each quantile 

exerts an effect on the unknown error distribution (Cade and Noon 2003). 
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 Regression quantile estimates can be thought of as a series of planes that are 

sequentially above an increasing proportion of the sample observations as the value of Ű 

increases (Cade and Noon 2003).  Any quantile can be calculated using the formula 

Q(Ű)=inf {y: F(y) Ó Ű} 

wherein the Űth quartile (Q(Ű)) is the inverse function of some random variable (y) with a 

probability distribution function (F(y)) and where 0<Ű<1.  Conditional quantiles can also be 

understood as  

Qy (Ű|X). 

For the example of Ű=0.90, Qy (0.90|X) is the 90
th
 percentile of the distribution of y 

conditional on the values of X. Thus, 90% of y values are less than or equal to the specified 

function of X (Cade and Noon 2003).  Note that the median, Q (0.50), equals the mean under 

symmetric distributions (Chen 2005). 

 Estimates of model parameters are found by solving the minimization problem 

b(Ű)=argminɓⱦR
ɟ
 Ɇ ɟŰ(yi - xiËɓ) 

where b(Ű) is the regression quantile, ɟŰ=z(Ű-I(z<0)), I is an indicator function, and Ű lies in 

the interval [0, 1].  This formula is subsequently used to estimate the linear conditional 

quantile function  

Q(Ű|X=x) = xËɓ(Ű) 

(Chen 2005).  Since ɓ(Ű) is an unknown parameter, b(Ű), a known statistic from the sample 

data quantified in the previous minimization problem, replaces ɓ(Ű) in the linear conditional 

quantile function. 
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 Quantile regression has the potential to tell a story of how climate variables influence 

fire size across a distribution of acreage burned.  Quantile regression captures nuances in the 

relationships between predictors and a response that regression with ordinary least squares 

lacks.  A classic example of the advantage of quantile regression is the relationships between 

stream morphology and Lahonton cutthroat trout.  Quantile regression determined that the 

ratio of stream width to depth had a significant negative, non-linear relationship with trout 

density in the upper 30% (Ű Ó 0.70) of cutthroat trout densities (Dunham, Cade, and Terrell 

2002).  Analysis with ordinary least squares did not find a significant relationship between 

stream morphology and trout density.  Without the use of quantile regression, the authors 

would have mistakenly concluded that cutthroat trout density is independent of stream width 

to depth ratio.  Similarly, utilizing quantile regression in this study of fire activity and climate 

may reveal significant relationships at particular quantiles along a distribution of acreage 

burned that would not be obtained with the sole use of ordinary least squares regression. 

Research Questions 

 Quantile regression has seldom been applied to fire science, and it has not been 

applied to a fire dataset of this spatial scale and size.  Furthermore, scant research has 

focused on similarities and differences of fire-climate relationships between fuel models and 

ecoregions in the Southeast.  As such, I analyzed the effect of seven climate predictors of 

wildfire size in three ecoregions of North Carolina using a quantile regression approach.   
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 This study focuses on three questions: 

1. What are the estimates of the y-intercept (b0) and slope (b1) for quantile regression 

models of climate predictors of wildfire size for thirteen fuel models and three 

ecoregions (Coastal Plain, Piedmont, and Southern Appalachians) in North Carolina? 

2. Do climate predictors of wildfire size differ among fuel models? 

3. Do climate predictors of wildfire size differ among ecoregions for the same fuel 

model? 

 I expect similar fuel models to have comparable climate-fire relationships.  Therefore, 

fire size for a class of fuel models (e.g., grass models and litter models) may be predicted at 

similar quantiles by a common climate variable.  I expect ecoregions nested within fuel 

model to have similar climate predictors (e.g., Palmer drought indices or climate 

oscillations). 

Methods 

Fire Data 

 The North Carolina Forest Service (NCFS) contributed wildfire reports from 1979 to 

2006.  The NCFS writes a report for all fires to which it responds regardless of the fireôs size; 

the reports include identification numbers, location, dates and times of fire reporting and 

firefighting stages, fire behavior and fuel model, and protected and damaged assets and 

resources.  Reports included a fuel model classification.  Fuel models, with the exceptions of 

Low Pocosin and High Pocosin, correspond to the original thirteen fuel models constructed 

by Richard C. Rothermel; they mathematically describe relationships between fire behavior 

and combustible fuels, weather, and topography (Table 1).  These equations form the 
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backbone of the BEHAVE program, a decision-support system for fire practitioners that is 

commonly used during wildfire suppression and prescribed burning activities (Andrews 

1986).  

 

Table 1.  Fuel model descriptions (Anderson 1982; Richardson 1991).  Parenthetical numbers refer to 

the corresponding BEHAVE model. 

Fuel Model Description 

Short Grass (1) Rapidly moving surface fire spreads via fine, porous, continuous 

herbaceous fuels that have cured or nearly cured. 

Timber Grass and 

Understory (2) 

Surface fires spread via herbaceous fuels, curing or dead, and litter 

accumulated in an open shrub or timber overstory. 

Tall Grass (3) Intense fire spreads through tall grass (about three feet tall), at least one 

third of which is cured or dead. 

Brush (5) Low-intensity surface fire moves through shrub litter, grasses, and forbs 

in the understory.  Shrubs are short and young with little dead woody 

stems. 

Southern Rough (7) Fire burns through surface and shrub layers.  Shrubs are generally 

between two and six feet, and foliage is highly flammable. 

Closed Timber Litter 

(8) 

Slow-burning ground fires consume a compact short-needle conifer and 

hardwood litter layer beneath a closed canopy. 

Hardwood Litter (9) Surface fires move faster than model 8 under a closed canopy of long-

needle conifers and hardwoods. 

Timber Litter and 

Understory (10) 

More intense fires move through heavy down woody debris, ground, and 

surface fuels.  Crowning, spotting, and torching are common in this fuel 

model. 

Light Logging Slash 

(11) 

Fire moves through herbaceous material and light slash associated with 

thinning and partially cutting mixed conifer-hardwood stands. 

Heavy Logging Slash 

(13) 

Nearly all slash is greater than three inches in diameter.  Fuel loads can 

surpass 200 tons/acre. 

Low Pocosin Palustrine system characterized by organic, peat soils; seasonal, 

intermittent, or semi-permanent flooding; vegetation is shorter than six 

meters 

High Pocosin palustrine system characterized by organic, peat soils; seasonal, 

intermittent, or semi-permanent flooding; vegetation is taller than six 

meters 

 

Climate Data 

 I included total precipitation in the fourteen days leading to a wildfire, and monthly 

values of Palmer Drought Severity Index, Palmer Z Index, one-month and two-month 
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Standard Precipitation Index, El Niño-Southern Oscillation, and North Atlantic Oscillation.  

Precipitation data are modeled; values of climate indices and oscillations are derived from 

historic records. 

Fourteen-day precipitation totals may be useful in bridging the gap between daily 

moisture measurements and monthly drought index values.  I obtained daily gridded 

precipitation data generated by Parameter-elevation Regressions on Independent Slopes 

Model (PRISM) using the High-resolution Climate Extractor (HCE), developed and 

supported by USDA Natural Resources Conservation Service, West National Technology 

Support Center, and Water Quality and Quantity National Technology Development Team.  

PRISM products, developed by Christopher Daly and Oregon State Universityôs PRISM 

Climate Group, currently are the most widely used climate datasets in the United States and 

provide robust estimates of historic and current weather and climate (Daly and Bryant 2013).  

PRISM is an expert system based on computerized climate mapping, regression functions, 

and algorithms.  The model calculates a local climate-elevation regression for each pixel of a 

computerized climate map and uses nearby weather stations to populate data.  PRISM 

distinguishes between areas of varying elevations, slope, and aspect, and adjusts regression 

functions to reflect changes in terrain, giving PRISM a distinct advantage in areas with 

complex physiographic features (e.g., coastlines and mountain ranges) that are present in this 

studyôs dataset (Daly and Bryant 2013). 

 HCE extracts PRISM data at 4 km (2.5 min) spatial resolution based on latitude and 

longitude coordinates.  Daily PRISM calculations have a slight bias as some weather stations 

report data at different times (e.g. 10 a.m. and 10 p.m. versus 12 a.m. and 12 p.m.).  Data 
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calculations spanning fourteen days or longer have a less severe bias (personal 

communication, Ryan Boyles and Heather Dinon Aldridge, North Carolina State Climate 

Office).  Summing precipitation over fourteen days should sufficiently diminish the time bias 

for the purposes of this study. 

I used historic records of monthly Palmer Drought Severity Index (PDSI), Palmer Z 

Index, and Standard Precipitation Index (SPI) from National Climatic Data Center 

electronically stored by North Carolina State Climate Office in Raleigh, NC.  All three 

indices provide measures of drought and are spatially resolved by climate division: Northern 

Mountains, Southern Mountains, Northern Piedmont, Central Piedmont, Southern Piedmont, 

Northern Coastal Plain, Central Coastal Plain, and Southern Coastal Plain. 

Palmer Drought Severity Index (PDSI), Palmer Z Index, and Standardized 

Precipitation Index (SPI) are useful measures of drought, but differ in their methodology, 

assumptions, and limitations.  PDSI measures meteorological drought (absence or reduction 

in precipitation) based on a monthly water balance model that incorporates the effects of 

precipitation and temperature and computes a monthly departure from normal (Heim 2002).  

PDSI values are calculated by establishing a ñnormalò monthly water accounting for an area 

through precipitation, evapotranspiration, soil moisture loss and recharge, and runoff 

processes, and computing a monthly departure from that normal (Heim 2002).  PDSI has a 

long memory; an imbalance in one monthôs water accounting may affect future monthly 

water balances for a year or longer.  Palmer created a normalized index with the intent of 

comparing PDSI values across space and time, although the suitability of such comparisons 

is questionable (Alley 1984).  Palmer Z Index is variation of PDSI that reflects how the 
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moisture climate of a particular month departs from the average moisture climate of that 

particular month (Heim 2002).  Values for Palmer indices generally range from -4.00 to 

+4.00 on a scale of extreme drought to extreme moisture, respectively.  SPI differs from 

PDSI and Palmer Z Index in that it does not include a temperature component; it is 

precipitation-driven.  SPI quantifies deficits in precipitation for multiple time scales and 

behaves like a simple moving average (Heim 2002).  Unlike PDSI, the spectral 

characteristics of SPI do not vary spatially, making it more appropriate for region-to-region 

comparisons (Guttman 1998).  SPI values generally range from -3.00 to +3.00 on a scale of 

drought to abnormally wet, respectively.  In a recent study of fire risk climatology and 

predictability in North Carolina, PDSI, Palmer Z Index, one-month SPI (SPI1), and two-

month SPI (SPI2) were promising indicators for two National Fire Danger Rating System 

parameters, Keetch-Byram Drought Index and Energy Release Component (Davis 2013). 

 The El Niño-Southern Oscillation (ENSO) describes typical and anomalous patterns 

in easterly trade winds, sea surface temperature, and air pressure in the equatorial Pacific 

Ocean.  The typical patterns consist of rising air in the western equatorial Pacific Ocean near 

Australia and simultaneous upwelling of deep, cold water to the sea surface in the eastern 

equatorial Pacific Ocean near Peru.  This typical condition is the Neutral phase of ENSO.  

Anomalous conditions occur when easterly trade winds weaken or strengthen.  When trade 

winds weaken, or even reverse direction, western equatorial Pacific experiences higher than 

normal surface air pressure and eastern equatorial Pacific experiences less upwelling, 

resulting in higher sea surface temperatures.  The weakening of trade winds and its effects 

are referred to as El Niño phase.  When trade winds are much stronger than normal, 
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upwelling action in the eastern equatorial Pacific increases creating cooler sea surface 

temperatures and surface air from western equatorial Pacific descends further east near Peru. 

 This temperature-surface air pressure coupling affects temperature and precipitation 

patterns in the southeastern United States with impacts to agriculture and forestry sectors 

(Hansen, Hodges, and Jones 1998; Hansen et al. 1999; Dinon 2011).  During El Niño 

conditions, the Southeast generally experiences wetter and cooler winters; during the La Niña 

phase winters are warmer and drier.  Anomalous El Niño and La Niña phases tend to occur 

every three to seven years.  These differences in temperature and precipitation impact 

wildfire activity by altering fuel loading and moisture (McNulty et al. 2012).  In North 

Carolina, ENSO has a stronger teleconnection in the Coastal Plain than in the Southern 

Appalachians.  Yinôs (1994) study of correlations between climate oscillations and drought in 

the Southeast found that ENSO is positively correlated in the Coastal Plain and Piedmont of 

North Carolina.  During El Niño events, the Coastal Plain tends to be drier than normal; 

conversely, during La Niña events, the Coastal Plain tends to be wetter than normal.  

Moisture conditions in the Southern Appalachians are less affected (Yin 1994). 

 There are several definitions of ENSO related to how phases are quantitatively 

defined and how ENSO is organized into years or periods.  A study of impacts of ENSO to 

agriculture in the Southeast found the Multivariate ENSO Index (MEI) to be most 

appropriate for evaluating impact to crops during winter (December-January-February), 

spring (March-April -May), and the growing season compared to two other popular ENSO 

quantifications: Japan Meteorological Agency and Oceanic Niño Index (Dinon 2011).  MEI 

is calculated with six variables: sea level pressure, zonal component of surface wind, 
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meridional component of surface wind, sea surface temperature, surface air temperature, and 

total cloudiness fraction of the sky (Wolter and Timlin 1993).  Sliding bimonthly ñseasonalò 

averages (Dec-Jan, Jan-Feb, Feb-Mar, etc.) are separately computed; seasonal averages are 

standardized with respect to its seasonôs variability, facilitating within-season comparison 

from year to year (Wolter and Timlin 1993). 

 I used the Multivariate ENSO Index (MEI), an index useful for evaluating the impact 

of ENSO in the agricultural sector (Dinon 2011).  I obtained MEI values from NOAA.  To 

derive monthly values from sliding bimonthly MEI values, I used the values of month(i) and 

month(i-1) as if they were the value of month(i) alone.  This treatment of MEI values 

incorporates the lag associated with the response of global atmosphere to tropical sea surface 

temperature anomalies; Wolter verified this process for the southwestern United States 

(Wolter n.d.). 

 The North Atlantic Oscillation describes the action of two pressure centers in the 

North Atlantic Ocean, an area of low pressure near Iceland and an area of high pressure over 

the Azores in the eastern part of the North Atlantic.  NAO exhibits strong summer, winter, 

and transitional seasonal patterns as it systematically contracts northward in summer and 

expands southward in winter (Barnston and Livezey 1987).  Positive NAO, a strengthening 

of the Icelandic low and the Azores high, is correlated with above average temperatures and 

wetter winter patterns.  Negative NAO, a weakening of pressure areas, is correlated with the 

movement of colder, drier air moving south from Canada into the eastern U.S.  Note that 

while ENSO and NAO both influence temperature and precipitation patterns, the 

complementary phases of the oscillations are not synchronized (e.g. El Niño and negative 
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NAO both are correlated with wetter, colder winters, but do not always occur 

simultaneously).  Monthly NAO data are available from the National Weather Service 

Climate Prediction Center.  Monthly values are ascribed to the entire state regardless of 

ecoregion and fuel model.   

 These seven climate predictors (fourteen-day precipitation, PDSI, Palmer Z Index, 

SPI1, SPI2, ENSO, and NAO) span a range of temporal and spatial scales.  Table 2 

summarizes the origins, spatial resolution, and temporal scale for each climate predictor.  

These parameters act as a backdrop for more proximal predictors of fire behavior, such as 

hourly weather and fuel moisture.  Daily weather variables, such as wind speed, relative 

humidity, and temperature, are important drivers of fire behavior.  The inclusion of weather 

variables on the day of fire would have facilitated a meaningful comparison of the relative 

importance of weather and climate parameters at various temporal and spatial scales.  

However, the lack of weather stations with sufficient historical records to interpolate weather 

parameters for each fire in North Carolina precluded the inclusion of day-of-fire weather. 
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Table 2. Origins, spatial resolution, and temporal scale of seven potential climate predictors of North 

Carolina wildfires. 

Predictor Data Origin Spatial Resolution Temporal Scale 

Precipitation Modeled PRISM data 

from HCE 

4 km (2.5 min) Fourteen-day 

summation prior to 

fire 

PDSI National Climatic Data 

Center 

Climate Division Monthly 

Palmer Z Index National Climatic Data 

Center 

Climate Division Monthly 

SPI1 National Climatic Data 

Center 

Climate Division Monthly 

SPI2 National Climatic Data 

Center 

Climate Division Monthly 

ENSO MEI Statewide Monthly 

NAO National Weather 

Service Climate 

Prediction Center 

Statewide Monthly 

 

 

Data Manipulation and Analysis 

 The fire dataset originally consisted of 136,887 wildfire records.  I paired climate data 

to fire records using each wildfireôs ignition date and latitude/longitude coordinate.  I 

scrubbed the joint fire and climate dataset for errors and deleted 13,092 fire reports with 

pertinent information missing and incorrect coordinates, largely typographical and global 

positioning system (GPS) device errors.  Latitudinal and longitudinal corrections were 

possible in 101 cases (<1% of wildfire records) in which the fireôs name and county could 

determine a unique coordinate solution (or define a unique coordinate).  After all compilation 

and corrections, 123,795 wildfires were usable for analysis. 

 I matched climate data to each fire using fire start dates and latitude/longitude 

coordinates.  I organized fires into three ecoregions (i.e., Coastal Plain, Piedmont, and 

Southern Appalachians) across twelve fuel models (Table 3).  Ecoregions are ñlarge 

ecosystems of regional extentò that ñdefine broad areas where one can expect to find the 
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same kinds of vegetation and soil associations on similar sitesò (Bailey 1983, 365).  

Ecoregions are useful for estimating ecosystem productivity and responses to management.  

Analyzing relationships by ecoregion should remove some spatial variability in multiple 

environmental factors and gradients that vary across North Carolina and influence fire 

behavior.  Availability of climate and fuel model information restricted the dataset to the 

period 1979-2006.  Fuel models were included in fire reports beginning in 1979 to present; 

HCE data is available prior to only through 2006. 

 

Table 3. Frequency of wildfires in three ecoregions and twelve fuel models.   

Fuel Model 
BEHAVE 

Model 

Coastal 

Plain 
Piedmont 

Southern 

Appalachians 
Total 

Short Grass 1 2,839 6,773 1,970 11,582 

Timber Grass 2 3,880 1,894 584 6,358 

Tall Grass 3 1,106 880 626 2,612 

Brush 5 635 766 178 1,579 

Southern Rough 7 8,597 295 124 9,016 

Closed Timber Litter 8 26,243 27,653 14,445 68,341 

Hardwood Litter 9 4,278 8,466 5,530 18,274 

Timber Litter and 

Understory  

10 
658 319 129 1,106 

Light Logging Slash 11 447 310 152 909 

Heavy Logging Slash 13 117 81 99 297 

Low Pocosin N/A 258 185 66 509 

High Pocosin N/A 2,865 251 86 3,202 

Total 51,923 47,873 23,989 123,785 

 

 

 I used quantile regression to evaluate relationships between the aerial extent of fire 

size and seven possible climate predictors.  I included seasonality as an additional variable to 

account for seasonal variability in acreage burned and obtain narrower confidence intervals 

for estimating intercept and slope parameters.  Seasonality was characterized by warm (May 

through October) and cool (November through April) seasons.  In the quantile regression 
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model, seasonality acts as an indicator variable.  Warm season acted as the baseline; 

estimates of seasonality can be interpreted as the effect of the cool season in reference to the 

baseline warm season.  For each quantile, the regression model is written as follows: 

y = b0 + b1 + b2 

where y is the response, b0 is the estimated intercept, b1 is the estimated effect of a climate 

variable, and b2 is the estimate effect of cool season. 

 Quantile regression was performed for all ecoregions that met a minimum sample size 

of n=500 (Table 3).  For fuel models with all ecoregions with n<500, quantile regression was 

performed with a pooled sample across ecoregions for a statewide analysis.  In the cases of 

Brush, Southern Rough, Timber Litter and Understory, and High Pocosin, one or two 

ecoregions meet the minimum sample size.  For these cases, I did not pool samples for a 

statewide analysis because the ecoregions with n>500 would confound any statewide results.  

The imposed minimum sample size should ensure that enough data are available at the upper 

quantiles to estimate parameters. 

 For each regression, estimates of y-intercept (b0) and slope (b1) and their confidence 

intervals were computed using the QUANTREG procedure in SAS 9.4.  Climate predictors 

were assessed for quantiles at intervals of 0.01 for the range [0.01, 0.99] using the SIMPLEX 

algorithm.  Confidence intervals were estimated using the RESAMPLING option.  I 

examined the data using the DIAGNOSTICS option.  After transforming wildfire size with a 

natural logarithm, I found no problems with the quantile regression computations.  

Logarithmic transformations are useful when there are data points with high influence.  In 

quantile regression, any nonlinear transformation of the response can estimate parameters 



 

25 

and be transformed back to the original scale without loss of information (Cade and Noon 

2003).  I report results in figures depicting how b0 and b1 change as the quantiles tested move 

over the tested range, a standard technique presented in Cade and Noon (2003).  Because 

inference for quantile regression is not robust in the tails, I will restrict inference to the 20
th
 

to 80
th
 quantiles. 

Estimating Parameters with Quantile Regression 

 Fire size data exhibited a heavy tail distribution for all fuel models and ecoregions.  

The vast majority of fires burned areas smaller than 5 ac (Figure 1).  The Coastal Plain had 

the largest range of acres burned by a single fire (0 to 73,000 ac).  The Coastal Plain had a 

lesser percentage of fires in the lowest bin of area burned and had a longer tail than the 

Piedmont and Southern Appalachians.  The ranges of fires in the Piedmont and Southern 

Appalachians were zero to 4,796 and 4,770 ac, respectively. 
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Figure 1. Frequency histogram of fires burning areas between zero and 73,000 acres in the Coastal 

Plain (blue), Piedmont (red), and Southern Appalachians (green) expressed as a percent. 

 

 Scale threshold theory predicts that fires will grow at a relatively constant rate within 

a behavioral stage by a dominant driver until a scale threshold is reached; at that point, a new 

dominant driver will determine a rate of fire growth within the next behavioral stage (Peters 

et al. 2004; Allen 2007; Peters, Bestelmeyer, and Turner 2007).  Applying scale threshold 
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theory to quantile regression, thresholds should be identified by a small number of quantiles 

with rapidly-changing slopes until a new stable equilibrium is reached.  North Carolinaôs 

fire-climate dataset exhibited rapidly changing slopes that may suggest scale thresholds, yet 

successive quantiles that should represent a behavioral stage often did not express a steady 

slope that would indicate a constant rate of fire growth.  Inconsistency in slope estimates 

among adjacent quantiles may be due to inadequate sample size and large experimental error 

(i.e., variation not explained by the quantile regression model). 

 Fire size ranged from 0.01 to 73,000 acres.  Four fires exceeded 10,000 acres; three 

occurred in High Pocosin, and one occurred in Southern Rough.  Quantile regression 

revealed associations between climate and fire size for eight fuel models.  The quantile 

regression process estimated the y-intercept (b0) and slope (b1) to produce regression 

equations for a large number of quantiles.  Quantile regression performed 161 analyses of 

seven climate variables for 23 ecoregion x fuel model combinations.  Figures showing how 

intercept and slope estimates change over the range of test quantiles are available in 

Appendix A.  Here, I present climate predictors that show the most promise for future fire 

modelling efforts and guidance to fire managers.  Good climate predictors will have 

significant confidence intervals over a large number of consecutive quantiles and will 

strongly influence fire size.  The first requirement is to ensure consistent climate predictors.  

The second requirement eliminates predictors that exert a statistically significant influence on 

fire size, but the change in fire size is not meaningful for on-the-ground fire management. 

Because lower quantiles are associated with small fires, and small fires (<10 acres) dominate 

the fire distribution until the third quartile for most subsets of fuel models and ecoregions, 
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significant confidence intervals at higher values of quantiles (Ű) are more useful to fire 

management. 

 During the quantile regression process, parameter estimates and confidence intervals 

sometimes equaled zero for several consecutive quantiles.  Parameters and confidence 

intervals approached zero in portions of the dataset where fires, in a range of quantiles, 

burned the same acreage.  This situation is analogous to a simple linear regression wherein 

all responses have the same value.  This situation typically occurred in the lower half of the 

fire size distribution.  This problem was particularly aggravated for analyses of Short Grass 

in the Piedmont, Southern Rough in the Coastal Plain, Closed Timber Litter in all ecoregion, 

and Hardwood Litter in the Piedmont and Southern Appalachians, making predictor 

estimates erratic and uncertain at some quantiles.  At the upper quantiles, fire size increased 

dramatically with differences in fire size being more than 10,000 ac between the 95
th
 and 99

th
 

quantile in Southern Rough and High Pocosin.  The QUANTREG procedure could not create 

confidence intervals at the uppermost quantiles due to limitations produced by small sample 

sizes in the range Ű = [0.95, 0.99]. 

Grass Fuel Models: Short Grass, Timber Grass, and Tall Grass 

 Fires in Short Grass ranged in size from 0.01 to 900 (Coastal Plain), 100 (Piedmont), 

and 200 (Southern Appalachians) acres.  Short Grass did not have climate predictors in the 

Coastal Plain or Piedmont.  In the Southern Appalachians, PDSI, Palmer Z Index, and SPI1 

were negatively associated with fire size in quantiles between 0.45 and 0.85 with some 

inconsistencies.  The cool season was positively associated with fire size at similar quantiles.  

None of the climate predictors had a meaningful impact on fire size.  For example, the 
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regression equation [ln(acres) = -1.8774 + (-0.0996 * PDSI) + 0.5170] for PDSI at the 50
th
 

quantile predicted that when PDSI was +2.50, indicating a wet period, 50% of fires were at 

least 0.20 ac during the cool season.  When PDSI was -2.50, indicating drier conditions, 50% 

of fires were predicted to be at least 0.33 ac during the cool season (Figure 2). 

 

 
Figure 2. Quantile regression results of fire size regressed on PDSI in Short Grass fuel model in 

Southern Appalachians, North Carolina. 

  

 Fire size in Timber Grass ranged from 0.01 to 450 (Coastal Plain), 500 (Piedmont), 

and 90 (Southern Appalachians) acres.  There were not any significant climate predictors fire 

size in the Timber Grass fuel model for any of the three ecoregions. 
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 Fire size in Tall Grass ranged from 0.01 to 681 ac in Coastal Plain, 0.01 to 75 ac in 

Piedmont, and 0.1 to 125 ac in Southern Appalachians.  There were not any significant 

climate predictors fire size in the Tall Grass fuel model for any of the three ecoregions. 

Brush Fuel Model 

 Fires occurring in Brush were analyzed for the Coastal Plain and Piedmont; 

insufficient sample size precluded quantile regression for the Southern Appalachians.  Fire 

size ranged from 0.01 to 145 ac in Coastal Plain, 0.01 to 364 ac in Piedmont, and 0.01 to 364 

ac across all ecoregions.  There were not any significant climate predictors of fire size in the 

Coastal Plain.  PDSI was a significant climate predictor in the  Piedmont at quantiles 0.42-

0.54, 0.70-0.77, and 0.82-0.92, but it did not have a significant impact on fire size.  At the 

75
th
 quantile, the quantile regression equation [ln(acres) =   0.5183 + 0.1200*PDSI + (-

0.0208)] predicted that when PDSI was +2.50, indicating wet conditions, 25% of fires were 

at least 2.22 ac.  When PDSI was -2.50, indicating dry conditions, 25% of fires were at least 

1.22 ac (Figure 3). 
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Figure 3. Quantile regression results of fire size regressed on PDSI in Brush fuel model in Piedmont, 

North Carolina. 

 

Southern Rough Fuel Model 

 Fires occurring in Southern Rough were analyzed at the ecoregion-level for Coastal 

Plain.  Fire size ranged from 0.01 to 32, 000 acres.  PDSI, Palmer Z Index, SPI1, SPI2, and 

ENSO were significant climate predictors for quantiles of 0.55 and larger.  For PDSI, the 

regression equation [ln(acres) = 1.9573 + (-0.0895*PDSI) + 0.5072] at the 75
th
 quantile 

predicted that 25% of fires are at least 9.40 ac when PDSI was +2.50, indicating wet 

conditions, during the cool season.  When PDSI was -2.50, indicating dry conditions, 25% of 

fires are at least 14.71 ac during the cool season (Figure 4).  The impact of Palmer Z Index, 
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SPI1, SPI2, and ENSO on fire size is similar to PDSI.  For Palmer Z Index, the 75
th
 quantile 

regression equation for the cool season [ln(acres) = 1.9386 + (-0.0825*Palmer Z Index) + 

0.5141] predicted that 25% of fires are at least 9.45 and 14.28 when Palmer Z Index is +2.50 

and -2.50, respectively (Figure 5).  The 75
th
 quantile regression equation for the cool season 

[ln(acres) = 1.9553 + (-0.1229*SPI1) + 0.5131] predicted that 25% of fires are at least 8.68 

and 16.05 ac when SPI1 is +2.50 and -2.50, respectively (Figure 6).  The same quantile and 

values of SPI2, the equation [ln(acres) = 1.9305 + (-0.1282*SPI2) + 0.5391] predicted that 

25% of fires are at least 8.58 and 18.28 ac (Figure 7).  The 75
th
 quantile regression equation 

during the cool season [ln(acres) = 2.1032 + (-0.1283*ENSO) + 0.4387] predicted that 25% 

of fires are at least 10.48 ac when ENSO is +1.50 (El Niño) and 15.40 when ENSO is -1.50 

(La Niña) (Figure 8).  For this fire dataset, +1.50 and -1.50 are the strongest ENSO events on 

record. 

 Estimates and confidence intervals for the slope is zero for many quantiles when fire 

size is small; these instances coincide with quantiles that have fires of one size.  Therefore, 

ENSO may have a significant effect on fire size at more quantiles than those shown in 

figures.  Estimates at upper quantiles are consistently significant and have less variation 

across quantiles than climate predictors significant in other fuel modes, making ENSO an 

excellent predictor for continued study and model refinement.   
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Figure 4. Quantile regression results of fire size regressed on PDSI in Southern Rough fuel model in 

Coastal Plain, North Carolina. 
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Figure 5. Quantile regression results of fire size regressed on Palmer Z Index in Southern Rough fuel 

model in Coastal Plain, North Carolina. 
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Figure 6. Quantile regression results of fire size regressed on SPI1 in Southern Rough fuel model in 

Coastal Plain, North Carolina. 
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Figure 7. Quantile regression results of fire size regressed on SPI2 in Southern Rough fuel model in 

Coastal Plain, North Carolina. 
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Figure 8. Quantile regression results of fire size regressed on ENSO in Southern Rough fuel model in 

Coastal Plain, North Carolina. 

 

Litter Fuel Models: Closed Timber Litter, Hardwood Litter, and Timber Litter and 

Understory 

 Fires in Closed Timber Litter were analyzed in all three ecoregions.  Fire size ranged 

from 0.01 to 3,792 (Coastal Plain), 4,796 (Piedmont), and 4,770 (Southern Appalachians) 

acres.  ENSO was a significant climate predictor in the Coastal Plain.  At the 75
th
 quantile 

regression, [ln(acres) = 1.3971 + (-0.1218*ENSO) + 0.2163] predicted that 25% of fires are 

at least 4.18 ac when ENSO is +1.50 (El Niño) and 6.03 ac when ENSO is -1.50 (La Niña) 
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(Figure 9).  There were not any significant climate predictors in the Piedmont and Southern 

Appalachians. 

 

 
Figure 9. Quantile regression results of fire size regressed on ENSO in Closed Timber Litter fuel 

model in Coastal Plain, North Carolina. 

 

 Fires in Hardwood Litter were analyzed for all three ecoregions.  Fire size ranged 

from 0.01 to 1,094 (Coastal Plain), 456 (Piedmont), and 2,738 (Southern Appalachians) 

acres.  Fourteen-day precipitation was a significant climate predictor in the Coastal Plain, but 

it did not meaningfully impact fire size.  At the 25
th
 quantile, the regression equation 

[ln(acres) = -0.6233 + (-0.3386*Precipitation) + 0.2941] predicted that 75% of fires are at 
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least 0.66 and 0.43 ac when fourteen-day precipitation sums to 0.25 in and 1.50 in, 

respectively.  Hardwood Litter fires were not successfully predicted by climate variables in 

the Piedmont.  ENSO was a significant climate predictor in the Southern Appalachians at 

some upper quantiles (Figure 10).  However, ENSO is an unreliable predictor due to its 

inconsistency. and its lack of significance at quantiles below 0.80 makes appropriate 

inference difficult. 

 

 
Figure 10. Quantile regression results of fire size regressed on ENSO in Hardwood Litter fuel model 

in Southern Appalachians, North Carolina.  
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 Fires occurring in Timber Litter and Understory were analyzed for the Coastal Plain.  

Insignificant sample sizes excluded Piedmont and Southern Appalachian fires from the 

analysis.  Fire size ranged from 0.01 to 600 ac.  ENSO was a significant climate predictor at 

quantiles 0.47 through 0.75, but it did not have a meaningful impact on fire size.  At the 60
th
 

quantile, the regression equation [ln(acres) = 0.7575 + (-0.2524*ENSO) + -0.2004] predicted 

that 40% of fires are at least 1.20 ac when ENSO is +1.50 (El Niño) and 2.55 ac when ENSO 

is -1.50 (La Niña). 

Slash Fuel Models: Light Logging Slash and Heavy Logging Slash 

 Fires occurring in logging slash fuel models were analyzed solely at the state-level 

spatial scale.  Fire size ranged from 0.01 to 120 acres in Light Logging Slash, and from 0.01 

to 160 acres in Heavy Logging Slash.  NAO was a sporadically significant climate predictor, 

but its erratic behavior does not recommend it as a climate predictor (Figure 11).  There was 

not a significant climate predictor for Heavy Logging Slash fires. 
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Figure 11. Quantile regression results of fire size regressed on NAO in Light Logging Slash fuel 

model across all ecoregions in North Carolina. 

 

 

Pocosin Fuel Models: Low Pocosin and High Pocosin 

 Fires occurring in Low Pocosin were analyzed at the state-level spatial scale, and 

ranged from 0.01 to 484 acres in size.  Fire size in Low Pocosin was not strongly related to 

any climate predictors.  High Pocosin fires were analyzed for the Coastal Plain.  Insufficient 

sample sizes in the Piedmont and Southern Appalachians precluded their inclusion in the 

study.  High Pocosin fires were negatively associated with ENSO for quantiles between 0.39 

and 0.90, indicating that La Niña conditions drive fire size in the Coastal Plain.  A t the 75
th
 

quantile, the regression equation [ln(acres) = 1.4613 + (-0.4282*ENSO) + 0.5257] predicted 
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that 25% of fires are at least 3.84 ac when ENSO is 1.50 (El Niño) and 13.86 ac when ENSO 

is -1.50 (La Niña) (Figure 12).  PDSI, Palmer Z Index, and SPI2 were significant climate 

predictors of High Pocosin fires in the Coastal Plain; however, their estimates were very 

close to zero and did not meaningfully impact fire size. 

 

 
Figure 12. Quantile regression results of fire size regressed on ENSO in High Pocosin fuel model in 

Coastal Plain, North Carolina. 

 

Seasonality and Fire Size 

 The association between season and fire size differed among ecoregions.  The Coastal 

Plain generally had a positive association between the cool season and fire size.  The 
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Piedmont consistently lacked an association between season and fire size; confidence 

intervals for the cool season generally included zero.  The Southern Appalachians also had a 

positive association between cool season and fire size.  In the Coastal Plain, the association 

between cool season and fire size appeared to weaken in the upper quantiles.  Conversely, the 

positive association between cool season and fire size appeared to strengthen in the upper 

quantiles in the Southern Appalachians analyses.  These results suggest that seasonality 

becomes an increasingly important factor as fires grow larger in the mountains, but 

seasonality is less important for large fires along the coast.  This study does not test whether 

these observations are statistically significant. 

Trends among Fuel Models and Ecoregions 

 Similar fuel models (e.g., grass models and litter models) were expected to have the 

same climate predictors at similar quantiles.  The quantile regression analysis revealed 

consistently significant climate predictors for eight of the twelve fuel models.  Southern 

Rough and High Pocosin fires in the Coastal Plain had many similarities in climate 

predictors: PDSI, Palmer Z Index, SPI2, and ENSO; although ENSO was the only 

meaningfully significant predictor in the High Pocosin model.  Similarities between Southern 

Rough and High Pocosin were expected due to their shared vegetation characteristics and 

spatial distribution in North Carolina (concentrated in the southeast).  Commonalities among 

other fuel models were not detected.  The Coastal Plain analyses contained the most 

significant climate predictors of fire size (twelve of the seventeen cases) and six of the seven 

climate predictors.  The Piedmont had one climate predictor (PDSI).  The Southern 

Appalachians analyses contained PDSI, Palmer Z Index, SPI1, and ENSO as significant 
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climate predictors.  NAO was the rarest climate predictor, significant only for Light Logging 

Slash fires.  ENSO was the most common significant climate predictor.  The repeated 

presence of ENSO may be related to its capabilities to deeply affect agriculture in the 

southeastern United States (Hansen, Hodges, and Jones 1998; Hansen et al. 1999; Dinon 

2011).  ENSO was a significant predictor for four fuel models in the Coastal Plain and one 

fuel model in the Southern Appalachians.  The recurring presence of ENSO in the Coastal 

Plain analyses likely stems from the tighter correlation between ENSO and moisture 

conditions along the coast compared to the mountains. 

Comparison to Ordinary Least Squares Regression 

 This study has proposed that quantile regression can capture variation in the 

relationships between fire activity and climate variables that ordinary least squares (OLS) 

regression would fail to characterize.  An example can be drawn by comparing quantile 

regression and OLS regression of ENSOôs relationship with fire size in Southern Rough fuel 

model in the Coastal Plain.  In quantile regression, ENSO is a significant predictor from the 

55
th
 through the 83

rd
 quantiles.  In OLS, ENSO is a significant predictor for all values of fire 

size (F=40.21, p<0.001).  OLS is unable to distinguish the lack of association at lower 

quantiles and simultaneously characterize the association at upper quantiles because the 

entire fire size distribution is fitted by one model.   

Limitations and Assumptions 

 This study is limited by the properties of the dataset and its assumptions.   Fire data 

had an extreme positive skew; fires with fewer than ten acres burned comprised at least half 

the data subsets within each fuel model.  Regression equations at the uppermost quantiles 
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(95
th
-99

th
), which contain the largest fires, did not have confidence intervals.  In these 

intervals, fire size did not behave like a continuous random variable; fire size could increase 

by hundreds and thousands of acres between one fire and the next largest fire.  This situation 

was extreme in Southern Rough and High Pocosin fuel models.  These fuel models had the 

largest fires in the dataset.  When fires are ordered from smallest to largest in Southern 

Rough and High Pocosin, the difference in fire size between two consecutive fires in the 

uppermost quantiles can be in excess of 20,000 acres.  This extreme jump in fire size limits 

our ability to model fire size for large fires and mega-fires.  Hence, while these results of this 

study are valid for modeling small and intermediate-sized fires (<50 ac), results do not 

address climate predictors of large fires. 

 I assumed fires were assigned to fuel models with consistent accuracy across space 

and time.  There are instances where fuel models are similar in description, and without field 

measurements of fuel load and a vegetation survey, it may be difficult to place a fire in one 

fuel model when the area burned has characteristics of two closely-related fuel models.  This 

study also assumes that ecoregions are an appropriate spatial scale for fire analyses.  While 

ecoregions are used as a compromise between imprecise statewide analyses and cost-

prohibitive local datasets (Bailey 1983), ecoregion use for fire analyses is not validated in the 

fire science literature.  Hence, there may be spatial dependency among wildfire occurrence or 

behaviors within ecoregions that currently is not characterized.  If wildfire data is spatially 

dependent, then regression models will not be equally accurate across their spatial domains 

within ecoregions and across North Carolina. 
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Summary and Conclusions 

 This study assessed seven climate predictors (fourteen-day precipitation, PDSI, 

Palmer Z Index, SPI1, SPI2, ENSO, and NAO) of fire size for twelve fuel models in three 

ecoregions of North Carolina.  Predictive relationships were analyzed using quantile 

regression, a statistical tool useful when data present heterogeneous variance and non-normal 

distribution of errors.  This study is unique in its analysis of fire-climate relationships in the 

southeastern United States using quantile regression at this spatial scale and for a dataset of 

this magnitude, and in its use of fuel models and ecoregions as analysis units. 

 Quantile regression revealed several associations between climate and fire size, but 

few associations were strong enough to have a meaningful impact on fire size.  Eight of the 

twelve fuel models had at least one climate predictor.  Predictors were generally between the 

40
th
 and 80

th
 quantiles where quantile regression models are most valid.  ENSO was the most 

common predictor.  When fuel models were analyzed at the ecoregion-level, the Coastal 

Plain and Southern Appalachians analyses revealed climate predictors of fire size, but 

predictors were rare in the Piedmont.  Table 4 summarizes climate drivers of fire size for 

their respective fuel models, spatial scales, and quantiles of significance.  The recommended 

good climate predictors, indicated in bold, were always significant at intermediate and upper 

quantiles and rarely significant at lower quantiles. 
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Table 4. Climate predictors of fire size for fuel models and ecoregions in North Carolina, 1979-2006.  

Predictors that have a meaningful impact on fire size are indicated in bold. 

Fuel Model Climate Predictor(s) Association with Fire Size 

Short Grass, Southern 

Appalachians 

PDSI, Palmer Z Index, SPI1 Negative 

Brush, Piedmont PDSI Positive 

Southern Rough, Coastal 

Plain 

PDSI, Palmer Z Index, 

SPI1, SPI2, ENSO 

Negative 

Closed Timber Litter, 

Coastal Plain 

ENSO Negative 

Hardwood Litter, Coastal 

Plain 

Precipitation Negative 

Hardwood Litter, Southern 

Appalachians 

ENSO Negative 

Timber Litter, Coastal Plain ENSO Negative 

Light Logging Slash, all 

ecoregion 

NAO Positive 

High Pocosin, Coastal Plain 
PDSI, Palmer Z Index, SPI2, 

ENSO 

Negative 

 

 

 This study is limited in its assumption that fuel models were applied correctly and 

consistently across space and time.  The extreme positive skew of the dataset does not permit 

inference of large fires or mega-fires, but it does provide robust estimates for model 

parameters of small fires.   

 Scale threshold theory asserts that the magnitude of a disturbance is dominantly 

driven by an outside factor at a certain rate until it crosses a scale threshold and a different 

dominant driver determines the rate of continued disturbance (Peters et al. 2004; Allen 2007).  

Scale threshold theory is hypothesized to explain rates of spread and size in wildfires (Peters, 

Bestelmeyer, and Turner 2007).  Scale threshold theory was a motivating force to analyze 

fire size with quantile regression.  Quantile regression should suggest locations of scale 

thresholds in the fire size distribution and determine dominant drivers of fire size.  While 
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quantile regression successfully determined dominant drivers of fire size in eight fuel 

models, scale thresholds are difficult to determine due to variable confidence intervals and 

lack of dominant drivers of wildfire throughout the fire size distribution.  This study would 

have benefited from weather variables from the day of fire, but the scarcity of weather 

stations throughout North Carolina with sufficient historical records did not allow inclusion 

of important fire behavior parameters such as wind speed and relative humidity.  Slocum et 

al. (2010) demonstrated how quantile regression determines scale thresholds, behavioral 

stages, and dominant drivers of fire size on a military base using finely resolved weather and 

climate predictors.  The varying degree of success in confirming scale threshold theory for 

fire size may be due to spatial scale and resolution of predictors.  Future studies of scale 

threshold theory should be relegated to sites that have high quality fire datasets, finely 

resolved fuels measurements, and a nearby weather station. 
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IMPLICATIONS FOR FIR E MANAGEMENT AND RES EARCH 

Implications for Fire Management 

 Very small fires (<5 ac) were the most abundant class of fire size in the dataset and 

occurred regardless of climatic conditions.  Very small fires may be limited by logistical 

constraints, such as reporting time and the response time of agencies, rather than those 

imposed by drought and climate oscillations.  Fires up to 20 ac in size appear to be driven by 

climate conditions in two fuel models: Southern Rough (Coastal Plain) and High Pocosin 

(Coastal Plain).  The regression equations produced by this study easily compute anticipated 

fire size given the value of a climate index and season.  Climate indices are publicly available 

and easily accessible.  Furthermore, climatologists typically forecast ENSO three to six 

months in advance, allowing forestry agencies to anticipate the activity of small and 

intermediate-sized fires. 

 This studyôs quantile regression models will be the most useful to fire managers 

operating in areas of North Carolina that have a high density of fires predicted by one or 

more climate variables.  Fires occurring in Southern Rough and High Pocosin fuel models 

are concentrated in the Coastal Plain; the southeastern-most corner of North Carolina has the 

highest density of fires (Figures 13 and 14).  Maps overlaying boundaries of fire-responding 

agencies, such as the North Carolina Forest Serviceôs region and district delineations, and 

fire occurrence in fuel models and ecoregions with valid regressions will guide where and to 

whom regressive models will be most relevant. 
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Figure 13. Spatial distribution of Southern Rough fires in North Carolina, 1979-2006. 
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Figure 14. Spatial distribution of High Pocosin fires in North Carolina, 1979-2006. 

 

 

Implications for Fire Research 

 The results of this study do not show dramatic differences in fire size based on values 

of climate predictors.  The difficulty in finding strong associations may be due to this studyôs 

focus on individual fire size.  An alternative approach is to predict the monthly acreage 

burned for climate divisions or counties.  The monthly acreage burned approach eliminates 

situations where fires less than 5 ac represent more 50% of fires in the study.  The quantile 

regression analysis for individual fire size was unable to produce good estimates of fire size 

for quantiles whose response was the same for all samples.  By summing fire sizes, the fire 
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size distribution will look more normal than the heavy-tail distribution of individual fire size 

and quantiles should have a range of responses to regress on climate variables.  Quantile 

regression for this study was unable to examine large fires in the upper 20% of the fire size 

distribution.  Using an extreme value distribution can obtain robust estimates of relationships 

in the upper tail (Ű>0.80) for prediction about large and mega-fires.  In addition to acreage 

burned, the fire-climate dataset created for this study can facilitate analyses of fire 

occurrence, rate of spread, crowning, and economic impacts of fire. 

 Agencies responding to wildland fire are interested in predictive services and 

indicators of fire occurrence, size, intensity, and other characteristics.  To meet the demand 

for predictive services, fire scientists have actively researched relationships between fire 

activity and weather, climate, topography, and fuels.  Predictive relationships between fire 

activity and weather, topography, and fuels is well described and has led to many fire 

modelling and real-time monitoring applications.  Following the success of these predictive 

relationships, there was a call for the inclusion of climate information to create fire models 

and management guidance that included small-scale and large-scale views of atmospheric 

and fuels dynamics (Roncoli et al. 2012).  A plethora of studies focusing on fire activity, 

drought indices, and climate oscillations have produced correlative relationships in the 

American West (Heyerdahl, Brubaker, and Agee 2002; Westerling et al. 2003; Hessl, 

McKenzie, and Schellhaas 2004; Collins et al. 2006; Brown et al. 2008; Heyerdahl et al. 

2008a; Heyerdahl et al. 2008b; Morgan, Heyerdahl, and Gibson 2008; Nelson and Pierce 

2010), the Southwest (Grissino-Mayer and Swetnam 2000), the Midwest (Guyette, Spetich, 
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and Stambaugh 2006; Maingi and Henry 2007; Drever et al. 2008), and the Southeast 

(Beckage et al. 2003; Harrison 2004; Lafon, Hoss, and Grissino-Mayer 2005). 

 While studies of historical fire regimes and correlative relationships between fire and 

climate are certainly useful for ecological restoration, conservation, and forest management 

in the face of climate change, these studies do not offer much guidance for predictive 

services.  As inquiries about relationships between fire activity and predictors become more 

complex, fire scientists will need to transition to statistical methods that can handle the 

properties of fire distributions and provide robust estimates of parameters.  Transitions to 

more robust analyses for fire distributions (e.g., logistic regression and spline functions) have 

led to successful next-season forecasts of regional area burned in ecoregions of the American 

West (Littell et al. 2009) and forecasts of large wildfires and suppression costs in California 

(Preisler et al. 2011).  As the southeastern U.S. moves forward with predictive services for 

wildfire occurrence, fire size, smoke management, and other issues, the lessons learned from 

this study may provide fire researchers with vital guidance on predicting fire behavior: 

¶ Choose a good spatial scale; 

¶ Narrow the list of potential predictors; and 

¶ Explore sophisticated analyses to capture variation across some distribution (e.g., fire 

size, rate of spread, or severity) of the fire dataset. 

 Appropriate spatial scales may be difficult to identify and should be considered on a 

case-by-case basis.  Statewide analyses tend to be inaccurate because they fail to account for 

spatial heterogeneity in fuels, weather patterns, and climatology; highly localized datasets are 

less likely to have strong spatial trends, but data collection may be cost-prohibitive (Bailey 
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1983).  Ecoregions was asserted as an acceptable compromise for the available fire and 

climate data of this study.  Other studies may find it useful to analyze data by watershed, 

climate division, management units, or some other spatial scale.  Regardless of the spatial 

scale, data should be analyzed within units that minimize spatial dependence patterns and 

make sense to fire managers and agency subdivisions.  The question of spatial scale can be 

answered by examining spatial correlation in multiple nested scales (i.e., ecoregions and their 

nested climate divisions).  Statistical methods such as Moranôs I and Gearyôs c statistics, 

autoregressive models, and semi-variograms can assess and model the spatial variability 

present in fire datasets.  Spatial statistics can assist fire modelers in choosing a spatial scale 

with minimized spatial dependency when possible, or by modeling the spatial dependency 

and incorporating a spatial component in the fire model. 

 Potential predictors in a model are restricted by data availability and computational 

expense.  Because fire analyses often draw data from multiple sources, the availability of 

predictors varies temporally among data sources.  Researchers must weigh the costs and 

benefits of possibly restricting the temporal scale of analysis to include an additional 

predictor.  For example, this study could have used Keetch-Byram Drought Index (KBDI), 

often used as a fire risk marker, but the short historical record of KBDI would have restricted 

the analysis period to less than one decade.  A shorter analysis period would not have 

captured the necessary variation in ENSO and NAO, or a wide range of values in drought 

indices.  In addition to time period restrictions, additional predictors adds a computational 

expense to the analysis.  Additional predictors require longer running time of statistical 

software, which is particularly aggravated in large datasets and complex analyses.  
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Narrowing predictors to those likely to have significant confidence intervals and provide a 

sufficient time period for meaningful inference will allow researchers to spend more time on 

inference and developing tools around predictive models. 

 Lastly, the fire science community historically has used correlative and regressive 

tools to predict fire occurrence and behavior.  Because fire datasets typically exhibit strong 

positive skews, heterogeneous variance, and outliers, elementary statistics often fail to 

capture the relationships between predictors and fire characteristics and do not generate 

reliable predictive models.  The use of more sophisticated analyses, such as quantile 

regression, will enhance scientistsô ability to generate predictive relationships, identify 

thresholds of fire activity, and forecast future fire events. 
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Appendix A 

 Results from all quantile regressions are displayed as graphs showing the change in 

estimates of b0 and b1 across the range of tested quantiles.  Parameter estimates are 

accompanied by 95% confidence intervals. 

Figure 15. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Short Grass fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 16. Parameter estimates by quantile for regression of ln(ac) by PDSI in Short Grass fuel model 

in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 17. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Short Grass 

fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 

 



 

67 

 
Figure 18. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Short Grass fuel model 

in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 19. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Short Grass fuel model 

in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 20. Parameter estimates by quantile for regression of ln(ac) by ENSO in Short Grass fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 21. Parameter estimates by quantile for regression of ln(ac) by NAO in Short Grass fuel model 

in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 22. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Short Grass fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 23. Parameter estimates by quantile for regression of ln(ac) by PDSI in Short Grass fuel model 

in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 24. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Short Grass 

fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 25. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Short Grass fuel model 

in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 26. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Short Grass fuel model 

in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 27. Parameter estimates by quantile for regression of ln(ac) by ENSO in Short Grass fuel 

model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 28. Parameter estimates by quantile for regression of ln(ac) by NAO in Short Grass fuel model 

in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 29. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Short Grass fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 30. Parameter estimates by quantile for regression of ln(ac) by PDSI in Short Grass fuel model 

in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 31. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Short Grass 

fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 32. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Short Grass fuel model 

in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 33. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Short Grass fuel model 

in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence intervals.  

Blue shading indicates 95% confidence intervals. 
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Figure 34. Parameter estimates by quantile for regression of ln(ac) by ENSO in Short Grass fuel 

model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 35. Parameter estimates by quantile for regression of ln(ac) by NAO in Short Grass fuel model 

in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 36. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Timber Grass fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 37. Parameter estimates by quantile for regression of ln(ac) by PDSI in Timber Grass fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 38. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Timber 

Grass fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 39. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Timber Grass fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 40. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Timber Grass fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 41. Parameter estimates by quantile for regression of ln(ac) by ENSO in Timber Grass fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 42. Parameter estimates by quantile for regression of ln(ac) by NAO in Timber Grass fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 43. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Timber Grass fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 44. Parameter estimates by quantile for regression of ln(ac) by PDSI in Timber Grass fuel 

model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 45. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Timber 

Grass fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 46. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Timber Grass fuel 

model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 47. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Timber Grass fuel 

model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 48. Parameter estimates by quantile for regression of ln(ac) by ENSO in Timber Grass fuel 

model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 49. Parameter estimates by quantile for regression of ln(ac) by NAO in Timber Grass fuel 

model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 50. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Timber Grass fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 

95% confidence intervals. 
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Figure 51. Parameter estimates by quantile for regression of ln(ac) by PDSI in Timber Grass fuel 

model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 52. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Timber 

Grass fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 53. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Timber Grass fuel 

model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 54. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Timber Grass fuel 

model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 55. Parameter estimates by quantile for regression of ln(ac) by ENSO in Timber Grass fuel 

model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 56. Parameter estimates by quantile for regression of ln(ac) by NAO in Timber Grass fuel 

model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 57. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Tall Grass fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 58. Parameter estimates by quantile for regression of ln(ac) by PDSI in Tall Grass fuel model 

in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 59. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Tall Grass 

fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 60. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Tall Grass fuel model 

in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 61. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Tall Grass fuel model 

in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 62. Parameter estimates by quantile for regression of ln(ac) by ENSO in Tall Grass fuel model 

in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 63. Parameter estimates by quantile for regression of ln(ac) by NAO in Tall Grass fuel model 

in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 64. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Tall Grass fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 65. Parameter estimates by quantile for regression of ln(ac) by PDSI in Tall Grass fuel model 

in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 

 



 

115 

 
Figure 66. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Tall Grass 

fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 67. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Tall Grass fuel model 

in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 68. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Tall Grass fuel model 

in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 69. Parameter estimates by quantile for regression of ln(ac) by ENSO in Tall Grass fuel model 

in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 70. Parameter estimates by quantile for regression of ln(ac) by NAO in Tall Grass fuel model 

in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 71. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Tall Grass fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% 

confidence intervals. 

 



 

121 

 
Figure 72. Parameter estimates by quantile for regression of ln(ac) by PDSI in Tall Grass fuel model 

in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 73. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Tall Grass 

fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 74. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Tall Grass fuel model 

in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 75. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Tall Grass fuel model 

in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 76. Parameter estimates by quantile for regression of ln(ac) by ENSO in Tall Grass fuel model 

in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence intervals. 

 



 

126 

 
Figure 77. Parameter estimates by quantile for regression of ln(ac) by NAO in Tall Grass fuel model 

in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 78. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Brush fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 79. Parameter estimates by quantile for regression of ln(ac) by PDSI in Brush fuel model in 

the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 80. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Brush fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 81. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Brush fuel model in the 

Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 82. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Brush fuel model in the 

Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 83. Parameter estimates by quantile for regression of ln(ac) by ENSO in Brush fuel model in 

the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 84. Parameter estimates by quantile for regression of ln(ac) by NAO in Brush fuel model in 

the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 85. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Brush fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 86. Parameter estimates by quantile for regression of ln(ac) by PDSI in Brush fuel model in 

the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 87. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Brush fuel 

model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 88. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Brush fuel model in the 

Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 89. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Brush fuel model in the 

Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 

 



 

139 

 
Figure 90. Parameter estimates by quantile for regression of ln(ac) by ENSO in Brush fuel model in 

the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 91. Parameter estimates by quantile for regression of ln(ac) by NAO in Brush fuel model in 

the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 92. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Southern Rough fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 93. Parameter estimates by quantile for regression of ln(ac) by PDSI in Southern Rough fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 94. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Southern 

Rough fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 95. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Southern Rough fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 96. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Southern Rough fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 97. Parameter estimates by quantile for regression of ln(ac) by ENSO in Southern Rough fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 98. Parameter estimates by quantile for regression of ln(ac) by NAO in Southern Rough fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 99. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Closed Timber Litter fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 100. Parameter estimates by quantile for regression of ln(ac) by PDSI in Closed Timber Litter 

fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 101. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Closed 

Timber Litter fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 102. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Closed Timber Litter 

fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 103. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Closed Timber Litter 

fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 104. Parameter estimates by quantile for regression of ln(ac) by ENSO in Closed Timber Litter 

fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 105. Parameter estimates by quantile for regression of ln(ac) by NAO in Closed Timber Litter 

fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 106. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Closed Timber Litter fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 107. Parameter estimates by quantile for regression of ln(ac) by PDSI in Closed Timber Litter 

fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 108. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Closed 

Timber Litter fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 109. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Closed Timber Litter 

fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 110. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Closed Timber Litter 

fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 111. Parameter estimates by quantile for regression of ln(ac) by ENSO in Closed Timber Litter 

fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 112. Parameter estimates by quantile for regression of ln(ac) by NAO in Closed Timber Litter 

fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 113. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Closed Timber Litter fuel model in the Southern Appalachians of North Carolina.  Blue shading 

indicates 95% confidence intervals. 
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Figure 114. Parameter estimates by quantile for regression of ln(ac) by PDSI in Closed Timber Litter 

fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 115. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Closed 

Timber Litter fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 

95% confidence intervals. 
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Figure 116. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Closed Timber Litter 

fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 117. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Closed Timber Litter 

fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 118. Parameter estimates by quantile for regression of ln(ac) by ENSO in Closed Timber Litter 

fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 119. Parameter estimates by quantile for regression of ln(ac) by NAO in Closed Timber Litter 

fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 120. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Hardwood Litter fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 121. Parameter estimates by quantile for regression of ln(ac) by PDSI in Hardwood Litter fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 122. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Hardwood 

Litter fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 123. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Hardwood Litter fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 

 



 

173 

 
Figure 124. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Hardwood Litter fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 125. Parameter estimates by quantile for regression of ln(ac) by ENSO in Hardwood Litter 

fuel model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 126. Parameter estimates by quantile for regression of ln(ac) by NAO in Hardwood Litter fuel 

model in the Coastal Plain of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 127. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Hardwood Litter fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 128. Parameter estimates by quantile for regression of ln(ac) by PDSI in Hardwood Litter fuel 

model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 129. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Hardwood 

Litter fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence 

intervals. 

 



 

179 

 
Figure 130. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Hardwood Litter fuel 

model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 131. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Hardwood Litter fuel 

model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 132. Parameter estimates by quantile for regression of ln(ac) by ENSO in Hardwood Litter 

fuel model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 133. Parameter estimates by quantile for regression of ln(ac) by NAO in Hardwood Litter fuel 

model in the Piedmont of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 134. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Hardwood Litter fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 

95% confidence intervals. 
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Figure 135. Parameter estimates by quantile for regression of ln(ac) by PDSI in Hardwood Litter fuel 

model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 136. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Hardwood 

Litter fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% 

confidence intervals. 

 



 

186 

 
Figure 137. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Hardwood Litter fuel 

model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 138. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Hardwood Litter fuel 

model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 139. Parameter estimates by quantile for regression of ln(ac) by ENSO in Hardwood Litter 

fuel model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 140. Parameter estimates by quantile for regression of ln(ac) by NAO in Hardwood Litter fuel 

model in the Southern Appalachians of North Carolina.  Blue shading indicates 95% confidence 

intervals. 

 



 

190 

 
Figure 141. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Timber Litter and Understory fuel model in Coastal Plain, North Carolina.  Blue shading indicates 

95% confidence intervals. 
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Figure 142. Parameter estimates by quantile for regression of ln(ac) by PDSI in Timber Litter and 

Understory fuel model in Coastal Plain, North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 143. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Timber 

Litter and Understory fuel model in Coastal Plain, North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 144. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Timber Litter and 

Understory fuel model in Coastal Plain, North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 145. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Timber Litter and 

Understory fuel model in Coastal Plain, North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 146. Parameter estimates by quantile for regression of ln(ac) by ENSO in Timber Litter and 

Understory fuel model in Coastal Plain, North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 147. Parameter estimates by quantile for regression of ln(ac) by NAO in Timber Litter and 

Understory fuel model in Coastal Plain, North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 148. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Light Logging Slash fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 149. Parameter estimates by quantile for regression of ln(ac) by PDSI in Light Logging Slash 

fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 150. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Light 

Logging Slash fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 151. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Light Logging Slash 

fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 152. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Light Logging Slash 

fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 153. Parameter estimates by quantile for regression of ln(ac) by ENSO in Light Logging Slash 

fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 154. Parameter estimates by quantile for regression of ln(ac) by NAO in Light Logging Slash 

fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 155. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Heavy Logging Slash fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 156. Parameter estimates by quantile for regression of ln(ac) by PDSI in Heavy Logging Slash 

fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 157. Parameter estimates by quantile for regression of ln(ac) by Palmer Z Index in Heavy 

Logging Slash fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 158. Parameter estimates by quantile for regression of ln(ac) by SPI1 in Heavy Logging Slash 

fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 159. Parameter estimates by quantile for regression of ln(ac) by SPI2 in Heavy Logging Slash 

fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 160. Parameter estimates by quantile for regression of ln(ac) by ENSO in Heavy Logging 

Slash fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% confidence 

intervals. 
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Figure 161. Parameter estimates by quantile for regression of ln(ac) by NAO in Heavy Logging Slash 

fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% confidence intervals. 
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Figure 162. Parameter estimates by quantile for regression of ln(ac) by fourteen-day precipitation in 

Low Pocosin fuel model for all ecoregions of North Carolina.  Blue shading indicates 95% 

confidence intervals. 
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Figure 163. Parameter estimates by quantile for regression of ln(ac) by PDSI in Low Pocosin fuel 

model for all ecoregions of North Carolina.  Blue shading indicates 95% confidence intervals. 

 


