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Gauging the magnitude of model uncertainty and incorporating model uncertainty into
predictions is of critical importance when models are used to inform wildfire-related decisions,
where ignoring potential risks threaten human health, property, and the environment. Although
techniques exist for addressing model uncertainty, these uncertainties are commonly ignored in
most analyses. In this dissertation, I will evaluate the effects of model uncertainty on statistical
predictions of wildfire activity in multiple contexts and propose techniques to incorporate these
uncertainties into predictions. I will determine how uncertainty in the choice of predictive model
and climate model influence forecasts of very-large fire activity in the second half of the 21*

century, and integrate this uncertainty using a novel Bayesian model averaging approach to

v



produce robust predictions. I find that when these model uncertainties are accounted for, that one
may conclude, across the suite of model choices, that the frequency of very-large wildfires
should be expected to increase in most regions of the United States if climate changes are not
mitigated. The effects of model uncertainty will also be explored in the context of predicting
final wildfire size for individual fires that have no yet finished growing. Specifically, I will
gauge how the choice of utility function and the inclusion of growth information that is
unavailable early in the wildfire’s life alters the predictive ability of statistical models of final
fire size and the stability of the model structure. I find that predictions of fire size can drastically
change when new utility functions are considered, particularly in models that use growth
information. I also find that the covariates used in the best model are sensitive to the choice of
utility function, and that no single model is likely to optimally address the preferences of all
wildfire-related decisionmakers they are intended to inform. The results of this analysis that (1)
the preferred model will often change when new performance measures are considered, and (2)
that the preferred model may change over time. I also present a method of integrating the model
uncertainties associated with time-varying covariates and ill-defined utility functions into a
single predictive distribution using Bayesian model averaging. I find that this novel model
averaging approach generally improves predictive performance across a number of performance
measures compared to the individual models contained within it. I discuss how the novel
methods developed can be applicable to other forecasting applications and how they might allow

wildfire professionals make better decisions.
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Chapter 1. INTRODUCTION

Overconfidence is a near-ubiquitous tendency in humans (Morgan and Henrion 1992). For
example, most people when asked to provide an interval that contains some uncertain quantity
(e.g. the population of a random city) with a 90 percent probability, will provide intervals that
contain the truth much less frequently than 90 percent (Teigen, K. H., & J@rgensen, M 2005).
Although the quantity in this case is definite and to at least some individuals completely known,
many quantities that are of interest are completely unknown. For instance, an individual who is
getting married or starting a business does not know in the beginning the process whether the
project will be successful. In this case too, people’s predictions tend to be overly-optimistic, as a
wealth of studies have shown to be the case. Specifically, people’s predictions of future
outcomes are likely to be biased in such a way that the desirable outcome (e.g. my
marriage/business will be successful) appear more likely than statistics indicate (Korobkin and
Guthrie 2003). In many cases, the material risks associated with such overconfidence are low. If
no wagers are made, an incorrect belief that an individual coin flip is more likely than chance to
result in heads because the previous several flips have been tails is harmless. However, when the
costs associated with the outcomes increase, it is important to minimize these overconfident

tendencies.

With these abstractions in mind, I will note now that in the specific case of wildfire, predictions
are used to inform decisions that have very costly outcomes. These costs can come from a
variety of dimensions. Fighting wildfire costs money, and one major source of direct economic

costs arise from decisions to suppress fires, particularly large fires (Gonzélez-Caban 1983,



Stephens et al., 2014). These severe economic costs can also arise from property losses (Barrett
2018), which in some cases may be much higher if firefighting is restrained. In addition to these
direct economic costs, there are a suite of indirect economic costs of wildfire as well. These
indirect costs can include damages from post-fire hazards, rehabilitation expenses, lost tax, and
lost business revenue from community evacuations (Dale 2009, Neary et al., 2003, Peppin et al.,
2011, Beverly and Bothwell 2011, Beverly et al., 2011). Health costs can arise as well, and the
flames of a wildfire are an obvious source of human injury and death. However, the same
outcomes can be realized via less direct processes. For instance, wildfires produce smoke that
can linger for months (Stephens et al., 2014) and affect humans far from active burning sites
(Forster et al., 2001, Val Martin et al., 2013). Wildfire smoke inhalation can negatively impact
public health (Reid et al., 2016, Moeltner et al., 2013), and safety (Achtemeier 2009, Stephens et
al., 2014 ). Environmental costs of wildfire are also noteworthy. Wildfires release large amounts
of greenhouse gases (Liu et al. 2014), facilitate the establishment of invasive species (Crawford
et al., 2001), promote the loss of ecosystem services (Rocca et al., 2014), and can cause long-
term alterations to forest structure (Haffey et al., 2018), and accelerate global warming via black

carbon deposition (Larkin et al. 2014).

Costs of wildfire - in a broad sense such as suppression costs, property damages, ecosystem
services, etc. - can sometimes be lessened by decision-makers. For example, evacuating a certain
population during an individual fire might mitigate the health risks of wildfire (Moritz et al.
2014), as could distributing important information to affected populations, or canceling nearby
events (Sugerman et al. 2012). Firefighting can protect property and other values-at-risk from

wildfire, and strategic use of fire can lessen future risks of wildfire (North et al. 2015). Electrical



companies could turn off power to prevent ignitions from power lines. Fire growth could be
slowed or stopped in critical area by prepositioning firefighters or constructing fire breaks. Law
enforcement could enforce mandatory evacuation orders well in advance of hazardous

conditions.

The variability in wildfire costs can be high. A wildfire burning in rangelands will not have the
same costs as one that burns in a densely populated urban area. At least some of this variability
in costs can be accounted for using certain wildfire parameters. For instance, average firefighting
costs increase with fire size (Gonzalez-Caban 1983) and firefighting effort has been observed to
correlate with the number of fires (Podschwit and Cullen 2020). Ecological recovery effort will
correlate with the amount of area burned at high-severity (Pelletier and Orem 2014, Keane et al.
2009), and duration can further refine estimates of firefighting costs (Gebert and Black 2012).
An abridged list of the types of wildfire parameters that are relevant to certain decision-makers is

shown in (Table 1.1)

Table 1.1. Wildfire characteristics and the kinds decisions they may inform.

Wildfire Relevant decision-making contexts

characteristic

Burn area Firefighting costs (Gonzalez-Caban 1983)
Evacuations (Beverly and Bothwell 2011)

Growth rate Firefighter safety (Viegas and Simeoni 2011)

Duration Firefighting costs (Gebert and Black 2012)
Initialization of wildfire growth models (Finney 1998)

Perimeter Fireline production objectives (Katuwal et al. 2016)

Fire severity Burn area emergency response (Robichaud et al. 2014)

Simultaneous Resource demand (Bednar et al. 1990, Podschwit and Cullen

wildfire 2020)




In some cases, the mitigation costs (e.g. firefighting) could be higher than the dollar damages of
wildfire, implying that such interventions are not always cost effective. If future wildfire
parameters that correlated with these damages were known with certainty, then decisionmakers
could be more confident that interventions intended to mitigate these damages were cost
effective. For instance, if firefighters knew in advance that a wildfire would not grow into a
densely populated urban community, then immediate firefighting costs could be lessened by
adopting a less aggressive suppression strategy. In this case also, long-term firefighting costs
may be lessened by the removal of hazardous fuels. Note that costs may be conflict. For instance,
firefighters may desire to extinguish a wildfire that is threatening a densely populated urban
community, but this suppression of wildfire may be at the expense of realizing some ecological
benefits of wildfire. However, the future costs can never be known with certainty and must be
assessed probabilistically. This is accomplished through the use models which allow
decisionmakers to make informed guesses about the future. However, the use of models

themselves introduce an opportunity for overconfidence.

Overconfidence arises when uncertainties are ignored and one uncertainty that is commonly
ignored is unknowns regarding the structure of model used to generate predictions. There are
often multiple plausible model structures to consult and it is not clear which, or if only one,
model should be used. For instance, predictive models of wildfire occurrence and spread can be
stochastic or deterministic (Taylor et al. 2013) and selecting one ignores the possibility that the
other modeling category is potentially informative. Even within these modeling categories, there
is potential to ignore potentially relevant models. For instance, there are many factors that may

be relevant to wildfire prediction. Wildfire activity is mediated through a number of distinct



processes that include weather (Flannigan et al. 2009), atmospheric processes (Brotak 1977),
vegetation (Meyn et al. 2007, Bradley et al. 2016), and anthropogenic factors (Syphard et al.
2017, Syphard et al. 2007, Brotons et al. 2013). Selecting which factors to include in a predictive
model is not always obvious or a matter of choice. Dryness is often identified as an important
factor in mediating wildfire activity (Barbero et al. 2014), but multiple proxies could still be used
to represent this factor (Zargar et al. 2011). Additionally, even when the factors relevant to
prediction are known or agreed upon, the model structure itself might be indeterminate. There
are multiple model structures that could be used to represent the relationships between wildfire
and the environment, including generalized linear models (Littell et al. 2009, Barbero et al. 2014,
Stavros et al. 2014, Guo et al. 2015), and machine learning approaches (Rodrigues and De la
Riva 2014, Zou et al. 2019). Even if the universe of all possible models were somehow tractable,
selecting the most appropriate one requires defining a utility function to gauge model quality,
which is also indeterminate. The utility function to gauge model quality may differ across
decision makers, as some may care about one aspect of the model (minimizing errors) and
another decision maker may care about another (maximizing recall). Because no one model is
likely to be best at all things, the choice of utility function can change which model is selected.
Rankings of model quality commonly vary across performance measures (Willmott 1982,
Morgan and Henrion 1992) and rankings of wildfire models are likely to similarly vary across
the variety of performance measures proposed to assess the model quality (Cruz and Alexander
2013, Filippi et al. 2014). Even when a performance measure is agreed upon, competing models
may have near identical predictive performance (Johnson and Omland 2004), and it can be

unclear if any designation of “best” model will stay the same when new data are considered.



Despite the many sources of model uncertainty, by far the most common approach to fire
modeling is to ignore uncertainty and focus on only one model (Catry et al. 2007, Stavros et al.
2014, Hoeting et al. 1999). This single model approach is risky because results from the
unconsidered models may drastically differ from the selected one. Hence, uncertainty in wildfire
forecasts is artificially low, which can have catastrophic consequences if the results inform
important decisions (Draper 1995). Incorporating structural uncertainties into model predictions
can safeguard decision makers against unjustified and unnecessary risk tolerance. One way to
deal with multiple plausible models is to compare results from individual model candidates to
assess the sensitivity of predictions to alternative candidates or generate scenarios (Morgan and
Henrion 1992, Littell et al. 2011). However, when the number of candidate models is large,
presenting results of individual models can be onerous. Metamodeling, creating model of
models, then becomes an appealing alternative to integrating structural uncertainty into

predictions.

Bayesian model averaging (BMA) is a flexible and commonly used method of metamodeling.
Within a BMA framework, model weights, which are assumed to be uncertain, are used to
combine covariates or predictions from multiple sources into a single probability distribution.
Model weights are represented using the posterior distribution, which is a probability distribution
representing one’s belief about the model parameters conditional on the observed data. The
resulting distribution of model weights can be used to generate histograms of predictions of the
quantities relevant to decision making, while also accounting for structural uncertainties that

would be ignored if a single model were used. BMA simultaneously has been shown to lessen



many of the risks of traditional model selection techniques and to improve performance across a

variety of metrics (Raftery and Zheng 2003).

In this dissertation I will gauge the prevalence of model uncertainties in predicting wildfire
occurrence and size and identify multiple sources of model uncertainty. In Chapter 2, I will
incorporate multiple sources of model uncertainty into projections of very-large fire activity in
the second half of the 21 century. In Chapter 3, I will explore how changes to the utility
function, as well as changes in information availability over time, can lead to changes in the
optimal structure of statistical models of wildfire size. I will also describe the sensitivity of fire
size predictions to these changes model structure. I will close this dissertation by describing a
metamodel that can incorporate model uncertainties, that arise from the sources described in

Chapter 3, into a single predictive model of fire size.
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Chapter 2. UNCERTAINTY IN MODEL CHOICE FOR FORECASTS
OF VERY-LARGE FIRE OCCURRENCES’!

2.1  INTRODUCTION

Although representing only a small fraction of the total number of fires, very-large fires
(VLFs) are events often associated with dramatic economic, human health, and environmental
risks that are unlike most other wildfires. The most salient and immediate economic impacts are
suppression costs and property losses (Barrett 2018), which are often relatively large in VLFs
compared to other smaller events (Gonzalez-Caban 1983, Stephens et al., 2014). In addition to
these direct costs, there is a suite of indirect economic impacts—such as damages from post-fire
hazards, rehabilitation costs, lost tax and business revenue from community evacuations (Dale
2009)—that are increasingly probable and costly in larger wildfires (Neary et al., 2003, Peppin et
al., 2011, Beverly and Bothwell 2011, Beverly et al., 2011). VLFs have the potential to burn large
areas of vegetation and emit tremendous quantities of smoke within a short duration of time, which
can adversely impact air quality for months at a time (Stephens et al., 2014), even at long distances
from any active burning (Forster et al., 2001, Val Martin et al., 2013). The large areas of active
burning and sudden increase in air pollutants pose numerous risks to public health (Reid et al.,
2016) and safety (Achtemeier 2009, Stephens et al., 2014); and hospital admissions and treatment
costs are expected to increase during VLFs (Moeltner et al., 2013). Although there are some

ecological benefits of fire, VLFs have also been associated with significant, deleterious, and

! Podschwit, H. R., Larkin, N. K., Steel, E. A., Cullen, A., & Alvarado, E. (2018). Multi-model forecasts of
very-large fire occurrences during the end of the 21st century. Climate, 6(4), 100.



sometimes irreversible environmental changes. These include the production of environmental
conditions conducive to the establishment of invasive species (Crawford et al., 2001), loss of
ecosystem services (Rocca et al., 2014), and long-term modifications to forest structure (Haffey et
al., 2018). Given the disproportionate costs VLFs pose to economic, social and environmental
values, there is a broad need across disciplines, to better understand patterns and trends of their
occurrence to mitigate future hazards. There is even greater urgency for this given that multiple
lines of evidence suggest that VLF frequency has increased (Williams 2013, Dennision et al., 2014,
Barbero et al., 2014) and will continue to increase into the future (Stavros et al., 2014, Barbero et
al., 2015). Still, there are several challenges to obtaining reliable predictions of future wildfire
activity, many of which are related to various kinds of scientific unknowns or uncertainties. These
uncertainties can come from many sources (Chen et al., 2018) and can be associated with a
particular quantity of interest—what will the future frequency of very-large fire events be?—or
associated with model structures—how are environmental conditions related to very-large fire
frequency? The latter is referred to as model or structural uncertainties, which can have significant
effects on the conclusions one draws from an analysis (Morgan et al., 1992, Syphard et al., 2018).
In the context of forecasting future wildfire activities, these structural uncertainties can arise from
the selection of vegetation models (Sitch et al., 2008, Syphard et al., 2018), assumed anthropogenic
effects (Westerling et al., 2011), as well as greenhouse gas emissions and their effects on the
environment.

Structural uncertainties associated with the characteristics of the future environment are
commonly accounted for in long-term climate impact studies through the use of multiple General
Circulation Models (GCMs). Each GCM predicts climatological responses based on unique

assumptions regarding chemical and physical interactions between a suite of factors including



land, water, atmosphere, and the cryosphere. These models can be used to forecast future climate
by forcing the models to observe historical atmospheric conditions and running the models forward
using representative concentration pathways (RCPs) as plausible carbon emission scenarios. There
are four future RCP scenarios, which are labeled RCP 8.5, RCP 6, RCP 4.5, and RCP 2.6; each
assumes various levels of fossil fuel use and economic activity. The suffix labels correspond to the
approximate 2100 radiative forcing levels. For instance, the high-emission (RCP 8.5) scenario
corresponds to an approximate radiative forcing increase of 8.5 W/m? by 2100 compared to pre-
industrial conditions. Since the choice of GCM and RCP can be thought of as competing plausible
models of the future environment, and the precise climatological response and quantities of
greenhouse gases that will be emitted and sequestered prior to 2100 are unknown, it makes sense
to interpret them as structural uncertainties (Taylor et al., 2012).

In addition to the structural uncertainty arising from relating greenhouse gas emission
scenarios to climatological impacts, structural uncertainty further arises when relating
climatological variables to an impact of interest. In the context of fire, these relationships could
include weather patterns such as temperature, precipitation, atmospheric moisture, winds, and
clouds. Identifying and describing the relationship between these variables and VLFs is an
immensely complex and subjective process, as there can be many competing hypotheses. For
instance, temperature controls landscape flammability, is associated with thunderstorm activity
and by extension ignition frequency (Flannigan et al., 2009), mediates tree mortality through
drought (Allen et al., 2010) and insect pests (Bentz et al., 2010), and influences the length of the
snow-free season (Westerling 2016). Additionally, the timing and amount of precipitation can also
influence wildfire behavior in parallel with temperature by controlling the availability of fine fuels

(Meyn et al., 2007), fuel moisture (Flannigan et al., 2016), and distribution of flammable species



(Bradley et al., 2016). Multiple weather variables may adequately measure a common phenomenon
associated with wildfire risk, such as drought (Zargar et al., 2011), resulting in highly correlated
covariates that when utilized in wildfire risk prediction, produce models with near-identical
goodness-of-fit. Hence, although statistical models can be a useful tool for representing and
identifying the relative importance of relationships between the environment and fire, they are still
only approximations to reality. Confounding of unmeasured variables like vegetation management
(Holsinger et al., 2016) may influence the predicted importance of some weather variables, which
can make model selection challenging. In some cases, the same suite of covariates can be used to
make predictions with multiple mathematical representations (Mallick and Gelfand 1994),
presenting an additional level of uncertainty that is easily overlooked. Given the frequency with
which one faces structural uncertainties when modeling highly complex phenomena like wildfire,
it is extremely risky to select any single model as an approximation of this phenomena, and a more
robust approach should explore results from multiple models (Morgan et al., 1992, Littel et al.,
2011).

Bayesian model averaging is flexible and a commonly used method of accounting for
structural uncertainties like these, lessening many of the risks of traditional model selection
techniques and improving performance across a variety of metrics (Raftery and Zheng 2003).
Within this framework, model weights, which are assumed to be uncertain, are used to combine
covariates or predictions from multiple sources into a single probability distribution. The
uncertainties in the model weights are represented using the posterior, which is a probability
distribution representing the belief in the model parameters conditional on the observed data.
While posteriors provide a natural framework for interpreting uncertainties, in practice, closed

form expressions of the posterior are non-trivial and direct calculation is often impossible. Hence,



simulation methods like Markov Chain Monte Carlo are typically used to generate samples from
the distribution, which are in turn used to approximate the quantities that are of interest to the
analyst (Fragoso et al., 2018). Computational barriers to Markov Chain Monte Carlo techniques
have diminished greatly since they were first introduced, and a range of recently developed
software options such as JAGS (Plummer 2003), Stan (Carpenter et al., 2017), and Integrated
Nested Laplace Approximations (Rue et al., 2009) have facilitated the application of these methods
in novel and previously infeasible contexts (Monnahan et al., 2017).

Hence, in this paper, I account for both kinds of structural uncertainty—uncertainty from the
climate models and uncertainty from the choice of VLF models—using Bayesian model averaging
to generate predictions of event frequency in the last half of the 21% century in the Continental
United States. In Section 2, I present the methods used to produce robust predictions of future
wildfire activity using GCMs and multiple fire occurrence models. In Section 3, the results of this
analysis are available and demonstrate that increases in VLF activity should be expected in many
regions in the Continental United States at the end of the century. In Section 4, I close the paper

with a discussion of the implications of this analysis to decision-makers and researchers.

2.2  METHODS

2.2.1 Fire Occurrence Data

Data from the Monitoring Trends in Burn Severity (MTBS) project, which describes individual
fire size and severity based on changes in satellite imagery, are used to measure monthly fire
occurrence. The original dataset included all detected fire events within the continental United
States for the years 1984-2015 and is further filtered to remove all events 404 hectares or

smaller, or that were non-wildfire. The filtered data are grouped into 18 regions with broadly



similar climate and vegetation characteristics using a geospatial dataset of ecosystem divisions
(Figure 2.1, Bailey 2016). For each region, two binary time series were constructed: one
representing large fire (LF) occurrence, and another representing very-large fire (VLF)
occurrence. The LF occurrence time series, Xz, reports “1” if at least 1 event of at least 404
hectares is recorded during that month; otherwise, it reports “0”. The VLF occurrence time
series, Xy ¢, records “17 if at least 1 VLF—one that exceeds the 95 percentile of the region’s
filtered MTBS burn area records (Table 2.1)—is recorded during that month and region;
otherwise, it reports “0”. The Marine Division had one fire event and the Subtropical Regime
Mountain had no VLF events during 1984-2005, and both were dropped from further
consideration, yielding a total of 16 independent ecoregional analyses. All of the time series are

split into a tuning dataset (1984-2005) and a training dataset (2006-2015).
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Figure 2.1. Map of multi-model mean temperature changes between 1955-2005 and 2050-2099
over the relevant Bailey’s divisions under the representative concentration pathway (RCP) 4.5
(top) and RCP 8.5 emission scenarios (bottom). Regions with insufficient fire occurrence data
for analysis are colored white.



Table 2.2. Very-large fire cutoffs, the number of fires, large fire months, and very-large fire
months for two time periods: 1984-2005 and 2006—2015.

Total # of fires | # of large fire | # of very-large
DOMAIN Division 95t §ize months fire months
percentile (ha) ’84- ’06- "84- ’06- "84- ’06-
‘05 ‘15 ‘05 ‘15 ‘05 ‘15
Temperate Desert (TD) 16,007 1623 833 119 55 22 19
Temperate Desert 121 78 52 31 5 4
Regime Mountains 11,765
(TDRM)
Temperate Steppe (TS) 11,664 464 347 119 70 13 13
Temperate Steppe 798 541 101 56 14 13
Regime Mountains 19,853
Dry (TSRM)
Tropical/Subtropical 11.616 365 254 94 57 10 9
Desert (TSTD) ’
Tropical/Subtropical 168 143 71 45 7 7
Regime Mountains 13,169
(TSTRM)
Tropical/Subtropical 10243 388 546 126 79 10 16
Steppe (TSTS) ’
Hot Continental (HC) 6180 267 75 67 41 11 2
Hot Continental Regime 4586 169 45 30 27 4 1
Mountains (HCRM)
Marine Regime 136 130 48 33 6 5
Mountains Redwood 21,776
Province (MaRM)
Mediterranean (Me) 10,980 149 64 82 35 6 3
Temperate Mediterranean Regime 17.772 799 374 143 60 16 17
Mountains (MeRM) ’
Prairie (P) 6707 155 275 47 56 5 9
Subtropical (ST) 5908 431 312 149 82 16 14
Subtropical Regime 3927 4 16 3 12 0 1
Mountains (SRM)
Warm Continental 73 20 40 12 1 4
(WC) 6466
Humid Savanna (S) 20,623 89 45 44 24 5 2
222 Meteorological covariates

Regional averages of gridded weather variables from the University of Idaho gridMET dataset
are used to calculate 12 weather predictors that will provide coarse scale environmental
descriptions during each month between 1984-2015. Of these 12 weather predictors, four are
measures of temperature; six are measures of moisture levels, and two measure wind

characteristics. The four temperature metrics are based on monthly space-time averages of daily



average temperature, which are calculated by dividing the sum of the daily maximum and
minimum values by two (Weiss et al., 2005). The quantity hereafter referred to as seasonality
measures intra-annual temperature variability by normalizing monthly temperature averages by
the mean and standard deviation of all 360 measurements in the most recent 30 years of data
(e.g., 1986-2015). The inter-annual temperature variability is captured with a quantity referred to
as the departure from normal, which instead normalizes by the mean and standard deviation of
30 measurements in the most recent 30 years of data that correspond to same month as the raw
measurement. The remaining temperature metrics are the rolling 12-month minimum and
maximum temperature, which will record extreme temperature events that have potential for
delayed impacts on wildfire activity. The six moisture level metrics are average specific
humidity and precipitation totals over five time periods (1, 3, 6, 12 and 24-month time windows).
In addition to a simple space-time average of wind speed at 10 m, the maximum daily space-time

averages each month was also included as a covariate of the fire occurrence probabilities.

223 Probability estimation trees

Two quantities are estimated for each month and region, the probability that at least one LF
(>404 hectares) occurs and the probability that a VLF occurs conditional on the occurrence of at
least one LF. These probabilities are estimated using multi-model averages of a flexible and
powerful type of binary classifier known as a probability estimation tree (PET). PETs use
decision-tree structures to recursively divide the data with binary splits, eventually grouping all
the data into mutually exclusive categories or leaves. With respect to the response, the splits
create increasingly homogeneous clusters of observations, which also occupy an increasingly

specific portion of the covariate space. Within the context of this analysis, [ have 12



meteorological predictors available to form these categories, so that months—in which certain
fire events did or did not occur—can be grouped into categories describing broadly similar
environmental conditions. Prediction is performed by using the relevant covariates to identify the
appropriate category and taking the empirical frequency of the binary responses in that category
as a probability estimate (Provost and Domingos 2000). While it is well known that predictions
based on individual decision tree algorithms can be highly variable with significant levels of
structural instability (Wang et al., 2016), these pathologies are often lessened through the use of
model averaging (Provost and Domingos 2000). To that end, a suite of 100 PETs are generated
for each region and for both probabilities of interest; and I will hereafter refer to each collection
of 100 PETs as a ‘forest’. Each individual PET within a forest is generated stochastically by
applying the C4.5 learning algorithm without pruning (Quinlan 1993; Provost and Domingos
2000) to a random sample of the training dataset via the Roughly Balanced Bootstrapping
algorithm (Hido et al., 2009). The LF forests and the conditional VLF forests are constructed
somewhat differently in that the LF forests sample from all months in the training dataset, while
the VLF forests are based only on samples of months in which at least one LF has occurred. In
other words, the LF forests will discriminate between LF and no-fire months, and the VLF
forests will discriminate between LF and VLF months. Identification of important predictors
within each forest are assessed using two summary statistics: (1) the frequency that a predictor is
present in the PETs; and (2) the frequency that a predictor is used in the first split of the PETs.
The former identifies the frequency with which a given meteorological predictor is used at all
within the forest, and the latter identifies the frequency with which a meteorological predictor is

the best determinant of the response on a randomly generated dataset.



2.2.4 Multi-model very-large fire predictions

The structural uncertainties arising from training PETs to observed meteorological data are
compounded by structural uncertainties arising from the application of these models to long-term
climate forecasts. To improve the quality of the probability estimates and VLF occurrence
forecasts, multi-model averages of fire event probabilities are used to integrate both sources of
structural uncertainty: the choice of the PET and selection of the climate model. The final
probability estimates are assumed to be an average of predictions from all combination pairs of
the 100 PETs within each forest and 13 modeled weather datasets; a total of 1300 individual
predictions for each region, month, and probability of interest. The modeled weather data used to
make PET predictions come from the second version of regional Multivariate Adaptive
Constructed Analogs (MACA) dataset that was trained on gridMET, and downscaled with 13
GCMs: bee-csm1-1-m, BNU-ESM, CanESM2, CCSM4, CNRM-CMS5, CSIRO-Mk3-6-0, GFDL-
ESM2M, HadGEM2-ES365, inmcm4, IPSL-CM5A-MR, MIROCS5, MRI-CGCM3, NorESM1-M.

The multi-model averages are calculated using both unweighted and weighted approaches.
The unweighted approach assigns equal weight to each individual prediction and assumes that
each PET and climate model is equally credible. The weighted approach assigns unequal weights
to predictions from each pairing of PETs and climate models, to try to bias-correct the multi-model
averages and optimize predictive performance. The final weight applied to each individual
prediction is the product of two independent components: a climate model weight and a PET
weight. For a specified region and month, the estimated probabilities are written as (Equations 2.1-

2.2),

~ {100 v13
PLr = Xi=1 Zj:l ULF,iViPLF,i,j» (2.1
~ {10013

Pvir = Xi=1 Zj:l Uyrr,iViPyir,j-  (2.2)



Here, u,; represents the weight applied to the predictions from PET i, v; represents the weight
applied to predictions utilizing climate model j, and p.; ; is the prediction obtained from

PET i utilizing climate model j. I estimate the weight components using a fully Bayesian
approach that incorporates fire occurrence and modeled climate forcings from 1984-2005, as
well as probabilistic representations of possible parameter estimates. Via Bayes rule, the
posterior of the model weight components, 8 = Uy, Uy g, U , is proportional to the product of the

likelihood and prior probability distributions. The likelihood component represents the

probability of observing the fire occurrence time series, X = X LEF>» X vLF»> assuming that they were
generated from a Bernoulli process parameterized with our weighted multi-model averages
(Equations 2.3-2.4):
X,-~Bernoulli(p, ), (2.3)

Xy.-~Bernoulli(p,, ), (2.4)
The prior component, p(8), which is a probability density function representing our a priori
belief regarding the parameter values, is defined using independent Dirichlet priors with
uninformative concentration parameters (Equation 2.5):

Uy, Uy p, B~Dirichlet(1). (2.5)
The posterior was approximated using Just Another Gibbs Sampler (JAGS) software (Plummer
2003) and the runjags package in R (R Development Core Team 2008). An initial set of 30,000
samples were generated from three parallel Markov Chain Monte Carlo chains using a burn-in
interval of 10,000 steps, adaptive phase of 10,000 steps, and thinning interval of 100.
Calculations were performed on a MacBook Pro (Quanta Computer, Inc, Shanghai, China) with
a 2.7 GHz Intel Core i7 processor (Hillsboro, Oregon, USA). Convergence was monitored

visually, and also via the calculation of the potential scale reduction factor, using the range of the



central 90th percentile of the marginal posteriors as a test statistic (Brooks and Gelman 1998).
The second half of the chain is assumed to have approximately converged if the maximum
potential scale reduction factor fell below 1.01. If the chain had not converged, then it was
continued in batches of 1000 iterations until the maximum potential scale reduction factor was
less than 1.01 (Gelman and Shirley 2011). To provide guidance to future analysts looking to
perform similar analyses, an informal computational comparison of JAGS (Version 4.3.0) and
Stan software (Version 2.17.3) was completed, which is described in the supplementary
materials. The final VLF probabilities can then be calculated by averaging both probabilities of
interest—either with point estimate averages of the model weights or using the full posterior in
the weighted approach—and applying Bayes rule (Figure 2.2). The resulting distribution of VLF
probability time series is then used to estimate the changes in VLF frequency in the future by
finding the difference between the expected number of VLFs in the historical climate (1956—
2005), and the expected number of VLFs in the future (2050-2099) under moderate and severe

warming scenarios, RCP 4.5 and RCP 8.5, respectively.
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Figure 2.2. Workflow of very-large fire probability calculations. In the prediction phase,
probability estimates are calculated for every combination pair of climate model and probability
estimation tree. The model-averaging phase combines these predictions into probability
estimates using either a weighted or unweighted averages. The final phase uses Bayes rule to
calculate the very-large fire probability as the product of both components from the model-
averaging phase.

2.2.5 Ensemble assessment

The ability of the multi-model averages to estimate observed VLF frequencies was quantified
over the temporal range of the extant MTBS fire occurrence record at three non-overlapping time
periods. Two of the three time periods correspond to the tuning (1984-2005), training (2006—
2015) datasets that were used to bias correct and fit the initial suite of PETs respectively.
Additionally, a testing dataset independent of the information used to build the multi-model
averages was constructed using 2016 MTBS occurrence data. For each time period, a sample of

100,000 probability time series were drawn from the relevant multi-model average posterior,



which were then used to simulate the distribution of VLF counts predicted during that time
period. Note that the 2016 fire data used to independently validate the multi-model averages
represent an updated version of the MTBS data that was unavailable during the PET training and
tuning stages, and that slight differences in the total number of large (>404 hectares) incidents
between 1984-2015 were observed in the two versions. Specifically, the original MTBS dataset
reported 10,295 large incidents between 19842015, while the updated version reported 10,298

large incidents during that same period.

2.3  RESULTS

2.3.1 Important predictors of very-large fires

The diversity of predictors used in the PETs was high, and the important meteorological
variables varied by region, the summary statistic, and the type of fire probability. Temperature
metrics, in particular seasonality, are a commonly utilized weather predictor in LF forests, and in
10 of the 16 LF forests, seasonality is present in 90 or more of the PETs. On the other hand, while
temperature metrics are frequently utilized when constructing PETs, they are not always the
optimal splitting criterion. For instance, in the Savanna, Prairie, and Hot Continental Regime
Mountains, precipitation metrics overwhelmingly replace temperature-based metrics as the
optimal discriminant of large and no fire months, and in other regions such as the Subtropical and
Hot Continental Division, this designation is highly uncertain.

The importance of temperature metrics also varied by the type of fire probability considered,
with temperature metrics more commonly identified as the optimal split criterion in LF forests
compared to VLF forests. This sensitivity of PET structure to the type of fire probability could

also arise in other ways. For example, in the Hot Continental Regime Mountains, the LF forest



overwhelmingly relies on precipitation metrics for prediction, while the corresponding VLF forest
utilizes no predictors and reports a constant conditional VLF probability. Similarly, in the
Tropical/Subtropical Regime Mountains and Prairie divisions, conditional VLF forests tended to
identify wind metrics as the optimal split criterion much more frequently than in the LF forests.
Additionally, PET complexity tended to be lower in VLF forests than in the LF forests. The
average number of variables used per PET, size, and the number of leaves were inflated in the
latter, and weather invariant null models were only ever observed in the VLF forests. The
variability in the optimal splitting criterion was also higher in the VLF forests, suggesting a relative
lack of certainty regarding the optimal discriminant in conditional VLF probabilities compared to
LF probabilities. Weighting did not appear to drastically influence the relative contribution of the

weather predictors within each forest (Figure 2.3).
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Figure 2.3. Summary statistics of each region’s forest of probability estimation trees. The top
panels show the percentage of probability estimation trees (PETs) in each region’s forest that
uses a particular weather predictor for at least one split. The bottom panels show the percentage
of PETs for which a weather predictor is selected as the optimal splitting criterion. The regions
are listed along the x-axis. The relative contribution of each first-split variable under the
unweighted (left) and weighted (right) averaging methods are displayed side-by-side. No split
refers to PETs that predict constant probabilities in all meteorological conditions.

2.3.2 Climate change and very-large fire occurrence

In most divisions, the expected number of VLFs is predicted to increase in 2050-2099 compared
to 1956-2005. The Marine Regime Mountains Redwood Forest division is predicted to have the
largest absolute increase with about 13 additional fires per decade under the RCP 4.5 scenario
and about 18 additional fires per decade under the RCP 8.5 scenario. For most of the regions
under consideration, the average predicted increase ranges from near-zero to several additional
VLF per decade relative to historical predictions. In some regions, like Mediterranean and

Savanna divisions, the multi-model average predicts slight decreases in VLF activity. The largest



absolute decrease occurred in Mediterranean California, which is predicted to have about one
less VLF per decade relative to historical predictions under both RCP scenarios. In general,
increases in VLF frequency are more severe under the RCP 8.5 scenario than under the RCP 4.5
scenario, although the sensitivity to RCP scenario varies by division (Figure 2.4). The largest
absolute difference in average VLFs per decade between the RCP 8.5 and RCP 4.5 scenarios was
in the Marine Regime Redwood Forest division, which had about 5 additional VLFs in the RCP
8.5 scenario. Although the Hot Continental Regime Mountains predicts a larger VLF count per
decade under the RCP 4.5 scenario than the RCP 8.5, the difference is negligibly small. The
median difference between the RCP 8.5 and RCP 4.5 scenario across the 16 ecoregions was 0.9

additional VLFs per decade under the RCP 8.5 scenario.
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Figure 2.4. Kernel density estimates of the posterior and mean of the number of additional very-
large fires per year relative to the 19562005 reference period per year by ecoregion under the
representative concentration pathway (RCP) 4.5 (blue) and RCP 8.5 (red) scenarios arranged by
magnitude of change. The excess very-large fire frequency is calculated by randomly sampling
(n=10°) from the posterior of historical (1956-2005) and future (2050-2099) multi-model
averages and calculating the difference.

Future changes in VLF frequency may or may not be uniformly distributed throughout the year.
The largest absolute monthly changes in VLF frequency are observed in the Marine Regime
Mountain Redwood Forest division during the summer months, while the shoulder months are
not predicted to drastically differ from present day VLF frequency. In contrast to the predictions
in the Marine Regime Mountain Redwood Forest division, semi-uniform changes in VLF
frequency are also predicted in some regions. For instance, the Subtropical division is predicted

to have about 6-8 additional VLF events during the last half of the 21st century relative to the

19562005 reference period but shows no strong preference as to what month these events will



occur. For nearly all regions and months, VLF frequency is predicted to increase or show no
change compared to historical reference conditions, with the Prairie division being an example of
the former and the Hot Continental Regime Mountains the latter. The Mediterranean division is

an exception to this pattern, as reductions in future very-large fire frequency are predicted from

October to May (Figure 2.5).
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Figure 2.5. Predicted intra-annual changes in very-large fire frequency across sixteen
biogeographical regions within the Continental United States under the RCP 4.5 (blue) and RCP
8.5 (red). The central 90th percentile and mean of the excess very-large fires are based on
1,000,000 random samples of the posterior multi-model average very-large fire probabilities
from the historical (1956-2005) and future (2050-2099) scenarios.

The changes in overall VLF frequency are predicted to be a result of changes in both model

components: the LF and conditional VLF occurrence probabilities. For divisions like Marine



Regime Mountains Redwood Forest, both probabilities increase, implying that the LF months
will become increasingly frequent and a larger proportion of the months classified as LF will
become VLF months. Other divisions showed increases in only one of the model components. In
the Temperate Steppe Regime Mountain division, only conditional VLF probabilities are
predicted to increase, and in the Tropical/Subtropical Steppe division, only LF probabilities are
anticipated to increase. Significant decreases in the model components are only predicted in the
Mediterranean and Tropical Subtropical Regime Mountains divisions, which respectively have
decreases in the conditional VLF and LF probability components in 2050-2099 compared to
19562005 climate model forcings. The Mediterranean LF probability components are predicted
to increase, while the conditional VLF probability component is expected to remain the same in
the Tropical Subtropical Regime Mountains division. In general, the changes in model
components are greater in the RCP 8.5 scenario compared to the RCP 4.5 scenario, although the
differences between the two future scenarios were nearly imperceptible in some regions (Figure

2.6).
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Figure 2.6. Simulated change in monthly multi-model large-fire and conditional very-large fire
probability estimates across biogeographical divisions of the continental United States. The point
cloud is a sample of 100,000 differences in average posterior probability components under the
historical (1956-2005) and future scenarios (2050-2099); with the RCP 8.5 scenario colored red
and RCP 4.5 colored blue. The solid black lines represent the central 90th percentile and the
dashed lines are horizontal and vertical lines passing through the origin.

2.3.3 Ensemble assessment

The proportion of simulated VLF counts equal to or below the observed values varied by
region and time period, and the frequency with which this quantity fell within the central 95
percentile of the simulated VLF counts informs us of the overall quality of the multi-model average
forecasts. Using this performance metric, the highest ensemble quality occurs in regions where the
central 95 percentile of simulated VLF counts covers the observed VLF counts in all three time

periods, which was observed in the Marine Regime Mountains Redwood Forest, Prairie, Hot



Continental, Temperate Desert Regime Mountains, and Savanna divisions. In as many regions,
this quantity fell in the central 95" percentile for the testing and tuning time periods only, or in the
testing and training time periods only. This was observed in the Temperate Steppe Regime
Mountains, Temperate Steppe, Temperate Desert, Mediterranean Regime Mountains, and
Tropical/Subtropical Steppe divisions. Predictive performance was occasionally poor in the tuning
and training time periods, but good during the testing time period, as was observed in the Warm
Continental, Subtropical, and Tropical/Subtropical Desert divisions. In the Mediterranean
division, the ensembles performed well on the tuning and training time periods but showed poor
performance when predicting data they were not already optimized on. The lowest model quality
was seen in the Tropical/Subtropical Regime Mountains, where observed VLF counts were
covered by the central 95" percentile in the tuning time period only, and in the Hot Continental
Regime Mountains, where the central 95™ percentile of the simulated VLF counts never covered
the observed quantity.

Consistent underestimation, where the observed VLF count was equal to or greater than the
median simulated VLF count in all three time periods, was reported in nine of the sixteen regions
considered. The magnitude of these underestimates ranged from very minor, as in the Temperate
Desert, to quite severe, as in the Hot Continental Regime Mountains. Consistent overestimates
were much less frequently observed, with only the Marine Regime Mountains Redwood Forest
and Warm Continental divisions reporting observed VLF counts equal to or less than the median
simulated VLF counts in every time period. Five regions had VLF counts that were located to the
left or right of the median depending on the time period considered. The Temperate Steppe, Prairie,

and Tropical/Subtropical Steppe divisions simulations tended to underestimate the reported VLF



counts, while the opposite was observed in Temperate Steppe Regime Mountains and Hot
Continental divisions.

The simulated distributions did not appear to be strongly sensitive to the choice of RCP
scenario during the temporal extent of the training (2006-2015) and testing (2016) time periods,

as there are only slight differences between them during those times (Figure 2.7).
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Figure 2.7. Simulated and actual very-large fire month counts for each region and three time
periods: 1984-2005, 20062015, and 2016. A sample of 100,000 simulated very-large fire (VLF)
counts are produced under historical (grey), RCP 4.5 (blue), and RCP 8.5 (red) scenarios by
randomly selecting a VLF probability time series from the posterior and randomly generating a
VLF occurrence time series. The observed VLF counts are represented with arrows.



2.4  DISCUSSION

24.1 Important predictors of very-large fires

Wildfire events are associated with a number of factors (Flannigan et al., 2009) that may vary in
space (Stavros et al., 2014, Barbero et al., 2015, Arpaci et al., 2013, Flannigan et al., 2006,
Brotak and Reifsnyder, W. E. 1977), and may reveal themselves only under certain conditions
(Slocum et al., 2010, Krueger et al., 2015); it should not then be unexpected that model
variability can often be high. Attempts to identify any single factor as most closely associated
with VLFs are frustrated by the complex behavior of wildfires, competition among models, data
limitations, and diversity of performance criterion. Despite the ubiquity of structural and other
uncertainties, the relative importance of various coarse scale meteorological factors to specific
wildfire activities could be gauged by observing the frequency with which they were utilized to
make predictions. In some cases, a meteorological variable could, with high confidence, be
readily identified as important to predicting VLFs in a particular region. In the Temperate Desert
division, seasonality was frequently utilized in PETs for both wildfire probabilities and was also
often identified as the optimal splitting criterion. More typically, however, some level of
structural uncertainty was present and identifying a best predictor was not always as obvious. In
the Subtropical division, LF forest, temperature and precipitation variables were identified as the
optimal splitting criterion with nearly equal frequency. In the Mediterranean Regime Mountains
division, seasonality was frequently the optimal splitting criterion in the LF forest, but it was
much less common in the VLF forest. Moreover, in the Mediterranean division, wind-based
metrics were frequently utilized in LF forests in the Mediterranean forest, but not as a first-split
in the PETs. Model variability could be particularly high in the LF forests in the Eastern

Continental United States. Precipitation based variables were overwhelmingly preferred in



extreme southern Florida and in the Appalachians, but wind-based variables were preferred in
the Hot Continental division; Temperature was slightly preferred in the Warm Continental
division, and as already mentioned, the Subtropical region showed no strong preference with
regard splitting criterion. Although some regions showed preferences for certain weather
variables, model variability was fairly high in the VLF forests.

Although these structural uncertainties are sometimes obstacles to identifying important
meteorological relationships with VLFs, they are also critical to understanding the true level of
confidence in observed correlations and safeguard against overconfident conclusions. While
clearly notable levels of model variability could be encountered across multiple factors, robust
patterns and trends could still be inferred. For instance, note that, in most of the West, with the
exception of the Great Plains and the Tropical/Subtropical portions of the Southwest, temperature
metrics were often the best predictor of LFs and were commonly used in LF forests. In the
remaining Western areas, temperature metrics were less useful and instead precipitation metrics
were selected as the optimal splitting criterion. This apparent preference for precipitation metrics
over temperature metrics in these regions may be related to the characteristics of fuel-limited
versus climate-limited fire regimes (Meyn et al., 2007), or due to a relative inability of seasonal
temperature fluctuations to match wildfire activity compared to precipitation. The relative
popularity of wind-based variables in very-large forests compared to very-large forests is also
interesting, as wind has been reported to have variable influence on wildfire activity depending on

fire size and geographic location (Slocum et al., 2010).



2.4.2 Climate change and very-large fire occurrence

For both RCP scenarios and nearly all divisions, complex changes to wildfire activity are
predicted that will result in an overall increase in the frequency of VLFs, which is largely
consistent with many other projections (Flannigan et al., 2009, Barbero et al., 2015). While overall
increases in the frequency of these events are predicted using robust methods, the exact nature of
these changes remain unclear. It is not certain, for instance, if the range of fire sizes will remain
largely static in the future and only frequency of exceptionally large events will increase; or if the
size distribution will shift, so that burn areas exceed historic records. These distinctions are
important because the relative costs of these two competing possibilities are likely to vary across
decision makers. Put another way, although it would be equivalent within the modeling framework
described here, the consequences of adding five 100,000-acre events to the historical wildfire size
distribution and of adding five 1,000,000-acre events to the historical wildfire size distribution are
not the same to decision makers. The Mediterranean division was somewhat of an exception to the
overall reported increases in VLF activity. Westerling et al. (2011) project either no change or
modest increases in LF activity in much of lowland California, and large increases in mid- and
high-elevation locations, which at first seems inconsistent with the predicted decrease in VLF
activity, although there are a few explanations. Firstly, by considering a larger number of climate
models and predictive models, the range of results in this analysis will be inherently more variable,
and marginal results seen in other studies could emerge as significant when these structural
uncertainties are incorporated. Secondly, as shown in this study, the environmental drivers of large
and conditional VLF probabilities can vary, and differences regarding the definition of LF can
result in variability amongst methodologies (Slocum et al., 2010). Thirdly, differences between

the covariates considered and model structure are likely to alter the predictions across analyses.



For instance, anthropogenic and vegetation effects on wildfire activity were omitted in this study
but are known to be an important influence of wildfire activity in California (Syphard et al., 2007)
and elsewhere (Syphard et al., 2017).

The months in which VLF activity was historically highest may not necessarily apply in the
second half of the 21% century, and noticeable changes in intra-annual patterns, usually increases,
of VLF activity were predicted in most scenarios and regions. Some regions, like Temperate Desert
Regime Mountains and Marine Regime Mountains Redwood Forests, are predicted to have
increases in VLF frequency only during a limited portion of the year, while others, like the
Subtropical division, are predicted to have a relatively uniform increase in VLF frequency
throughout the year. Given that simultaneous increases in VLF probabilities are anticipated in
multiple independent regions, it is likely that VLF activity will change in ways that will increase
resource strain, which is a result consistent with Podschwit and Cullen (2020). Indeed, the results
of this study suggest that, depending on the emission scenario, between 12—13 regions will have
future VLF frequencies that exceed the historical record, and that intra-annual increases in VLF
occurrence are often predicted during the same time of year in spatially distinct regions.

In addition to changes to intra-annual patterns of overall VLF frequency, it is important to
acknowledge that the overall increases in VLF frequency are the product of two processes: changes
in LF and conditional VLF probabilities. Any increase in VLF frequency is then the result of one
of three scenarios: an increase in both probabilities, and increase in LF frequency only, or an
increase in the frequency that LFs become VLFs. These specific changes in model components
may be of particular relevance to firefighting, public health professionals, and other decision-
makers who will—due to differences in the impacts of the events—react to no-fire, LF, and VLF

months differently and require guidance regarding the characteristics of the novel future wildfire



regimes. Reducing the uncertainty as to which emission scenario the future will resemble should
also be a priority for decision-makers and researchers, as the predicted changes tend to be more
exaggerated under the RCP 8.5 scenario compared to the RCP 4.5, which should influence
adaptation and mitigation efforts of future wildfire impacts.

Given the already strained firefighting operations under current wildfire size distributions,
the results of this chapter suggest that these suppression strategies are unlikely to be sustainable
by the end of the century. Firefighting operations will eventually likely be forced to either (1)
increase the funding and resources for firefighting or (2) use less aggressive firefighting strategies
that allow some wildfires to grow with little to no suppression. That wildfire activity is higher
under the more extreme warming scenario also suggest that these suppression conflicts are likely

to be smaller if aggressive carbon mitigation policies are enacted.

243 Caveats and future work

While the simultaneous acknowledgement of structural uncertainties in the climate models
and PETs represents an interesting approach, there are still a number of uncertainties that were not
addressed in this climate impact analysis. The limited availability of reliable and consistently
recorded (e.g., satellite-based) measurements of wildfire activity (Taylor et al., 2013) and the
inherent rarity of VLF events remain significant obstacles to validating predictions and estimating
underlying model structures (Podschwit and Cullen 2020). The validation results should be
considered as the current state of knowledge regarding the ensemble’s predictive ability and may
change when more data becomes available in the future. If inter-annual variability in wildfire
activity is high, then the validation results used in this study may be based on particularly

predictable or unpredictable fire years, and therefore not be representative of the actual



performance. Longer duration datasets would be preferred, and thirty year climatologies are often
considered ideal (Arguez and Vose 2011), but the entire range of available burn area data only
extends 33 years and it is unlikely that longer time scale meteorological associations with VLF
activity will be accurately captured with the relative brevity of data (Westerling and Swetnam
2003, Marlon et al., 2012). Moreover, if recent increases in VLF activity are indicative of a sudden
a shift into overall wildfire patterns unlike what has been observed in the past, then forecasting
future activities based on historical relationships could be inadequate. For instance, the two events
occurring in the Hot Continental Regime Mountains in 2016 were quite unusual in historical terms,
as only four VLF months were reported from 19842005, and only one VLF was reported from
2006-2015.

Data limitations may also be qualitative, and many of the remaining important structural
uncertainties are due to unconsidered covariates, like vegetation changes, suppression effort, and
population growth, that were not modeled due to data inavailability, practical considerations, and
challenges related to predicting these quantities in the future. While the PETs used in this study
produced a diverse suite of predictive models and are known to be highly unstable (Wang et al.,
2016), there are many other lingering sources of structural uncertainty that could still be
incorporated. For instance, generalized linear models could be used instead, which take a number
of mathematical structures depending on the choice of link and response functions (Clyde 2003).
Similarly, various data transformations could be used to generate competing models of the wildfire
activities. Alternative models could be constructed that condense the two model components into
VLF occurrence probabilities only, so that the event space of each month is purely binary. Instead
of biogeographical classification of regions, the Continental United States could be partitioned

using administrative or other boundaries to generate VLF predictions relevant to specific



stakeholders. Hence, clearly a broad variety of other structural uncertainties still exist that could
potentially influence predictions of future VLF frequency in the second half of the 21% century.

It is important to understand that the VLF probabilities do not inform us as to what will
actually happen, but rather communicates the degree of uncertainty about future outcomes
conditional on carbon emission scenarios. For this reason, some tolerance to deviations between
observed and expected VLF frequencies should be considered, as should the fact that the
predictions were based on modeled climate data as opposed to direct observations. Still, in many
regions, the ensemble performance was relatively adequate, and the simulated distribution of fire
counts covered the observations. Moreover, when deviations occurred, they tended to
underestimate the future VLF counts. Hence, the overall claim that VLF counts will increase in
the future under climate change is supported by the results of this study, as well as through the
work of others (Stavros et al., 2014, Barbero et al., 2015). Stochastic uncertainty will be critical
when explicitly linking changes to VLF occurrence to human activities and for assessing the future
levels of VLF simultaneity (Tedim et al., 2018) and is a factor that would be well addressed using
the methods described here but is beyond the scope of this paper. The inherent stochasticity of the
PET construction process suggests that repeated applications of this methodology in the future
may Yyield slight variations to the results presented here.

Interestingly, a standard factor analysis revealed that more than 86 percent of the variability
in predicted probabilities could be attributed to variance amongst the PETs rather than variance
amongst the climate models, and while the PETs are an inherently unstable choice of predictive
model, this suggests that structural uncertainties should receive the attention of climate impact
researchers in much the same way that the choice of climate model does. Further exploration of

these structural uncertainties in climate impact analyses cannot be recommended enough in future



analyses, as they inform not only of future impacts, but the reliability of these predictions, which

can influence decision-maker behaviors in a variety of ways (Weber and Johnson 2009).

2.5 CONCLUSIONS

While the key conclusion from this research was that fires that were historically considered
very-large and rare are likely to become increasingly frequent in most regions of the Continental
United States at the end of the 21% century, there are also a number of other complexities in future
wildfire activity that may be of further relevance to researchers and decision-makers. For instance,
although temperature-based metrics were often important for prediction, this analysis also found
that the identification of important predictors could be highly uncertain across a number of factors,
which should be ignored at one’s peril. Moreover, even using the relatively simple probabilistic
models I developed, rich details regarding future wildfire activities were constructed that
reasonably matched observed fire frequencies and were dynamic in terms of intra-annual trends,
fire frequency, simultaneous fire occurrence, and the readiness with which LFs become VLFs.
Although overall increases are predicted, I also observed exceptions and regional variability. In
the Northwestern United States, VLF frequencies were predicted to increase, with nearly two
additional events per year, and increases close to one additional VLF per year were fairly
commonly throughout much of the Continental United States as well. In rare instances, the
potential for decreases in VLF activity was also reported.

The cumulative impact of these changes is anticipated to affect decision-makers in various
ways and the techniques described here have a number of benefits for addressing their needs. For
instance, the presented Bayesian model averaging techniques avoids many of the risks of

traditional model selection techniques that are especially dangerous when predicting complex



phenomena such as wildfire. Moreover, this method simultaneously provides a natural method of
calculating important event probabilities that are critical to informed decision-making. While
uncertainty in climate models is well understood amongst climate impact researchers, these results
highlight the hidden sources of structural uncertainty, and encourage the use of Bayesian model
averaging to reconcile them into robust forecasts of future wildfire and other impacts resulting

from climate change.
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Chapter 3. UNCERTAINTY IN UTILITY FUNCTION CHOICE FOR
FORECASTS OF FIRE SIZE

3.1 INTRODUCTION

A wildfire’s size changes over time. The largest and most destructive wildfires that have ever
burned all began as small fires. As wildfire size increases, its impact on humans and the
environment often also increases. Actively burning fire destroys property and can cause injuries
and fatalities through both smoke inhalation and direct exposure to fire (Stephens et al. 2014).
Smoke production (Moeltner et al. 2013), insured losses (Murname 2006), and firefighting costs
(Murname 2006, Gonzélez-Cabéan 1983) all tend to be greater in larger fires than in smaller ones.
Consequences to plant (Gebert et al. 2007, Sessions et al. 2004) and animal (Burton 2005, Rupp
et al. 2006) populations can also be greater in large fires. Because impacts of wildfire are often
correlated with fire size, the ability to predict the final size while it is still burning could help to
anticipate and mitigate these risks.

Predicting wildfire size requires a model, for which there are many possible candidates.
Wildfire simulators (Finney et al. 2011), built on spread models in combination with detailed
information of fuel and fire perimeter, provide spatially explicit estimates of the location of
future burning areas (Papadopoulos & Pavlidou 2011). These models of wildfire growth, along
with estimates of fire duration, provide estimated maps that could be used to infer final fire size
(Finney et al. 2011, Papadopoulos & Pavlidou 2011) Although these complex models are
preferred for informing firefighting decisions, many of the physical models can be
computationally expensive (Taylor et al. 2013). Alternatively, wildfire size predictions might
also come from much simpler statistical models informed by environmental controls on fire size.

For example, machine-learning methods have been applied to predict final fire size in Boreal



Alaska using information available at the time of ignition (Coffield et al. 2019). Regression
techniques have also been applied in ways that could infer final fire size. For instance, weeks in
which very large wildfires are most likely to occur can be reasonably predicted in a generalized
linear model framework (Stavros et al. 2014, Barbero et al. 2013).

In practice, users of fire size predictions must select some subset of the universe of
potential model choices from which to produce forecasts. Selection of the subset is commonly
done by identifying a single model that optimizes a specified performance measure. This method
of subset selection is simple, but it fails to consider three issues critical to decision makers: (1)
the specified performance measure may not represent the preferences of all model users; (2) data
availability and quality can change over time, and the “best” forecast model might be useful only
at a specific point in time; (3) the degree to which two or models agree is itself important
information, and this information is not available from single models.

No one model can be best at all things, so resolving issue 1 requires multiple models.
When using models of wildfire size, decision makers have varying objectives. For example, one
decision maker might need predictions that are, on average, close to observed values, while
another decision maker might need to correctly predict the outcome of extreme events as soon as
they begin. A third decision maker might need to accurately reproduce historical data. Yet
another decision maker may instead need a model to be good at multiple performance measures
simultaneously and seek a Pareto optimal choice of model (Hummel et al. 2013). Multiple
models, each optimized for unique performance measures, would represent the diversity of
preferences about model quality better than any single model (Willmott 1982, Morgan et al.

1992).



With regard to issue 2, multiple-model approaches can also account for changes in the
availability and quality of data over time. For example, it is common to report both a full
(optimal) model and a reduced (less complex) model. The two options provide model users the
choice to generate predictions from either the optimal model when the necessary data is
available, or from the reduced models when certain quantities relevant to prediction may be
unavailable, highly uncertain, or impractical to calculate (e.g. Thies et al. 2006). Additionally, if
the relevance of factors used in prediction are time-varying, then multiple models may better
optimize predictive performance. As an example in the context of wildfire, consider the time-
varying relevance of soil moisture on fire size in the Great Plains, where the availability of soil
water has one relationship with wildfire occurrence in the growing season (May-October) and
another relationship with wildfire occurrence in the dormant season (November-April) (Krueger
et al. 2015). Time-varying covariates are also seen at the scale of an individual wildfire. For
example, in a study of wildfire size in south-central Florida, wind disproportionately influenced
the growth of smaller fires, but drought intensity was a stronger influence on growth once the
fire’s exceeded certain size thresholds (Slocum et al. 2010).

The extent to which multiple appropriate models agree on an outcome (i.e. issue 3) is
especially useful information when making costly decisions, as is often the case in real-time
wildfire management. Predictions from multiple models provide a range of plausible scenarios of
future quantities (e.g. climate models; Littell et al. 201), which can be combined into a single
prediction or distribution with a metamodeling approach, such as Bayesian Model Averaging
(Hoeting et al. 1999). Whichever approach is adopted, if the choice of model radically changes
predictions, then decision makers should have less confidence in its overall assessment than if all

the models were in general agreement. When and where model coherence is low, decision



makers would be encouraged to adopt risk-averse choices, particularly when the impacts are
potentially severe. Hence, multiple-model approaches can provide one type of safeguard against
otherwise overconfident decisions.

In this study, I explored these issues in the context of predicting the size of individual
wildfire size. Others have attempted this task in the past, namely (Coffield et al. 2019) who used
decision trees to predict fire size on the ignition data in Boreal Alaska. However, our models will
also explore at least four aspects that were not examined in (Coffield et al. 2019). First, our
models here are applied to a suite of new geographic regions, not just Alaska. Second, our
models will use wildfire growth information available later in the wildfire’s lifetime to attempt to
improve the accuracy of the predictions. Third, the models presented here optimize multiple
performance measures. Finally, models presented here are built on simple regression techniques
rather than machine learning, which have the advantage of being easy to interpret and relatively
simple for non-statisticians to apply. I use the models I developed to answer the following
questions:

A. How might preferences of wildfire managers regarding the choice of model performance

measure affect predictions of fire size?

B. Can predictions of individual fire size be improved as more information becomes

available?

C. How well do statistical models of fire size compare to existing wildfire spread models?

I developed two classes of fire size models that predicted fire size during two unique stages of a
wildfire’s lifetime: first-day model classes and accumulated evidence classes. The first-day class
of models used information available on an incident’s ignition day to predict fire size. The

accumulated evidence class of models used information about the wildfire’s growth, which is



available later on in the wildfire’s lifetime, to produce refined predictions. To reflect the
potentially diverse preferences of wildfire managers of what is considered a good model, the
models were selected according to three performance measures that each represent a particular
decision-making need. This set of models I refer to as the triple criteria model set (TCMS). For
fire-prone regions in the Continental United States (CONUS), I identified the TCMS for each of
the two model classes and, therefore, produced up to six unique models. I compared the
predictions and structure of models across each TCMS and found that the optimal model
structure depended on the location and choice of performance measure. The predictive
performance of first-day models was sometimes improved by using wildfire growth information,
and the simple statistical models contained in the TCMS was sometimes competitive with

complex wildfire spread models currently used in firefighting.

3.2 METHODS

3.2.1 Burned area data

I used burn area data from three sources: Monitoring Trends in Burn Severity (MTBS),
ICS-209 reports, and InciWeb website reports. Each data source met unique objectives of this
research that could not be accomplished with the others.

Data from MTBS (Eidenshink et al. 2007) provide estimates of individual fire size, which
I used to fit the first-day class of models. The dataset included events within the CONUS and for
the years 1984-2016. Ignition day was assumed to be the discovery date.

ICS-209 reports (https://fam.nwcg.gov/fam-web/hist 209/report_list 209, accessed
August 2015) and InciWeb (https://inciweb.nwcg.gov/) provide estimates of daily fire size,
which I used to fit and validate the accumulated evidence class of models. The ICS-209 data

span all of CONUS for the years 2002-2013. InciWeb website data provide daily fire size



information from June 2 to December 31, 2018. The reported time series was reconstructed and
cross-referenced with Incident Management Situation Reports
(https://www.predictiveservices.nifc.gov/intelligence/archive.htm) and other data sources to
ensure that the growth time series were as accurate as possible. InciWeb growth time series data
were used to independently validate both the first-day and accumulated evidence classes of
models. For both ICS-209 and InciWeb data, a burn area time series the ignition date was either
inferred from the reported size of the time series or explicitly provided.

All three data sources were prescreened to remove events that were either 1000 acres or
smaller, unnamed, or not classified as a wildfire. To maintain consistency between datasets,
InciWeb and ICS-209 data were also screened to remove wildfire complexes. Each wildfire was
assigned to one of 19 Bailey’s biogeographical regions (Figure 3.1). Of these, the Marine, Hot
Continental Mountains, Subtropical Mountains, and Warm Continental Mountains regions were
dropped from analysis because they lacked large fire events, leaving 15 biogeographical regions

in the analysis (Table 3.1).
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Figure 3.1. Map of Bailey’s ecoregions at division level overlaid with fire location data from

MTBS, ICS-209, and InciWeb.

Of the 19 total regions in the continental United States, 15 had

sufficient data to be used in the study. Excluded regions: Marine, Hot Continental Mountains,
Subtropical Mountains, and Warm Continental Mountains regions.



Table 3.1. Number of wildfires for which data were available across each of three datasets,
Monitoring Trends in Burn Severity (MTBS), Incident Command System 209 reports (ICS-209),
and InciWeb website updates, for each of the 15 ecoregions analyzed.

Biogeographical region MTBS (1984-2016) ICS-209 (2002-2013) InciWeb (2018%)
Hot Continental 362 14 0
(Sub)Tropical Steppe 969 133 9
Temperate Desert 2523 332 36
Temperate Steppe Mtns 1388 264 47
Temperate Desert Mtns 213 49 9
(Sub)Tropical Desert 640 103 5
Mediterranean Mtns 1208 197 29
Mediterranean 220 30 1
Temperate Steppe 850 89 0
Marine Forest Mtns 272 46 15
Subtropical 769 73 0
Prairie 468 42 1
(Sub)Tropical Mtns 344 58 17
Warm Continental 95 10 0
Savanna 136 19 2
* From June 2 to December 31, 2018.

3.2.2 Covariates

Wildfire size was predicted using a combination of meteorological, environmental, and

fire growth data. Meteorological information was collected from gridded weather data from the



University of Idaho gridMET project (http://www.climatologylab.org/gridmet.html). I
considered nine meteorological covariates that could plausibly be related to wildfire size: 100-
hour fuel moisture, 1000-hour fuel moisture, the model-G energy release component, burning
index, daily average temperature, specific humidity, potential evapotranspiration, vapor pressure
deficit, and wind speed. Daily average temperature was calculated as one-half the sum of the
daily maximum and minimum values (Weiss and Hays 2005).

In addition to these meteorological covariates, which vary over time, three time-invariant
environmental covariates were mapped to each individual fire: elevation, topographic roughness
(Riley et al. 1999), and the human influence index (Sanderson et al. 2002). The elevation
measures were calculated using elevation data from the gridMET project
(http://www.climatologylab.org/gridmet.html). Topographic roughness was calculated using a
neighborhood of all eight adjacent pixels. The human influence index measures the level of
human activity in the vicinity of the fire and was included to distinguish among wildfire activity
in urban, wildland interface, and wilderness areas.

The accumulated evidence models incorporated wildfire growth covariates calculated
from the daily wildfire size time series. Specifically, the wildfire growth covariates measured the
presence/absence of a large growth event, where a large growth event was defined as a daily
growth increment that exceeded one of three absolute thresholds (k) of fire size: 1000 acres,
2500 acres, or 10000 acres.

Each covariate was classified into one of seven dimensions of the fire environment: fuel
moisture content, atmospheric moisture content, temperature, wind, topography, anthropogenic
activity, and wildfire growth (Table 3.2). First-day models used covariates from six dimensions

instead of seven because, by definition, wildfire growth covariates were not included.



Table 3.2. The 15 covariates considered in model selection and the associated seven dimensions of the fire

environment.
Covariate Dimension
100-hour fuel moisture Fuel moisture content
1000-hour fuel moisture Fuel moisture content
Energy release component Fuel moisture content
Burning index Fuel moisture content
Potential evapotranspiration Fuel moisture content
Specific humidity Atmospheric moisture content
Vapor pressure deficit Atmospheric moisture content
Average temperature Temperature
Wind speed Wind
Elevation Topography
Topographic roughness Topography
Human influence Anthropogenic factor
1000 acres of growth Wildfire growth
2500 acres of growth Wildfire growth
10000 acres of growth Wildfire growth

323 Model candidates

Predictions came from generalized linear models, which are defined by a link function
and probability distribution. The link function transforms a linear combination of covariates into
the response, fire size, and the probability distribution describes the error structure of the model.
I assumed that the errors were Gamma-distributed and considered two possible links, logarithmic
and inverse functions.

Although the first-day and accumulated evidence models can both produce estimates of
final size of fire (K), they use separate methods to calculate this quantity. The first-day models

estimate K directly, so that,

K =1000 x exp(f(X)). (3.1



Here, X is a vector of relevant environmental information, and f is the generalized linear model
functional form.

The accumulated evidence models produced estimates of K indirectly by instead
estimating the difference between the current size and final size. The difference was calculated
with either additive or multiplicative methods. The additive method estimated K by predicting

the remaining amount of area that will after the forecast day.

R =exp(f(X)) +A(t). (3.2)

Here, A(t*), represents the size of the fire on the forecast day, t*. The multiplicative method

instead estimated the factor between the size on the forecast day, A(t*), and final size.

K = exp(f(X)) - A(t"). (3.3)

These model forms imply two responses for the accumulated evidence models.

y+ = In(K — A(t3)). (3.4)

Yx = In(K/A(t)).  (3.5)

The accumulated evidence models make either one or two forecasts of final fire size. The first,
mandatory, forecast is produced on the first day. This forecast assumes that no large wildfire
growth events (i.e. a daily growth increment that exceeds one of the three specified thresholds)

have occurred and, like the first-day model, uses environmental information associated with the



ignition day to produce an initial prediction of fire size. However, if a large growth event occurs,
a second forecast is produced that uses the environmental information on the day of the large
growth event. The additive models define current size using measurements at the beginning of
each day, and the multiplicative models define current size using measurements at the end of
each day. This distinction allows the multiplicative model to be used on the first day of a fire,

(t = 1), when the current size is zero, A(t)=0. Hence, the relevant forecast day, t*, was defined

as

ty = max({Z,min(arg max 1{A(t+1)_A(t)>k})}); (3.6)

ty = max({l, min(arg max l{A(t)_A(t_1)>k})}). (3.7

In some cases, the size associated with the second forecast day was missing and a significant
growth event was known to have occurred over some interval, but the specific day of the growth
event was unknown. In this case, the next day in which a burn area measurement was available
was used as the forecast day instead. All three model classes are summarized in Table 3.3.

Table 3.3. Summary of the general structure and data sources used for each model class. Burn area data were used
to calculate the response variables, and the covariates groups were used to generate forecasts of response. Wildfire
growth is included in the accumulated evidence model class, but not the first-day model class.

Model class Response variable Burn area data Covariate groups
First-day Total burn area minus | Monitoring Trends in | Atmospheric moisture
1000 Burn Severity Fuel moisture content
(log-transformed) (MTBS) Temperature
Wind speed
Topography
Anthropogenic factors




Accumulated evidence Burn area minus size 1CS-209 Atmospheric moisture
(additive growth) of first large growth Fuel moisture content
event or zero (log- Temperature
transformed) Wind speed
Topography
Anthropogenic factors
Wildfire growth
Accumulated evidence Burn area divided by ICS-209 Atmospheric moisture
(multiplicative growth) size at time of large Fuel moisture content
growth event or one Temperature
(log-transformed) Wind speed
Topography
Anthropogenic factors
Wildfire growth
324 Triple Criteria Model Set (TCMS)

To represent diverse preferences of wildfire managers, I selected models according to
three performance measures, which generated a set of models for each class that I refer to as the
triple criteria model set (TCMS). Each one of the models in the TCMS was selected from a large
initial suite of candidate models to optimize one of three performance measures. The structure of
all models can be described with nine model components: the link function, the method, and one
model component for each of the seven potential dimensions. The initial model suite considered
all possible configurations of these nine model components. The initial suite for the first-day
class of models considered 864 models; i.e., all 432 linear combinations of all six dimensions,

using both the logarithmic and inverse link functions. The initial suite for the accumulated



evidence class of models contained 5184 models; i.e., all 1296 linear combinations of all seven
dimensions (including the mandatory wildfire growth dimension), using both the log and inverse
functions, and using the additive and multiplicative methods.

Predictive performance was assessed with a combination of three measures of model
quality: mean multiplicative error, recall of large fires, and likelihood. Mean multiplicative error
is the mean of the absolute value of log-difference between the observations and predictions.
Recall is the mean predicted probability of a fire exceeding 5000 acres when the fire eventually
did exceed 5000 acres. Likelihood is the probability that the testing data set was produced from
the generalized linear model.

The predictive performance of each set of generalized linear models was estimated from
an initial suite of candidates using a Monte Carlo cross validation (MCCV) approach (Piccard
and Cook 1984) that preserved the approximate size distribution for every iteration of the
simulation. The MCCYV simulation was performed as follows. First, each wildfire incident was
assigned to one of four acreage classes: 1000- 2500, 2501-5000, 5001-15000, or >15000 acres.
At each iteration of the cross-validation procedure, an equal number of random samples were
drawn, without replacement, from each acreage class to produce training and testing datasets. If
an acreage class contained an odd number of events, n, then the testing data set had one more
observation than the training dataset. The training dataset was then used to fit each model in the
initial model suite, and the testing dataset was used to assess the model’s predictive performance.

Convergence of the MCCYV simulations was determined by testing for a statistically
detectable difference between the predicted performance of the first- and second-best models
(Table 3.5). Specifically, a two-sampled t-test was used to test the null hypothesis that the

differences between the performance measures of the best model and its closest competitor are



different from zero. In addition to the MCCV procedure (Table 3.6), I also estimated predictive
performance using holdout validation of the InciWeb dataset (Table 3.7), which provides more
realistic estimates of predictive performance than MCCV.

The three best models in the TCMS were selected by choosing the elements of the initial
model suite that optimized the three performance measures (Table 3.8, Table 3.9). I evaluated
which model components (covariates, link function, method) were always included in the
TCMS, regardless of the choice of performance measures, which will I hereafter refer to as
consensus components.

The level of model uncertainty was represented using the model range. The model range of a
fire was defined as the ratio of the largest and smallest predictions of fire size across the three
possible predictions of the TCMS. This quantity represents the maximum change in fire size
predictions that could result from a model user changing preferences. In addition to using MCCV
to assess model performance, in some divisions, I was able to compare the expected error
estimates of the statistical models to expected error estimates of FSPro, a wildfire simulator. That
is, the distribution of error levels of between expected sizes and actual sizes from FSPro was
compared to those calculated from the error-optimizing model of the TCMS. All statistical

analyses were performed using the R programming language (R Core Team 2018).

3.3 RESULTS

3.3.1 Sensitivity to uncertainties in preferences

It was rare that the same set of covariates were selected in the three models of the TCMS,
each of which optimized a unique performance measures (errors, recall, likelihood). For

example, in the Savanna region using the first-day models, the fuel moisture content dimension



was measured three ways: (1) 1000-hour fuel moisture in the model optimizing expected errors;
(2) 100-hour fuel moisture in the model optimizing recall; (3) omitted in the model optimizing
the out-of-sample likelihood (Figure 2). The choice of link function, as well as the method used
to estimate the final fire size in the accumulated evidence model class, also changed depending
on the choice of performance measure (Table 3.8, Table 3.9, Figure 3.2).

The accumulated evidence model had seven dimensions available compared to six in the
first-day models, but still tended to use fewer dimensions than the first-day models (Figure 3.2).
In only five cases did the accumulated evidence model use more covariates than the

corresponding first-day models (Figure 3.2).
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Figure 3.2. Summary of which model covariates were used in the elements of the triple criteria
model set for each biogeographical region. X-axis (top): the nine model components in each of
two model classes. Y-axis: the 15 biogeographical regions. For each region, three parallel
horizontal bars show each of the three best models optimizing the performance measures of
error, recall, and likelihood. Model dimensions common to all of three best models are identified
with a black outline (e.g., fuel moisture content dimension in (Sub)Tropical Desert).

Across each TCMS, consistent use of dimensions was far more common than consistent
use of particular covariates. For example, in the first-day models, regardless of the performance
measure optimized, fuel moisture content was commonly included in the models (Figure 3.3),
but the specific choice of covariate was highly variable (Figure 3.2). The number of models

within each TCMS using a particular dimension, was usually lower in the accumulated evidence

models compared to the first-day models (Figure 3.3).
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Figure 3.3. Map of the number of models in the triple criteria model set (0, 1, 2, 3) that used a
particular dimension (atmospheric moisture content, fuel moisture content, topography, and
anthropogenic)). The accumulated evidence model tended to use these dimensions less
frequently than in the first-day models. Only biogeographical regions with multiple covariate
choices within a dimension are shown. Temperature and wind speed dimensions were omitted
because they each only contained one possible covariate. The wildfire growth covariates were
omitted because they were relevant only to the accumulated evidence model class.

Models within the first-day model class tended to closely agree; the model range rarely
exceeded a factor of two. For the first-day class, the minimum median model range occurred in
the Temperate Desert Mountain region (1.02) and the maximum median model occurred in the
Savanna region (1.33). Within the accumulated evidence model class, the predictions were more
variable; the model range commonly exceeded a factor of two. For the accumulated-evidence

class, the minimum median model range occurred in the Mediterranean Mountains region (1.04)

and the maximum median model occurred in the Warm Continental region (3.21). In some cases,



in both the first-day and accumulated evidence classes, this model range was reported on the
scale of hundreds. In the Mediterranean region, the predictions from models within the first-day
class TCMS differed by a factor of 272 in the worst-case scenario. In the (Sub)Tropical

Mountains, the predictions from the models within the accumulated-evidence class TCMS

differed by a factor of 269 in the worst-case scenario (Figure 3.4).

o 256

size/smallest predicted size

Figure 3.4. The model range (the largest prediction divided by the smallest prediction) of each
fire event for each of the 15 biogeographical regions, as assessed with Monte Carlo cross
validation. The ranges of predictions are shown for the first-day models (gray) and the
accumulated evidence models (white).

3.3.2 Predictive performance

As estimated via MCCV, the accumulated evidence models always had smaller average

multiplicative errors than did the first-day models. Although the accumulated evidence model



was favored under both validation techniques, larger estimated errors occurred when calculated
with the holdout method: the median error ratio across biogeographical regions was a factor of
0.64 under MCCV and 0.88 under holdout (Figure 3.4). Under the holdout method, the
(Sub)Tropical Steppe, Savanna, Marine Mountains regions had first-day models with smaller
average errors than the accumulated evidence model classes (Figure 3.5).

Average recall scores (the predicted probability that a large fire will occur when a large
fire eventually does occur) were always larger in the accumulated evidence model classes than in
the first-day model classes, regardless of the biogeographical region or choice of validation
method. The predicted probabilities were generally two to three times higher in the accumulated
evidence model than in the first-day models, with only slight differences between the estimates
obtained from MCCYV versus holdout: median increase in recall across regions was a factor of
2.67 under MCCYV and 2.76 under holdout (Figure 3.5). In no case was the recall larger in the
first-day models than in the accumulated evidence models.

The out-of-sample log-likelihood was usually higher in the accumulated evidence models
compared to the first-day models. Under MCCV, the optimal accumulated evidence models
outperformed the optimal first-day model class in 13 of the 15 regions. Only in the Subtropical
and Warm Continental division did the optimal first-day model better describe the distribution of
fire size than the optimal accumulated evidence model. Similar results were observed under the
holdout method. In eight of the 11 regions, the optimal accumulated evidence model
outperformed the optimal first day model. Only in the (Sub)Tropical Mountains, (Sub) Tropical
Steppe, and Mediterranean regions did the first day model outperform the accumulated evidence
models (Figure 3.5). The absolute predictive ability of the TCMS models is in the Appendix

(Table 3.6, Table 3.7).
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Figure 3.5. Differences in mean predictive performance (expected errors, recall, and likelihood)
between accumulated evidence models (AEM) and first-day models (FDM). Estimates of
predictive performance were obtained via Monte Carlo cross validation (MCCV) and holdout.
When expected errors and recall were used as performance measures, AEMs had more favorable
predictive performance than FDMs. On the other hand, when likelihood was used as a
performance measure, FDMs had more favorable predictive performance than AEMs. For many
regions, then, either model class could be preferred depending on the performance measure
selected.

333 Expected errors: TCMS versus FSPro

Although the number of FSPRo runs were small for some regions, the cumulative
distribution plots of the multiplicative factors separating observations and predictions of fire size
suggested that the TCMS models could be competitive with FSPro (Figure 3.6). Most notably, in
the Temperate Steppe Mountains, the expected errors of the TCMS models from both classes
were lower than those obtained from FSPro. In other cases, FSPro outperformed the statistical
models only slightly. For example, in the (Sub)Tropical Steppe, the expected errors in fire size
predictions were nearly identical. In the Temperate Desert, FSPro had the lowest expected errors,

but was closely matched by the performance in the accumulated evidence model. In the



remainder of regions, FSPro outperformed the statistical models, by a multiplicative factor in the

range of 2-4. See Appendix (Table 3.10).
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Figure 3.6. Empirical cumulative distribution function for errors in three classes of models: first-
day models (FDM), accumulated evidence models (AEM), and Fire Spread Probability (FSPRO)
in six geographical divisions. X-axis: median error levels of the three model classes. Y-axis:
frequency of observations with error levels equal to or less than certain threshold. The curves
identify the percentage of wildfires in the holdout data set that were predicted within a specified
error tolerance. The median error levels of the three model classes are identified on the x-axis.
The relative predictive performance of the statistical models compared to complex wildfire
simulators varied by location, with wildfire simulators preferred in Mediterranean California and
Marine Forest Mountains. The number of fires validated by FSPRO are identified in the title of

each plot.



3.4 DISCUSSION

34.1 Model uncertainty and user preference

Observed relationships between environmental covariates and wildfire size will be
sensitive to both selection of model performance measure and the time since ignition. A single
covariate was unlikely to be included for all elements of the TCMS and also unlikely to be used
in both the first-day and corresponding accumulated evidence model. However, the chances all
elements of the TCMS contain a covariate drawn from a similar set, such as fuel moisture
covariates, is higher. Hence, covariates identified as “best” are likely to change when new
performance measures are considered, but the overall structure can be relatively stable to these
changes. This means that although the specific structure of the best models is almost certain to
change when new user needs are considered, the models will likely have common themes (e.g.
always including drought indicators). This also means that selecting the best model for a
particular application requires carefully identifying and defining how performance is measured.
It is also worth noting that some measures are sensitive to specific kinds of behaviors. For
instance, sensitivity is relevant to wildfire events in the extremes of the size distribution. In
addition to uncertainties in model preferences, the time since ignition introduces additional
uncertainty regarding the optimal choice of covariates. Fuel moisture content and topography
frequently selected dimensions in the first-day model class: they were consensus dimensions in
10 of the 15 divisions. However, in the accumulated evidence model class, the fuel dimension
was a consensus dimension in the Mediterranean Regime Mountains only, and topography was a
consensus dimension in the Temperate Desert only (Table 3.4). Hence, as the wildfires grow, the
relative importance of environmental covariates can decrease, and growth information can

instead become more informative of final fire size.



The effects of uncertain model preferences can extend beyond uncertainties in the
optimal model structure, as predictions from the models could also be highly variable. For both
model classes, there existed cases where a reconsideration of preferences could change
predictions by a factor of hundreds (Figure 3.4). Although these are typically extreme cases, the
potential for this magnitude of change in predictions is relevant because the preferences of model
users are themselves often highly uncertain, and the effects of selecting incorrectly is apparently
highly consequential to the predictions of fire size. If these predictions are informing individuals
making costly decisions, then this variability in predictions is highly important, as they could
imply taking drastically different decisions.

The sensitivity of model structures and resulting predictions to uncertainties in model
preferences has at least two implications. First, model users should not base decisions on the
predictions of a single model unless they have good evidence that the model accurately reflects
their preferences, which I suspect is seldom the case. Second, there are hidden risks associated
with attempts to identify a single best model of fire size, as what is best can change across
individuals and time. In our study, covariates were often added, dropped, or substituted when
new performance measures were adopted (see Section 3.1). I thus recommend that researchers
reframe questions of “Which models are best?” as “Are these predictions robust to the

uncertainties in the preferences of model users?”



Table 3.4. Summary of consensus models for each of the 15 biogeographical divisions and two
model classes (first-day and accumulated evidence). Only the fuel moisture content dimension
was common to both model classes, and the final column identifies for which divisions this is
true. The models used seven possible dimensions: anthropogenic (anthro), atmospheric moisture
content (atmos), fuel moisture content (fuel), wind, temperate (temp), topographic (topo), and

wildfire growth covariates (growth).

Biogeographical division First-day model Accumulated evidence model
Hot Continental anthro growth

(Sub)Tropical Steppe atmos+wind+topo growth

Temperate Desert fuel+temp-+anthro topo+growth

Temperate Steppe Mtns fuel+topo-+anthro growth

Temperate Desert Mtns atmos+fuel growth

(Sub)Tropical Desert atmos-+fuel+topo+anthro growth

Mediterranean Mtns fuel+temp+wind+topo+anthro fuel+growth

Mediterranean topo growth

Temperate Steppe atmos-+fuel+temp-+topo-+anthro growth

Marine Forest Mtns fuel+topo growth

Subtropical fuel+topo growth

Prairie fuel+topo growth

(Sub)Tropical Mtns atmos+fuel+topo growth

Warm Continental none growth

Savanna wspd-+anthro growth

342 Comparison of accumulated evidence and first-day models

The predictive ability of initial forecasts of fire size could sometimes be improved by
including data on the fire’s growth. The performance measures of expected errors, recall of large
fire, and out-of-sample likelihood were usually more favorable in the accumulated evidence
models than in the first-day models. However, despite the often-favorable predictive ability of
the accumulated evidence models, less accurate predictions from the first-day models may
sometimes still be necessary because of data availability and quality considerations. For
example, in the first days of a fire, whether a wildfire will have a large growth event exceeding a
critical threshold is unknown. Similarly, if statistical models are applied to climate model data to

project wildfire activity, the covariates needed to use the accumulated evidence model are by



definition unavailable. In both of these examples, the first-day model would be the better choice,
but only because of data constraints, not superior predictive ability.

In general, the first-day models were more complex and used more dimensions than the
accumulated evidence models, but had worse predictive performance compared to the
accumulated evidence models. In other words, more variables were used to make worse
predictions. This result suggests that much of the information in the “dropped” covariates in the

first-day models could often be captured with wildfire growth covariates.

343 Relative performance of TCMS and FSPro

The predictive performance of the simple statistical models used in the TCMSs, in some
contexts, was either competitive or outperformed the wildfire simulator FSPro (Table 3.10).
FSPro uses detailed data inputs from many sources to generate expected fire size, including
rasterized historical and future weather, fuel bed maps, and fire perimeter data. FSPro also
requires that data inputs be selected by the model user, such as burn period duration and the
probability of spot fire. In contrast, our most complex statistical models used only daily weather
information, topographic, and human land use data at a particular location and day, as well as
wildfire growth information, to predict expected fire size. These differences in model
complexity result in large differences in run time. FSPro may require hours to complete,
depending on user parameter choices, but the simple statistical models such as ours produced
near-instantaneous predictions. Of course, FSPro does much that these statistical models do not,
such as producing maps of fire extent. But if model quality is gauged by the difference between
predictions and observations of fire size, our results suggest that the information requirements of
FSPro could be reduced with little difference in relative performance. This comparison also

suggests that statistical models such as ours can complement predictions from spatially explicit



models to verify that the forecasted fire spread is plausible, based on historic statistical

relationships.

344 Limitations

Reducing uncertainty in predictions is desirable, because we would make better decisions
if we knew the future with less error. However, when predictions come from a single model,
uncertainty is artificially reduced, creating a false sense of certainty to model users which can
encourage risk taking. The methods in this study accounted for multiple uncertainties when
predicting wildfire size that are typically not evaluated in wildfire research and applications.
Although I addressed some sources of uncertainty, a potential shortcoming of TCMS is that
further uncertainties remain from at least three sources: structural uncertainty, performance
measure uncertainty, and computational uncertainty.

Structural uncertainty. Structural uncertainty exists because of unexamined models that
could also produce relevant predictions. The large set of model candidates I used represents only
a subset of the potential model structures that could forecast future fire size. Alternative
candidates could be produced in multiple ways: changing the model selection constraints, adding
covariates and dimensions, and exploring alternative model structures. I constrained the model
selection process so that, at most, one covariate was selected to represent each of seven
dimensions of the fire environment. However, this constraint could be loosened to allow more
covariates to represent each dimension, which would better represent the environmental
processes that modify wildfire size at unique temporal scales, such as drought (Barbero et al.
2015). Additional dimensions could also represent other important factors relevant to fire size,

such as suppression levels and fuel availability. Further, different rules that map the covariates



onto each dimension could be adopted, and other covariates could also be included. In our
analysis, the fuel moisture content dimension was represented by one of five drought indices, but
dozens of other candidates could be included (Zargar et al. 2011). The generalized linear model
framework that were used could generate competing model structures within this framework by
altering the choice of link functions (Miiller and Stadtmiiller 2005). Other model structures
besides generalized linear models could also be used. For example, the generalized linear model
framework (which produces predictions from linear combinations of covariates) could be
replaced by a generalized additive model framework (which produces predictions from linear
combinations of functions of covariates) (Hastie and Tibshirani 1987). Non-regression methods,
such as decision trees, could also produce predictions of final fire size (De'ath and Fabricius
2000, Coffield et al. 2019).

Performance measures. Although the three performance measures examined in this study
approximate the preferences of some wildfire managers, other performance measures could be
examined instead. For example, the quality of wildfire spread models are often quantified with
modeling efficiency, mean absolute error, or mean absolute percent error (Alexander and Cruz
2006) none of which were used in this analysis. User preferences are complex, varying across
individual users and contexts, and they need not be represented with a single performance
measure. For example one model user might want a model that performs well on average across
multiple objectives (Hummel et al. 2013). The preferences of this model user could be
represented by a combination of multiple performance measures (e.g., a weighted sum of model
rankings calculated with multiple performance measures, with the weights representing user
preferences) . Uncertainty in the choice of performance measure is highly relevant because it

influences model choice and predictions. In our study, the model that, on average, most closely



predicted fire size was rarely the same as the model that best predicted very large fires when they
did occur, or the model that best approximated the distribution of fire size. Predictions of fire
size could then differ, sometimes strongly, based on the uncertain choice of performance
measure. Given the high uncertainty surrounding the choice of performance measure, multiple
model approaches are well-suited for these problems, so I emphasize our recommendation that
they be adopted.

Computational uncertainty. Uncertainty also arises when a model is incorrectly identified
as “best.” In our study, the probability of this error was minimized through the simulation
procedures, but other models may also be optimal. Indeed, for a minority of cases (Table 3.5),
despite running thousands of simulations, I was unable to identify a statistically best model.
Moreover, I observed that models identified as “optimal” by MCCYV could perform worse in the
holdout analysis than other models that MCCYV identified as “suboptimal.” Furthermore,
suboptimal models may actually be optimal for certain subsets of wildfire events, such as those
that occur in particular locations, times of year, or atmospheric conditions. Other resampling
techniques could estimate performance measures, which could alter results in ways that may be
difficult to anticipate, representing a lingering source of uncertainty.

For each of these three sources of uncertainty, for practical reasons, I had to constrain the
possible choices available. I chose fewer model structures and performance measures and
evaluated only one potential model candidate. Thus, an apparent conflict exists between the
intended purpose of the triple criteria models — to incorporate uncertainty into predictions of
future fire size — and its imperfect representation of the full range of uncertainty. The conflict is
acceptable, however, because TCMS trades off the completeness of the set of model candidates

for computational tractability. Even if we were not constrained by computational limitations, few



would argue that model complexity that would be required to perfectly predict fire size is
justified as the level of data inputs required would render the models impractical for decision
making applications (Anderson and Burnham 2004). Although the TCMS methodology does not
eliminate the problems associated with single-model approaches, it offers a compromise that

mitigates these issues.

345 Future work

Previous researchers have recently developed models to predict the size of a wildfire at
ignition (Coffield et al. 2019). Our TCMS approach builds on this work in at least three ways.
First, distinct classes of models are used for both the first day of a wildfire and later in the
wildfire’s lifetime. This flexibility in model structures allows for improved prediction of fire size
that cannot be achieved with first-day models alone. Indeed I found that the predictive ability of
the accumulated evidence models was often better than the first day models. Second, the model
uncertainty is incorporated into the TCMS, which cannot be addressed with single models. Third,
rather than attempting to predict model preferences, TCMS allows model users to select the most
appropriate performance measure for the intended application or, at the very least, assess the
sensitivity of predictions to this uncertainty. The approach I used is flexible and can be revised in
other contexts to address these uncertainties and improve the quality of fire size predictions.

Intentional reduction of model uncertainties is essential to use TCMS as firefighting
decision aides, but more data are needed to accomplish this. In our study, observational holdout
data were limited to one year, and some divisions had no fire information at all. Data collection
is ongoing to validate estimates of predictive performance, identify models for informing real-

time fire decisions, and refine model predictions with bias-correcting techniques and model



averaging (Hoeting et al. 1999). More data are also needed to identify the contexts in which the
application of TCMS models is competitive to complex simulators in terms of predictive
performance.

The use of statistical modeling to generate predictions of final fire size has the potential
to complement information obtained by more complex and computationally expensive wildfire
simulators. For instance, the TCMS predictions could work in parallel with output from more
complex models to provide a real-time “gut check” of which wildfire characteristics to
statistically expect. Hence, the models could be used like wildfire simulators to inform decisions
like firefighting strategies, and resource allocation. This is particularly true if covariates like
suppression are included in the models to inform of what the likely consequences of a
management action would be. These models may also provide a computational shortcut in
analyses where output from complex wildfire simulators would be ideal but infeasible. One
example of this would be in climate change projections, where generating the complex daily
gridded data required to run simulators like FSPro is highly uncertain, whereas the data needed
to run the first-day models at least can be collected from climate models. The fact that near-
similar performance, at least in terms of fire size, can be generated using drastically simpler
models than FSPro, suggests that at least some of the parameters in these and analogous models
could be removed with little consequence.

The use of statistical forecasts of fire size represents a potentially powerful tool for
decision makers. However, its utility can only be realized if it is understood and applied by
relevant decision makers. To enhance the value of these forecasts, further work is needed to

evaluate how wildfire managers interpret model uncertainty, identify methods for discouraging



misinterpretation of TCMS output, and provide consultation on contextual information (e.g.,
fuel, population, nearby fires, and suppression demand).

Although broad themes of covariates were commonly used across the TCMS (e.g. dryness
indicators), that different covariates are used when different performance measures are
substituted also suggests that types of wildfire events are influenced by different atmospheric
processes. For instance, although there is certainly regional variability, it is plausible that very
large wildfire behavior may be largely mediated by longer term, severe, drought conditions,
whereas the simple rise and fall of average fire size over the year may be governed by short-term
atmospheric processes. The consequence of this relationship would be that models that optimize
recall, which try to predict extreme events, may prefer the former as a covariate, whereas the
short-term atmospheric variables may be preferred if the overall central tendency of the wildfire
size distribution is what is prioritized. Future work should examine the effects of performance
measure on the observed relationships with atmospherics more closely, as not only do they
suggest that the choice of performance measure should be well-defined, but they also might be

useful for isolating specific fire-atmosphere processes that are of broader scientific interest.

3.5 CONCLUSIONS

Our analysis provides three major insights relevant to building statistical models of fire size.
(1) The predictions of fire size and the structure of models used to generate these predictions can
be highly sensitive to the particular needs of model users; therefore these should be identified in
advance and inform the model selection procedure. (2) Prediction of final fire size can, in some
contexts, be improved by using wildfire growth information that becomes available after the

ignition day. The accumulated evidence models that include this information often show better



performance (lower errors, higher recall, and higher likelihood) using fewer parameters than
models that predict fire size on ignition day. On-the-ground use of wildfire models could
consider an adaptive approach in which one type of model is used early in the fire’s life history
and a more complex model is built once additional data are available. (3) The simple statistical
models presented here produced estimates of fire size that were often similar to FSPro,
suggesting that adequate predictions of fire size can often be obtained with relatively few data
inputs. Despite the simplicity of the models used here, they show promising predictive ability

and potential for use as a decision aid for fire managers.
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3.7 APPENDIX

Table 3.5. Monte Carlo cross validation (MCCV) convergence statistics for first-day and accumulated evidence
model classes. Results are reported for each of the three elements of the triple criteria model set: errors (E), recall

(R), likelihood (L).

First-day Accumulated evidence

Biogeographical division n E R L n E R L
Hot Continental
(Sub)Tropical Steppe
Temperate Desert

5950 ok ok wkk | 7R3 | k| wEk ot
Temperate Steppe Mtns

5950 wkE * #kk | 7830 | wxk | kkx ok ok
Temperate Desert Mtns.

5950 skeksk skeksk ns 7832 ns skkek skeksk
(Sub)Tropical Desert
Mediterranean Mtns.
Mediterranean
Temperate Steppe
Marine Forest Mtns
Subtropical

5950 wkE *kok ns 7628 | ExE | kEx ok ok
Prairie

5950 wkE *kok ns 7628 | wxE | wxx ok ok
(Sub)Tropical Mtns.

2050 Hoxk ns 7628 | *** | NA ns
Warm Continental

5950 skeksk skeksk ns 7531 ns skkek skeksk
Savanna




Table 3.6. Monte Carlo cross validation results of first-day models (FDM) and accumulated

evidence models (AEM).
Biogeographical division E R L
FDM | AEM FDM | AEM FDM AEM

Hot Continental 2.44 1.47 18 99 0.92 0.90
(Sub)Tropical Steppe 2.93 2.25 31 84 1.14 0.82
Temperate Desert 3.37 2.08 38 87 0.83 1.36
Temperate Steppe Mtns 3.65 2.09 39 83 1.42 1.18
Temperate Desert Mtns 2.86 1.84 32 86 1.21 1.08
(Sub)Tropical Desert 2.75 2.34 34 92 1.17 1.08
Mediterranean Mtns. 3.31 2.35 37 86 1.29 1.25
Mediterranean 2.95 2.17 37 81 1.23 0.92
Temperate Steppe 3.01 2.01 34 89 1.25 0.78
Marine Forest Mtns 341 2.18 40 75 1.43 1.31
Subtropical 2.70 2.17 21 83 0.91 0.98
Prairie 2.35 1.32 25 89 1.09 0.37
(Sub)Tropical Mtns. 3.14 2.08 38 84 1.29 1.25
Warm Continental 2.72 1.55 19 67 0.95 2.58
Savanna 3.35 1.63 35 99 1.32 1.05




Table 3.7. Holdout validation results of first-day models (FDM) and accumulated evidence

models (AEM).
Biogeographical division E R L
FDM AEM FDM | AEM | FDM AEM

(Sub)Tropical Steppe 1.91 2.23 23 65 1.03 1.13
Temperate Desert 11.14 6.01 31 91 2.44 3.58
Temperate Steppe Mtns 3.77 3.65 37 69 1.56 1.18
Temperate Desert Mtns 2.67 1.97 31 99 1.55 1.05
(Sub)Tropical Desert 2.13 1.84 NA NA 1.01 0.96
Mediterranean Mtns 13.72 10.91 31 82 2.74 1.93
Mediterranean 2.13 2.01 NA NA 0.43 0.60
Marine Forest Mtns 5.97 6.49 43 78 2.17 1.41
Prairie 1.8 1.58 NA | NA 1.36 0.11
(Sub)Tropical Mtns 11.3 8.31 31 83 1.82 2.05
Savanna 2.28 32 34 99 2.08 0.97




Table 3.8. Elements of triple criteria model set in first-day model class.

Biogeographical division Performance Formula (Inverse link in italics)
measure
Hot Continental Error 0.948112-0.004078 xbi+0.0186 1 6 *hii
Recall 1.27934-0.02555 x£in100-0.03978 xvs+0.0211 I xhii
Likelihood 0.77860+ 0.02052 x hii
(Sub)Tropical Steppe Error 0.002330 -23.158800xsph -0.029612xfm100+
0.090204xvs+0.001399xtri
Recall -3.4591-
42.5347xsph+0.002638xerc+0.102465xvs+0.011116
xtemp+0.001375xtri-0.020160xhii
Likelihood -5.003003-
56.871438%sph+0.096497xvs+0.016743xtemp+0.001518
Xtr1
Temperate Desert Error 7.07518+19.46829 xsph-0.01777 Xpet-
0.02208 xtemp+0.01730 % hii
Recall -7.06532 -0.03377 xfm100+0.02966xvs+0.02628 xtemp-
0.02148xhii
Likelihood -7.06532 -0.03377 xfm100+0.02966xvs+0.02628 xtemp-
0.02148xhii
Temperate Steppe Mtns Error 3.7026262+0.1528351 xpet-0.0451129xvs-
0.0139327xtemp+0.0007522xtri-0.0158561 %hii
Recall -0.08153-22.3452%sph+0.1193xpet-
0.0303xvs+0.0007xtri-0.0166xhii
Likelihood -0.2593726 +0.1089096 xpet+0.0007774 xtri-
0.0171863xhii
Temperate Desert Mtns Error 0.59618+71.76390xsph-0.09327xfm1000
Recall 0.59618+71.76390xsph-0.09327xfm1000
Likelihood 0.59618+71.76390xsph-0.09327xfm1000
(Sub)Tropical Desert Error -0.02887-62.31xsph+0.09339xpet+0.0009xtri-
0.03048xhii
Recall -6.3344-
70.1236%sph+0.0042 xerc+0.0508%xvs+0.0220xtemp+0.0
009xtri-0.0314xhii
Likelihood 3.3543642 +66.0822775 xsph+0.0325675 xfm1000-
0.0109373 xtemp-0.0004865 xtri+0.0266402 % hii
Mediterranean Mtns Error -26.7-108.7xsph-
0.1727%pet+0.1685xvs+0.09562 xtemp+0.0002669%elev-
0.02163xhii
Recall -21.8599-107.8704xsph-
0.1476xpet+0.1363 xvs+0.0794xtemp+0.0009xtri-
0.0247xhii
Likelihood -26.7-108.7xsph-
0.1727%pet+0.1685xvs+0.09562 xtemp+0.0002669%elev-
0.02163xhii
Mediterranean Error -0.630783+0.008583xerc+0.002778xtri
Recall 0.7613-104.4512xsph+0.0025xtri-0.0078xhii
Likelihood 0.434711-89.183582xsph+0.001126xelev
Temperate Steppe Error 7.530634 +0.307820xvpd-

0.036627xfm1000+0.033162xvs-
0.025814xtemp+0.001595%tri-0.016762xhii




Recall -7.4169-74.094022 xsph-
0.026851xfm1000+0.027899xvs+0.028573xtemp+0.001
503xtri-0.016758xhii

Likelihood -6.77883 -74.72404 xsph-0.02538
xfm1000+0.02680xtemp+0.00137 xtri-0.01673 xhii

Marine Forest Mtns Error -8.5134492 -
0.0596503xfm100+0.0306299%temp+0.0004133 xelev

Recall -9.435-0.0804586xfm1000+0.0351861*temp
+0.0004416xelev-0.0088554 xhii

Likelihood 0.2464093 +0.2242725xvpd-
0.0701486xfm1000+0.0004781xelev

Subtropical Error 0.4736-
31.084207 xsph+0.051868 xfm1000+0.008344 xtri

Recall 5.843723+0.035661 xfm1000-

0.019801 xtemp+0.008294 xtri+0.026121 xhii

Likelihood 1.5833 -0.103449 xpet+0.007781 xtri

Prairie Error -0.498810+0.005281xbi+0.001247 xelev

Recall 8.8414070+62.7625505 xsph-0.0176694 xfin100-
0.0275291 xtemp-0.0008669 xelev+0.0084906 % hii

Likelihood 1.4571-0.005037 xbi-0.001080 xelev

(Sub)Tropical Mtns Error 0.9840999 +35.7303 xsph+0.0323553 xfm100-
0.0003364 xelev

Recall 0.8908604 +38.5346484 xsph+0.03 18895 »fin1000-
0.0003219 xelev+0.0085985 % hii

Likelihood 0.9840999 +35.7303 xsph+0.0323553 xfin100-
0.0003364 xelev

Warm Continental Error -7.57938+0.08049xfm100+0.02291 xtemp

Recall -17.1531-0.6163xvpd+0.08298xfm1000+0.05795xtemp-
0.01188xtri

Likelihood 1.103

Savanna Error 2.76371 -0.09686xfm1000-0.12257xvs-0.02663 xhii

Recall 3.2427-0.1065%fm100-0.1418%vs-0.1469*¢elev-
0.0298xhii

Likelihood -0.29888 +32.36797 xsph+0.11159xvs+0.03169 xhii




Table 3.9. Elements of triple criteria model set in accumulated evidence model class.

Biogeographical division Measure Method Formula (Ttalicized: Inverse link)
Hot Continental Error A 1.9848+0.2867xge.25¢
Recall M -9.11404-
0.26292xvs+0.03264 xtemp+0.06175xhii+0.43280%ge.25¢
Likelihood A 0.13741-0.03425 xge.25¢
(Sub)Tropical Steppe Error A 2.0550-3.2596xsph+0.2048xge.25¢
Recall A 2.0349 + 0.2088%ge.25¢
Likelihood M -1.399075 +0.155866>pet+0.003305xtri-0.300065%ge.10c
Temperate Desert Error A 1.9888496+0.0172920xpet-
0.0001001%tri+0.2659163xge.100c
Recall A 2.792+0.01225x%pet-0.0109%xvs-0.00268xtemp-0.000068 xtri-
0.00083 xhii+0.21364xge.25¢
Likelihood M -0.2957731+0.0003473 xelev-0.4473349 xge.10c
Temperate Steppe Mtns Error A 0.1255205 -0.0238465 xge.25¢c+0.0001886 % hii
Recall A 1.44857664-7.06417287*sph+0.00561907*xfm100+
0.00200392xtemp+0.00001221xelev+0.21066088%ge.25¢
Likelihood A 0.1255205 -0.0238465 xge.25¢+0.0001886 % hii
Temperate Desert Mtns Error A 0.110307 +0.002465 xpet-0.017847 xge.25¢c
Recall M 0.8502-1.5067xge.25¢
Likelihood A 0.110307 +0.002465 xpet-0.017847 xge.25¢
(Sub)Tropical Desert Error A 2.17477-0.01035%fm1000+0.26077xge.100c
Recall M 0.06469-0.05161%ge.25¢
Likelihood M 0.8014+0.2233 xge.10c
Mediterranean Mtns Error A 0.122878+0.001128 xfin100-0.026515 xge.25¢
Recall A 2.105535971-0.008467787xfm100-
0.000009669%elev+0.226469345xge.25¢
Likelihood A 0.122878+0.001128 xfin100-0.026515 xge.25¢c
Mediterranean Error M 0.8211+1.0652%ge.25¢c
Recall M -10.85211-0.20657xpet +0.37026xvs+0.03906 xtemp -
1.13391xge.25¢-0.02012xhii
Likelihood M 0.8211+1.0652%ge.25¢c
Temperate Steppe Error A 0.1155865+0.0015903 xfm100-
0.0227096 xge.25¢+0.0002991 x hii
Recall M -0.211181+0.002935xbi+0.005691 xtri-0.354341xge.25¢c-
0.043752xhii
Likelihood M -0.483999+0.004684 xtri-0.198361xge.25¢
Marine Forest Mtns Error A 0.12560-0.02131 xge.25¢
Recall M 1.162-0.978xge.10c
Likelihood A 2.0746+0.1859xge.25¢
Subtropical Error A 2.055442 +0.000506xelev+0.286748%ge.100c
Recall A 1.1127521-6.8306476xsph-
0.0007494%bi+0.0036409xtemp—+0.1886660%ge.25¢c-
0.0031733xhii
Likelihood M 0.5908 +0.7658 xge. 10c
Prairie Error M -0.677022 +0.009634xbi-0.666137xge.10c
Recall M -0.72846 +0.14383xvpd+0.00634xbi-0.76784xge.10c
Likelihood M -0.2081-0.7200xge.10c
(Sub)Tropical Mtns Error A 0.1479608-0.0003056 xerc-0.0203260 xge.25¢
Recall M 0.31388-0.02171 xvs+0.52779%ge. 10c
Likelihood A 0.1479608-0.0003056 xerc-0.0203260 xge.25¢
Warm Continental Error A 1.9947 +0.3315x%ge.25¢
Recall M 1.05550 -0.49605 xge.10c-0.03085%hii




Likelihood M 0.6880 -0.4393xge.10c

Savanna Error A 2.0389+ 0.2358xge.25¢
Recall A 1.984475+0.003192xerc+0.208951 xge.25¢
Likelihood A 0.13017-0.02734 xge.25¢




Table 3.10. Comparison of mean multiplicative error estimates of simple triple criteria model set
elements (first-day models, accumulated evidence models), and complex wildfire simulators (FSPro).

Biogeographical division

Triple Criteria Model Set

Wildfire Simulators

First-day Accumulated FSPro [11]

model evidence model
(Sub)Tropical Steppe 1.91 2.23 1.79
Temperate Desert 11.14 7.25 6.11
Temperate Steppe Mtns 3.77 3.65 5.08
Mediterranean Mtns 13.72 10.91 4.18
Marine Forest Mtns 5.97 6.49 1.78
(Sub)Tropical Mtns 11.30 8.31 2.73




Chapter 4. A METAMODEL FOR INTERGRATING MODEL CHOICE
UNCERTAINTIES AND UTILITY FUNCTION
UNCERTAINTIES INTO FIRE SIZE FORECASTS

4.1 INTRODUCTION

There are a variety of situations where there is high demand for predictions of fire size. Many
decisionmakers and lay audiences monitor the progress of nearby wildfires for reasons ranging
from curiosity to concerns about material values threatened by wildfire growth. Decision makers
that could utilize predictions of final fire size include public health professionals (Moeltner et al.
2013), public safety officials (Intini et al. 2019), and the general public (Taylor et al. 2005).
Where fire size correlates with high severity fire (Miller et al. 2008), land managers could use
such predictions to develop post-fire restoration strategies and priorities. Once wildfires are
discovered, estimates of final fire size are often used by (Thompson et al. 2017) and requested
from fire managers (National Interagency Fire Center 2014). Useful predictions of final wildfire
size are, however, difficult because of the numerous uncertainties associated with quantitative
forecasts and because of uncertainties in how end-users apply the quantitative forecasts.

Uncertainties in quantitative forecasts are near-ubiquitous and can arise in the context of
wildfire prediction from multiple sources. For instance, random variation is inherent to most
natural phenomenon. Hence, even if the probability distribution describing the population of
interest were known with certainty, predicting any one realization of the probability distribution
would always contain error. The challenges associated with predicting any one realization of a
probability distribution are further compounded by uncertainties arising from inevitable

measurement errors, both random and systematic (Morgan and Henrion 1990, Uusitalo et al.



2015). This tendency is also seen within the context of wildfire prediction, as systematic errors
are common in satellite derived estimates of burned area, particularly in topographically complex
areas (Kolden and Weisberg 2007), as well as disagreements across sources in the estimates of
daily fire size (Podschwit et al. 2020b). The sources of uncertainty mentioned so far have
assumed that the model describing the population of interest is known with certainty, which is
seldom the case. Much more typically, there are multiple competing models to describe the
natural phenomena that can produce predictions that disagree (Morgan and Henrion 1990). For
instance, wildfire size is controlled by multiple factors that work at varying time scales. These
factors include weather and climate, topography, fire suppression, wildfire growth, vegetation
effects, anthropogenic factors, and past wildfire (Cui and Perera 2008). Building a model of
wildfire size not only requires selecting which of these factors are relevant and estimating the
effect of that factor on wildfire size, but also selecting which variable best represents them. For
example even though it is well known that the dryness of environment is an important mediator
of wildfire activity (Meyn et al. 2007), there are several drought indexes that could be used as a
proxy for dryness (Heim 2002, Cullen et al. 2020). Moreover, the importance of certain factors
may vary with time. Although certain environmental factors may be highly relevant to predicting
wildfire size in the first-days of a wildfire, near the end of a wildfire’s lifetime other factors may
be more useful. For instance, the current size of the fire could eventually provide near-perfect
predictions of the final fire size when little additional growth is expected. As seen in the previous
section, more useful, albeit slightly less accurate predictions can be produced using daily fire size
increments as covariates. However, knowing when useful predictions can be derived from

current size and fire growth information is not always obvious.



A further reason useful predictions of wildfire size are difficult to develop is not associated
with the numerous forms of model uncertainty, but rather with unknowns regarding how the
information will be used by end-users. For instance, there is often uncertainty regarding how
model quality should be measured, and multiple utility functions could be selected to identify
which models provide “good” predictions (Morgan and Henrion 1990). This uncertainty in the
choice of utility function was explored in the context of wildfire size forecasts by (Podschwit et
al. 2020a) who identified multiple objectives model users may have. In particular, one consumer
of wildfire size forecasts may desire that predictions are close to the truth in the long run; another
may desire forecasts that well approximate the entire distribution of fire size; yet another may
want a forecast that correctly predicts very-large wildfires when they occur. Even when the
utility function is clearly defined, probabilistic forecasts can be used by end-users in multiple
ways. A single best, point, estimate may be sufficient for low-stakes users that are not severely
impacted if forecasts strongly deviate from the truth. In other cases, there are specific event-
spaces or thresholds which if exceeded, are significant to the end-user (Raftery 2016). In this
case, the probabilities of those exceedance events may be what is most useful to the end-users.
Yet other users may desire an expected point estimate like the low-stakes user but will be
severely impacted if the forecast strongly deviates from the truth. Such users may instead benefit
from interval estimates that contain the truth with a certain probability — with 80% coverage
probabilities being identified as being narrow enough to provide information that is actionable to
many decision makers (Raftery 2016). It is also uncertain as to what quantity is relevant to
model users. For instance, although fire size may be commonly modeled, the number of
simultaneous wildfires within an administrative region may be more relevant to wildland fire

fighter operations (Podschwit and Cullen 2020).



While the uncertainty associated with the randomness of the probability distributions that
represent a natural phenomenon can be easily simulated, accounting for model uncertainties
requires more effort on part of the analyst. One method of doing so is through the use of
Bayesian model averaging to create a model of models, hereafter metamodel. The metamodel
represents uncertainty about the model structure with weights, which can be used to combine
predictions from multiple models into a single probability distribution, hereafter the posterior.
Multiple kinds of test statistics relevant to model users — expected values, exceedance
probabilities, intervals — can be directly calculated from the posterior and compared to real data
to validate the predictive ability of the metamodel (Fragosa et al. 2017). Hence, Bayesian model
averaging can at least partially, address the uncertainties present in statistical forecasts of fire
size, and may also gauge the usefulness of the metamodel to produce certain test statistics.

Although Bayesian model averaging has been used to explore the effects of model
uncertainties in models of very-large fire occurrence (Podschwit et al. 2018b), and the time-
varying uncertainties in forecast have been explored without Bayesian Model Averaging by
(Podschwit et al. 2020a), there has been no research to date that have combined the time-varying
model uncertainties associated with predicting final fire size into a single metamodel. To that
end, in this chapter I will use Bayesian Model Averaging to combine existing statistical models
of fire size using a metamodel that accounts for both statistical randomness, model uncertainties,
and uncertainty in the utility function. The model will be described generally and then applied to
a specific example data for the Temperate Steppe Regime Mountains ecoregion. Multiple test
statistics are used to determine which contexts the time-varying model averaging (TVMA)
metamodel produces useful predictions. In section 2, I will describe the metamodel generally, the

methods used to produce and combine the individual models to predict fire size. [ will also



describe the methods used to fit the TVMA metamodel to specific case data in the Rocky
Mountains, as well as the methods used to validate it. In section 3, I report details regarding the
predictive performance of the TVMA metamodel in the Rocky Mountains as compared to the
individual constituent models. In section 4, I will discuss the benefits of the TVMA metamodel
described in section 2, some of their limitations, and implications to end-users. In section 5, I

will summarize the overall conclusions that are warranted from this analysis.

4.2  METHODS

421 Overview

The metamodel consists of a time-varying weighted average of three model classes, each
intended for use in specific stage of the wildfire’s lifetime. The first-day models (FDMs) use
information on the first-day of a wildfire to generate predictions, the accumulated evidence
models (AEMs) use growth information later in the fire’s lifetime to generate more refined
predictions, and the end-of-fire models (EOFMs) assume simple temporal autocorrelations in
daily size to predict fire size. The metamodel applies time-constant weights to individual models
within each class, and then weighs the average predictions from each class using a discrete-time

Markov chain.

4.2.2 Individual models

The FDMs and AEMs predict the final fire size, Y, using generalized linear models that

use meteorological and topographic covariates from the gridMET data project!2, and

2 http://www.climatologylab.org/gridmet.html



anthropogenic covariates in the form of the human influence index from the NASA
Socioeconomic Data and Applications Center (Sanderson et al. 2002). A total of nine
meteorological covariates were considered: 100-hour fuel moisture, 1000-hour fuel moisture, the
model-G energy release component, burning index, daily average temperature, specific humidity,
potential evapotranspiration, vapor pressure deficit, and wind speed. Daily average temperature
was calculated as one-half the sum of the daily maximum and minimum values (Weiss and Hays
2005). Two topographic variables were considered: elevation and topographic roughness index
(Riley et al. 1999). The AEMs included a dummy variable that equals one if the largest growth
event exceeded a predefined size threshold and was otherwise zero. The predefined size
thresholds were 405 ha, 1012 ha, or 4050 ha of daily burned area. Exploratory analysis has
shown that using a continuous version of this dummy variable — the largest daily growth
increment — can produce reasonable predictions of subsequent area burned and by extension final
fire size. Moreover, this variable has a plausible explanation for its relationship to final fire size,
with large daily changes in fire size increasingly the management complexity to the point that it
became resistant to suppression and by extension grow larger than slower growing events.
However, the disadvantage of that approach is that it is impossible to know if the largest daily
growth increment is being realized — what if a future growth increment is larger — whereas the
dummy variable does not suffer from this problem. The dummy variable will still report one
even if a larger growth event is realized. All the generalized linear models used a Gamma
probability distribution with either a log or inverse link function. The AEMs either adopted an
additive or geometric method. The additive method predicted the amount of additional area that

will burn after the forecast and added this to the current size. The geometric method predicted



the multiplicative factor between the current size and the final size and multiplied this to the
current size. A detailed description of these models can be found from Podschwit et al. (2020a).

The set of FDMs and AEMs used by the metamodel are identified using cross-validation
results from (Podschwit et al. 2020a). Specifically, the predictive ability - in terms of expected
error, likelihood, and recall - of an initial suite models are measured, and the quality each of the
models from each class is ranked according to the three performance measures. A final model
quality score is produced using a weighted average of the three model ranks. Variability in the
weights represent differences in end-user preferences. To simulate these differences and
uncertainty in end-user preferences, a sample of 1,000,000 random weights are used to produce
the model quality scores and the set of models that are associated with these scores are selected
for use in the final ensemble.

In addition to the FDMs and AEMs, the EOFMs are used during the final days of the
wildfire when little growth is expected. Two EOFMs are considered, which like the AEMs use
information calculated from the burned area time series, X, to estimate final wildfire size. The
first EOFM predicts that the final wildfire size will equal the current size (Equation 4.1). The
second predicts that the final wildfire size will equal the current wildfire size plus yesterday’s

growth (Equation 4.2).

Y~LogNormal(In(X;),In(1.0001)); 4.1)

Y~Normal(2X, — Xe—1, I/, 4 1+ Xc = Xeo1): (42)

Note that t€ {0,1, ..., T} and the EOFMs do not produce predictions until ¢ > 0.



423 Metamodel

The probability distribution of wildfire size is produced using a time-varying mixture
model. Specifically, for each day of a wildfire’s lifetime, a probability distribution is produced
by randomly sampling the individual models according to time-varying weights. The weights
applied within each class do not vary with time, and the weights applied zo each class changes in
time according to a discrete-time Markov Chain.

As in any fully Bayesian approach, we must define probability distributions to represent
our a priori belief in the model parameters. An uninformative Dirichlet prior is used to produce
the within-class weights equations (Equation 4.3). Informative priors are used (Equation 4.4 and
4.5) to represent the elements of the stochastic matrix, A, (Equation 4.6), which is in turn used to
generate the time-varying weight applied to model averages within each class is described in

(Equation 4.3-4.5).

qfam,« Qaem,» Qeofm,*NDiriChlet(l); (4-3)
py.~Dirichlet({0.9,0.08,0.02));  (4.4)

p2,.~Dirichlet({0,0.9,0.1)); (4.5)

0 p22 D23 (4.6)

P11 P12 P13
A= [ ] |
0 0 1

The weights applied to each individual model will vary with time and model class. Specifically,
for a wildfire that T days long, the weight, applied to the individual FDMs, AEMs, and EOFMs

ondayt € {0,1, ..., T}, w;, follows (Equation 4.8).



Bt = (1,0,0) x A:; (4.7

Qfam X B, If i isa FDM
Wit =9 Qgem X BS, Ifi isan AEM . (4.8)
Qeofm X B3, If i is an EOFM

The within-class weights and transition probabilities are estimated using daily wildfire
growth data collected from the ICS209-PLUS dataset (Denis et al. 2020). To avoid duplicative
use of the data that were used to train the predictive models, only data from the years 1999-2001
and 2014 are used. The metamodel parameters are fit using JAGS software in the R
Programming Language (R Core Team 2020). An initial Markov chain Monte Carlo (MCMC)
was run using three parallel chains with a nominal sample size of 5000, thinning interval of 100,
burn-in period of 5,000 and adaptive phase of 5,000. Convergence is assessed visually and by
using the potential scale reduction factor applied to the central 90" percent of the simulated
marginal posterior distributions as a convergence diagnostic (Brooks and Gelman 1998,

Podschwit et al. 2018a).

4.2.4 Validation

Simulation is used to approximate the daily probability distributions of wildfire size that
incorporate three sources of uncertainty: parameter uncertainty, model uncertainty, and statistical
uncertainty. Uncertainty in the metamodel parameters — the model weights - is incorporated by
randomly selecting weights from the posterior sample. Next, model uncertainty is incorporated
by using the weights selected from the previous step to randomly select a model. Finally,
statistical uncertainty is incorporated by randomly generating predictions from the selected

model. This process is repeated to produce a sample of 10,000 wildfire size predictions for each



day of the wildfire. This posterior sample is then used to assess the performance of predictions
produced from the individual models from the three classes compared to those produced from the
time-varying model-averaging technique.

Burned area time series data from (Podschwit et al. 2020b) for the years 2018-19 are used
to validate the predictive performance. The burned area time series are cleaned by averaging the
daily size estimates from all available sources for each day, using linear interpolation to fill-in
the missing days, and applying a backwards smoothing pass (Denis et al. 2020). This produces a
daily burned area time series with no missing data and no negative growth.

In practice, a lower-bound can be placed on the samples of daily wildfire size predictions
since it is certain that a wildfire will be at least as large as the previous day’s size. Hence, the
samples of daily wildfire size predictions are lower-censored using the burned area time series
data so that no predictions are smaller than the previous day’s wildfire cumulative area. Values
smaller than the previous day’s wildfire size are set equal to the daily lower size threshold. The
lower-censored sample of daily wildfire size predictions — for both the individual models and the
time-varying model averages - are compared to the cleaned burned area series using four
methods. First, the typical difference between median daily predictions and the reported final
wildfire size are estimated for each day. Second, the probability that the central 80™ percentile of
predictions contains the reported final wildfire size are estimated for each day. Third, the
estimated probabilities of wildfire exceeding 4047 hectares, hereafter a very-large fire (VLF), are
estimated for each day for two groups of wildfires: those larger than 4047 hectares and those
smaller than 4047 hectares. Lastly, the interquartile range of predictions are estimated for each

day.



4.2.5 Study area and data

As mentioned in the previous section, burn area data from the ICS209-PLUS dataset (Denis et al.
2019) and WOMBATS dataset (Podschwit et al. 2020b) are used for fitting and validating the
metamodel respectively. Both data are available nationally and must be filtered to include only
wildfires that burned in the relevant geographic area. In this analysis, I will fit the metamodel for
the Temperate Steppe Regime Mountains as defined from the Baileys biogeographical divisions

(Bailey 2016). A map of the region, along with the relevant ICS-209 and WOMBATS data are

shown in (Figure 4.1).
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Figure 4.1. A map of the Bailey’s divisions, along with the wildfire locations in the Temperate
Steppe Regime Mountains that are used in the tuning and validating phases of the analysis. The
metamodel parameters are fit using I[CS209-PLUS data for the years 1999-2001 and 2014




(n=118). The metamodel predictions are validated using WOMBATS data for the years 2018-
2019 (n=75).

4.3 RESULTS

4.3.1 Model ensemble

The models used in the FDM and AEM ensembles are shown graphically using a
barycentric plot in Figure 4.2. Randomly selected preferences can be produced by randomly
selecting a point on the barycentric plot figure (Figure 4.2) and we will report the probabilities
that each model in the ensemble would be selected under such a sampling scheme. For the
FDMs, a randomly selected preference is likely to yield distinct models. Assuming a uniform
distribution of users across the preference space, a plurality (~37.1 percent) of end-users would
prefer a model based on potential evapotranspiration, wind speed, temperature, topographic
roughness, and the human influence index. However, nearly as many end-users (~36.8 percent)
would prefer a simpler version of this model that omits temperature. A slightly smaller faction
(~24.4 percent) of end-users would prefer that the model substitutes specific humidity for
potential evapotranspiration. End-users who selected models based mostly on likelihood
measures would represent the smallest faction (~1.7 percent), and would prefer a model based on
potential evapotranspiration, topographic roughness, and the human influence index. However,
unlike the FDMs, the choice of model in the AEMs is robust to changes in user preferences.
Assuming a uniform distribution of end-users across the preference space, a clear majority of
end-users (~84.7 percent) would prefer a model that uses no weather covariates, but uses the
human influence index, and a 1012-hectare daily growth increment dummy variable. The

remainder of the preference space (~ 15.2 percent) was nearly entirely represented by a model



that included a wind speed variable. The remaining two AEMs would be preferred by less than

one percent of end-users assuming they are uniformly distributed about the preference space.

® pet +vs + temp + tri + hii (log) | vs + greaterThan25c + hii (log, add)

B sph + pet + vs + tri + hii (log) B greaterThan25c + hii (log, add)

O pet +vs + tri + hii (log) @ sph +fm100 + temp + elev + greaterThan25c (log, add)
B pet + tri + hii (log) B greaterThan25c + hii (inv, add)

Figure 4.2. Graphical summary of the selection of first-day models and accumulated evidence
models. Barycentric plots are used to represent end-user preferences. End-user that gauges model
quality using expected errors (E), likelihood (L), or sensitivity (S) entirely, are represented at the
vertices of the plot. End-users that that gauge model quality using multiple preferences
simultaneously are represented in the interior of the triangle. All models in the preference space
are selected for use in the metamodel. For both model classes, the link function is identified in
the parenthesis. For AEMs only the method of calculating the final burned area is also identified
in the parenthesis. Potential evapotranspiration, pet; specific humidity sph; temperature, temp;
wind speed, vs; topographic roughness index, tri; elevation, elev; human influence index, hii

432 MCMC diagnostics

Convergence of the metamodel parameters as estimated from MCMC appeared adequate

both from visual inspection of the traceplots, as well as the PSRF diagnostic statistics. Visual



inspection did not reveal any overly-strong autocorrelation and the MCMC chains had a
distributions that were in approximate agreement with one another. This was confirmed by the
PSREF statistics which was, at worst, only 1.008 when estimating the weights for the AEMs. This
worst-case PSRF was below the guidelines identified by (Brooks and Gelman 1998). The PSRF

statistics and metamodel parameter estimates are described in Figure 4.3.
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Figure 4.3. Traceplots of posterior from Markov Chain Monte Carlo that graphically summarizes
the convergence of the simulations. The results of three simulations are overlaid in each panel
and suggest that each realization of the stochastic algorithm is similar. Potential score reduction
factors (PSRFs) and parameter estimates are reported in the bottom left of each panel.



433 Validation

An example of the predictions produced from the metamodel is shown in (Figure 4.4). In
this example, note that the 80 percent predictive interval is quite wide in the early days of the
wildfire, with the lower and upper bound of the predictive interval differing by a factor of more
than 16 on the first day. The variability in the 80™ percent predictive interval drops quickly
during the first week of the wildfire and continues shrinking over the wildfire’s lifetime. At the
end of the first week, the upper and lower bound differ by a factor of 5, and by the end of the
second week a factor of 4, by the end of the third week a factor of 2. All daily predictive
intervals contained the final fire size in this example. The median estimate from each day was
variable in the first three weeks of the wildfire but changed little afterward once the wildfire had
finished growing. I hereafter consider the typical results observed across all 75 wildfires in the

validation data.



1 CACHE CREEK

Burned area (1000 x ha)

Fire day

Figure 4.4. The central 80" percentile of predictions of final fire size produced from TVMA
forecast for the Cache Creek wildfire (2018, Colorado), which is selected as an example of a
typical forecast because the percent errors of the forecast are close to the validation set’s mean.
The daily median posterior prediction is shown with a horizontal line, and the data from
WOMBATS data is shown as colored points: InciWeb (blue) and Incident Management Situation
Reports (red).

The average percent difference between the median TVMA fire size prediction and the
reported fire size was fairly small and did not change drastically over time. Specifically, the
TVMA predictions underestimate the reported final fire size by about 3.5 percent. The largest
errors tended to occur about four days after ignition, at which time the TVMA predictions
underestimate the reported final fire size by about 10.5 percent. After this peak, the percent error
in TVMA predictions typically fell between 1.3 percent (Q1) and 5.3 percent (Q3) until day 60.
The average percent difference between the FDM and AEM models were initially approximately

similar to that of the TVMAs — within + 2 of the TVMA forecast - but fell over time. This

eventually produced substantial overestimates of final fire size, by as much as 40 percent in the



former and 32 percent in the latter. The EOFM initially severely underestimated the final fire

size but became increasingly accurate as time elapsed from the ignition date (Figure 4.5).
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Figure 4.5. The percent difference between the predicted final fire size and the reported final fire
size over time for the time varying model average (a), first-day models (b), accumulated
evidence models (c), and end-of-fire models (d). Time is shown on the x-axis and is relativized
for each for each fire so that values near zero represent how close first day forecasts are. The
TVMA forecasts were relatively accurate, typically within 10 percent of the reported size, but
showed a slight tendency to underestimate the reported fire size. With few exceptions, the
TVMA forecasts tended to show consistently better predictive performance than any of the
individual constituent models.

The probability that the central 80 percent of the TVMA posterior contained the final fire

size, the coverage probability, was about 76 percent and remained roughly constant over the first



60 days. The coverage probabilities of the FDMs were also roughly constant over time and
contained the final fire size between an average of 67 and 71 percent of the time over the first 60
days depending on the individual model. The coverage probabilities of the AEMs were
comparable with TVMAs and showed a slight increasing temporal trends. Specifically, the
AEMs coverage probabilities of the individual AEMs were slightly less than the TVMASs during
the first week of the wildfire, were competitive with the TVMAs in the subsequent weeks, and
by week seven, some of the individual AEMs had coverage probabilities that were slightly
higher than the TVMAs. The AEMs contained the final fire size between an average of 75 and
78 percent of the time over the first 60 days depending on the individual model (Figure 4.6). The
EOFMs had very low coverage probabilities during the early weeks that increased over time and
at no point had coverage probabilities that exceeded the TVMAs. The EOFMs contained the
final fire size between an average of 0.4 and 0.46 percent of the time over the first 60 days

depending on the individual model (Figure 4.6).
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Figure 4.6. The probabilities that the central 80 percent of the posteriors contained the reported
final fire size, the coverage probabilities, over time for the time varying model average (a), first-
day models (b), accumulated evidence models (c), and end-of-fire models (d). Time is shown on
the x-axis and is relativized for each fire so that values near zero represent the coverage
probability of forecasts near the ignition date. In general, the TVMASs contained the reported
final fire size about 75 percent of the time, which were rarely exceeded by the individual model
constituents. Some of the AEMs had higher coverage probabilities in the late weeks of the fire.

The conditional probabilities that a wildfire will become a VLF — more than 4,047 ha —
given it eventually did, increases over time regardless of the model. On the first day of the
wildfire, these conditional exceedance probabilities are about 0.2 under the TVMAs, FDMs, and
AEMs. Although the EOFMs cannot be used on the first-day of the fire, since they require
growth information, the first predictions from these models produce conditional probabilities that

are near-zero. Over time these probabilities increase at similar rates to the FDMs and AEMs, so



that the conditional probability that a wildfire becomes a VLF given it eventually did are nearly
the same regardless of the choice of individual model. The conditional probability that a wildfire
will become a VLF given it never did differently varied over time depending on the choice of
model class. Specifically, the TVMA model conditional probabilities decreased over time, so
that predictions became increasingly likely that a wildfire would not be a VLF. This same trend
was not observed in the FDMs, AEMs, and EOFMs. For the first 60 days of the wildfire, the
individual FDMs predicted that a VLF would occur with a probability of 19.1 to 19.9 percent
when they did not occur; the individual AEMs predicted that a VLF would occur with a
probability of 6.7 to 7.3 percent when they did not occur; and the individual EOFMs predicted
that a VLF would occur with near-zero (<1 percent) probabilities when they did not occur. In
contrast to the TVMAs, the conditional probability of a VLF given one did not occur did not

strongly vary over time in the FDMs, AEMs, and EOFMs.
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Figure 4.7. The average conditional probabilities that a very-large fire would occur over time
when they eventually did occur (a,c,e,g), and when they never did occur (b,d,f,h). Panels (a) and
(b) represent the time varying model average, panels (c) and (d) represent the first-day models,
panels (e) and (f) represent the accumulated evidence models, and panels (g) and (h) represent
the end-of-fire models. The typical conditional probabilities that a very-large fire would occur
when they did followed were approximately similar temporal trends across the TVMAs and
individual model components. However, the temporal trends varied across models when
considering the conditional probability that a very-large fire would occur when they did not
occur.

The interquartile range decreased over time in the TVMAs. The interquartile range also
tended to decrease in the FDMs, although it approached a limit larger than that of the TVMAs. In
other words, the posterior of TVMASs was less variable than the FDMs. The interquartile range of
the AEMs was approximately constant over time, and like the FDMs, tended to be wider than the
TVMAs late in the wildfire’s lifetime. Like the TVMAs and FDMs, the interquartile range of the

EOFMs decreased over time, but was consistently less than the TVMA:s.
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Figure 4.8. Interquartile range for the TVMA and individual constituent models over time for the
time varying model average (a), first-day models (b), accumulated evidence models (c), and end-
of-fire models (d).

4.4  DISCUSSION

4.4.1 Benefits of TVMA

When predicting final wildfire size, there is good reason to believe that different
predictors should be utilized at different times. For instance, data is fairly limited in the first-days
of a wildfire and may not be representative of the conditions later on in the wildfire’s lifetime,
but also represents the best available information at the time. Later on, higher quality information
becomes available which can improve predictive ability. For this reason, different models should

be utilized at different points at different times of a wildfire’s lifetime. Additionally, even at one



fixed point of time there is uncertainty as to what model form should be used to generate
predictions. The metamodel I described accounts of the time-varying and base level model
uncertainties and I found that the metamodel generally improved predictive ability compared to

any single model.

Specifically, the TVMA performed well across time and a range of metrics although the
individual model components could outperform them in some specific contexts. For instance,
although some of the individual AEMs had higher coverage probabilities than the TVMAs
(Figure 4.6¢), the AEMs also tended to overestimate wildfire sizes (Figure 4.5¢), failed to correct
VLF probabilities in wildfires that were increasingly unlikely to become VLFs (Figure 4.7f), and
were less precise than TVMASs (Figure 4.8¢). Similarly, the EOFMs were more accurate (Figure
5d) and precise (Figure 4.8d) late in the wildfire’s lifetime but provided extremely poor size
estimates the rest of the time (Figure 4.5d, Figure 4.6d). Hence, although there exist instances
where some of the individual constituent models are superior during a particular moment in a
wildfire’s lifetime according to a specific performance measure, the TVMASs provide predictions
that generally outperform any of the individual models overall, which is a result consistent with
others (Raftery and Zheng 2003). One major reason this is a plausible explanation is that as the
wildfire grows, an increasing lower threshold is applied to the posterior of the FDMs and AEMs
while the upper tails are left unconstrained. When the wildfire growth eventually stops, the
FDMs and AEMs continue to predict that more growth will occur, which is an artifact of the
lower censored distribution (Alvarado et al. 1998). This explains why predictions from the
individual FDM and AEMs are closer to the final fire size shortly following the ignition than

later on in the wildfire’s lifetime (Figure 4.5b, Figure 4.5¢). In contrast, the TVMAs are able to



constrain the upper tails via the EOFMs, and thus provide predictions of final fire size that are
fairly robust over time. Hence, the TVMA metamodel described here provides a means of
integrating information from multiple models to produce predictions that are simultaneously
accurate — compared to the individual model components - and realistically describe the level of

uncertainty.

4472 Limitations

Although the TVMA provided predictions that were generally superior compared to the
individual constituent models, the exceptions to this result suggests that decision makers should
still have individual predictions made available in parallel to the TVMA predictions. Some users
may have evidence that one model class is particularly relevant. For instance, in situations where
a wildfire is known to be nearly extinguished, end-users may prefer to consult the EOFMs than
the FDMs or AEMs. An alternative metamodel could then modify the metamodel to advance
through the model classes using relevant covariates. For instance, the time-varying model
weights could instead be based on containment percentages, which are readily available for most
wildfires in the United States (National Interagency Fire Center 2020). Slightly modifications to
the TVMA metamodel can be used to recalibrate the coverage probabilities (Raftery 2016),
although the difference between the expected coverage probabilities (80 percent) and actual (76
percent) are small enough that this may not be necessary.

In addition to modifying the metamodel, the Bayesian model averaging techniques
explored here easily allow for the substitution of other model to predict final fire size. Other
important factors that may be relevant to wildfire growth such as vegetation characteristics
(Bradley et al. 2016), fire suppression policy (Brotons et al. 2013), or time since last fire

(Youcom et al. 2019, Stevens-Rumann et al. 2016), could be used to improve the predictive



ability of these individual models. Other model structures, such as decision trees (Coffield et al.
2018), could be used instead, and in the case of GLMs, other combinations of link functions and
probability distributions could be explored (Miiller and Stadtmiiller 2005). Fire size estimates
produced from complex wildfire simulators could even be included within this metamodel
(Finney et al. 2011). Although the model sets used for the FDMs and AEMs were selected as to
incorporate the uncertainty as to what performance measures are relevant to consumers of the
model predictions, other methods of generating models could be used. The model sets could have
been limited to vertices of the barycentric plots (Figure 1) so that only the models with the lower
errors, highest likelihood, and highest recall were considered (Podschwit et al. 2020a). Akaike
weights could instead have used to identify the model set with a specified probability of
containing the best-approximating model of wildfire size for the FDMs and AEMs (Symonds
and Moussalli 2011). These changes to ensembles could potentially improve model performance
and/or reduce the computational burden associated with fitting the metamodel parameters. The
latter could also be reduced by using alternative Markov Chain Monte Carlo methods such as
Hamiltonian MCMC (Podschwit et al. 2018b).

The presence of measurement uncertainties is an unavoidable limitation of working with
burned area data and should be communicated to end-users. Missing and erroneous data is a
well-known and common characteristic of burned area time series (Podschwit et al. 2018a)
including the data used for validation (Podschwit et al. 2020b). Although robust methods exist
for correcting these issues, this can be time consuming and computationally expensive
(Podschwit et al. 2018a). For that reason, the methods adopted in this study were relatively

simple (Denis et al. 2020). Still, measurement errors observed in burned area time series tend to



be low and were deemed tolerable for the purposes of this study, but future work could employ

more sophisticated data cleaning methods to verify that this assumption.

443 Recommendations for use

As mentioned in the introduction, one obstacle to producing useful wildfire forecasts is
the uncertainty associated with how the predictions will be used by end-users. Casual consumers
that are not strongly affected by variation about the estimates could use the median posterior
prediction and be fairly close to the final wildfire size on average. Worst case predictions on day
4 support areal estimates within 10.5 percent of the reported final fire size on average. For
comparison, radial errors of +35% in wildfire spread models are considered good, which would
correspond to an areal error of +82%; and radial errors of +10% would be considered very good,
which would correspond to areal errors of +21% (Cruz and Alexander 2013).

Still, many users are strongly impacted by errors and may desire information regarding
the credibility in the reported fire size estimates. In such cases, the interval predictions can
provide this context with an estimate of the final size and a range of values that are likely to
contain the reported final size. The 80 percent predictive intervals were only slightly
miscalibrated, containing the reported final fire size an average of 76 percent of the time. As
mentioned in the limitations subsection, the intervals could be corrected, but the difference
between the expected coverage probability and the value estimated from the validation set is
fairly small. The intervals have the added benefit of shrinking over time so that they increasingly
limit the range of values that the fire is anticipated to grow to over time. In contrast, the first-day
models are static over time and may report an intervals that are relatively wide (e.g. 80%
probability that a wildfire is between 1 ha and 10° ha) compared to the TVMA intervals later on

the wildfire’s lifetime.



Lastly, some users rely on an ability to estimate the chance that specific size thresholds
are likely to be exceeded by a wildfire. In this case, the TVMA metamodel identifies wildfires
likely to become VLFs about as well the constituent models. However, the TVMA does better
than the individual metamodel at identifying wildfires that are not likely to grow to be VLFs.
Hence, the use of individual models may be adequate or not depending on the framing of
predictive problem. That is, if filtering out non-VLFs is important then the TVMA metamodel
should be preferred. However, if the identification of VLFs is the goal of the end-user, or the
exceedance of any other arbitrary size threshold, then the TVMA performs about as well as the
individual models.

That the performance of constituent models is often comparable to complex wildfire simulators
(see Chapter 3) and that the TVMA approach further improves performance, suggests that
decision makers can make better decisions utilizing this and similar approaches. Further
refinement of these models may allow semi-automated decision-making in firefighting, where
resources are allocated to reduce overall costs. Management actions could be included as
covariates and the costs estimated from the location of the fire, allowing then comparisons
between the damages of the resulting fire, which is also a function of management actions with
associated expenditures. Although this would require clearly defining which costs are relevant
(timber losses, property damages, human lives, ecosystem services, etc.), this is possible to do

and would have potential to increase the efficiency of firefighting.

4.1 CONCLUSIONS

Model averaging can provide fire size forecasts that are generally superior to the individual
constituent models. Model averaging can be used to combine wildfire size forecasts that utilize

varying levels of information. Initial forecasts based on information available on the first-day can



be produced first, which are later improved forecasts that utilize growth information that is only
available later on in the wildfire’s lifetime. A number of modifications could be adopted to
improve the predictive ability of the metamodel - such as using covariates in the metamodel and
other model ensembles - and future work should explore how these changes alter the predictive
ability. Still, the metamodel described in this manuscript already show promising predictive
ability relative to the individual constituent models and may serve as a template from which

these modifications can build.
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Chapter 5. CONCLUSIONS

I have found that model uncertainty is an aspect of wildfire prediction that cannot simply be
ignored. In Chapter 2 for instance, I found that in some cases very-large fire activity could be
predicted to either increase or decrease depending on which combination of climate model and
predictive model selected, and that only by integrating the results across these combinations
could I can be confident that they were robust to uncertainties in both the predictive models and
climate models. Similarly, in Chapter 3 - where instead of the presence/absence of very-large
wildfires in the future, I examined the effects of model uncertainty in real-time statistical
forecasts wildfire size - I found that substituting utility functions could sometimes result in new
predictive models that could change predictions of wildfire size by multiplicative factors of more
than 100. On the other hand, this sensitivity was not always observed. In Chapter 2, when
predictive models were based on covariates that did not vary strongly across climate models, the
effects of model uncertainty were relatively small and the eschewing the integration of results
across predictive models and climate models would not have drastically altered the conclusions.
Moreover, in Chapter 3, the first-day model predictions - which were based on models that use
meteorological, topographic, and anthropogenic covariates - were robust and produced similar
predictions regardless of which utility functions was considered. Hence, without investigating
the effects of model uncertainty on predictions the credibility of wildfire predictions may be in
doubt. If such analyses are not completed, one cannot know whether our predictions will be
drastically change if new information is considered or not. Although in some cases the effects of
model uncertainty were small, in other cases the effects of model uncertainty on prediction were
large enough that ignoring this uncertainty would be careless if our goal is to inform important

and costly wildfire-related decisions. For example, in Chapter 2, some of the combinations of



predictive models and climate models yielded predictions of decreases of wildfire activity even
though in aggregate they suggested increases. A decisionmaker basing decisions on the
information in the former may be too risk tolerant, when risk aversion was warranted. One
example of a negative consequence arising from unjustified risk tolerance would be training too
few firefighters and incident commanders to manage the future increases in very large fire
activity. In contrast to overconfidence, underconfidence is another insidious problem in
prediction that can be guarded against by assessing model uncertainty. To elaborate, consider
that the predictions from the first-day models were, at times, very wide, offering predictions of
fire size that ranged by tens of thousands of acres. If other models were not considered, analysts
would be stuck with this wide intervals, but by looking at the accumulated evidence models and
end-of-fire models, these intervals could be shrunk providing actionable information to
decisionmakers.

Given the importance of assessing levels of model uncertainty in wildfire prediction, I
also described methods for incorporating this uncertainty ranging from simply reporting the
predictions from each model independently (Chapter 3) to integrating the predictions into a
single distribution or prediction using metamodeling (Chapter 2 and Chapter 4). Although
presenting the models independently is a simple approach that can be used by most decision
makers, it also results in difficult to interpret results. In Chapter 3, enumerating the models and
their associated predictive performance required large tables of information and complex figures,
which made difficult concisely describing what covariates were important where and how
predictive performance varied across the models. The challenges with interpretability associated
with this approach may be insurmountable in some applications. In Chapter 2 for instance,

consulting all 1300 model combinations would be impractical, and some form of prediction



aggregation would almost certainly be needed. Hence, in addition to the observed performance
benefits, the use of Bayesian model averaging is perceived as an improvement in that the results
are easily interpreted. Instead of trying to compare multiple models individually, the set of
models was integrated into a single prediction or distribution that could be understood by lay-
audiences with little explanation. This technique would then have the advantage of allowing
decision-makers to consume predictions of wildfire size that incorporate model uncertainty in
ways that are already similar to the methods that they use to consume predictions from a single
model. Instead of decisionmakers attempting to use intuitions - intuitions that can be easily
misguided - to make sense of the results from multiple contradictory models, the metamodel
approach does this accounting for them so it is as if the decisionmaker is using a single model.
The principle disadvantage of this approach is that it requires technical skills to implement that
are usually outside the training of the decision-makers it is intended to assist but is a problem
that is surmountable with outside consultation.

It should not be expected that the effects of model uncertainty on wildfire prediction are
limited to statistical models only. These problems certainly extend into complex fire and smoke
modeling, which utilize far more parameters and are often explicitly based on physical
relationships rather than statistical. The similar performance of FSPro compared to the simple
statistical models developed in Chapter 3 demonstrates some of the challenges of using single
model approaches. That is, if highly complex models produce similar predictions to simple
models, then model users may question what all the additional complexity has bought them.
Even if it is accepted that the additional complexity of these models is justified, the results of
Chapter 3 suggest that the optimal model is likely to be highly sensitive to the method used to

gauge performance. Even if the models already used in the real-world in firefighting operations



and smoke forecasting are optimal under a specific criterion, they will likely change when
another criterion is considered. Similarly, complex models may be subject to time varying levels
of information availability which may influence model selection. Analogous time sensitive
patterns in covariate use that were observed in Chapter 3 may extend to complex models. One
could imagine a situation where one model provides superior performance, but also requires fire
perimeter information that is unavailable in the early days of a fire. A competing model may
provide somewhat worse performance in the early days of the fire, but also provides the best
guess given the information available. on when little time has elapse since ignition, but these
same models may when a wildfire just ignites some models may provide superior performance
during the early. The problems described here could be addressed using similar methodologies as
those described in this dissertation. However, unlike the models described here, many of these
smoke and wildfire spread models produce maps that would require modifications to the
metamodels described here to implement including defining the relevant utility function (e.g.
likelihood) and identifying new model ensembles (e.g. FSPro and Farsite). Still, the final
outcome would still be a weighted average of predictions from multiple models with weights that
optimize a well-defined utility function. Moreover, the detailed predictions and complex models
will require much more computational resources than those used in these analyses, which may
necessitate the use of faster computational methods. Data availability could also be a problem in
these future analyses as growth progression data are notoriously rare. However, as
overconfidence is particularly dangerous when the costs are high, and the decisions informed by
these models are very important to protecting lives and property, the future exploration of model

uncertainty in these contexts could be immensely valuable to the real-world decisionmakers that



use these complex models. The analysis of model uncertainty permits decisionmakers to make
more informed choices than is allowed when model uncertainty is ignored.

Another aspect that was little explored in this dissertation, but is deserving of further
study, is how this quantitative information is interpreted by decision makers. In this dissertation,
I explored to general methods of presenting model uncertainty 1.) presenting model information
independently and 2.) integrating results using a metamodel. It was assumed that (2) would be
easier to interpret, however verifying this is important as the computational overhead associated
with the latter is of little benefit if in the end the information is misinterpreted by the
decisionmakers it is intended to assist. Moreover, there may exist contexts in which decision
makers may prefer the former method. In Chapter 4 for instance, it was acknowledged that the
end-of-fire models will outcompete the model averaged results at some point in the wildfire’s
lifetime, meaning that better predictions could be produced if people knew exactly when to listen
to the end-of-fire models. Hence, future work should then determine if the benefits of
interpretability metamodeling are valid and in what contexts they are most applicable. Future
research should also identify effective ways of presenting this quantitative information to
minimize the chances of misinterpretation. This will involve investigating the psychology of
decision makers and thus require a set of methods that are wholly distinct from those used in
these statistical analyses.

Due to similar predictive performance across models, uncertainty regarding the choice of
utility function, or time-varying reliability of data inputs, one often cannot confidently identify a
single model that should be consulted in all cases. I however provide tools for identifying the
levels of model uncertainty and have for the first time in fire modeling history applied

metamodel frameworks to integrate this uncertainty so that decisions can be made that avoid the



overconfidence that is so dangerous when attempting to forecast, an oftentimes a difficult to

predict, future.
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