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Abstract

:

Climate change is anticipated to influence future wildfire activity in complicated, and potentially unexpected ways. Specifically, the probability distribution of wildfire size may change so that incidents that were historically rare become more frequent. Given that fires in the upper tails of the size distribution are associated with serious economic, public health, and environmental impacts, it is important for decision-makers to plan for these anticipated changes. However, at least two kinds of structural uncertainties hinder reliable estimation of these quantities—those associated with the future climate and those associated with the impacts. In this paper, we incorporate these structural uncertainties into projections of very-large fire (VLF)—those in the upper 95th percentile of the regional size distribution—frequencies in the Continental United States during the last half of the 21st century by using Bayesian model averaging. Under both moderate and high carbon emission scenarios, large increases in VLF frequency are predicted, with larger increases typically observed under the highest carbon emission scenarios. We also report other changes to future wildfire characteristics such as large fire frequency, seasonality, and the conditional likelihood of very-large fire events.
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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, [1]), which are often relatively large in VLFs compared to other smaller events (González-Cabán 1983 [2], Stephens et al., 2014 [3]). 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 [4])—that are increasingly probable and costly in larger wildfires (Neary et al., 2003 [5], Peppin et al., 2011 [6], Beverly and Bothwell 2011 [7], Beverly et al., 2011 [8]). 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 [3]), even at long distances from any active burning (Forster et al., 2001 [9], Val Martin et al., 2013 [10]). The large areas of active burning and sudden increase in air pollutants pose numerous risks to public health (Reid et al., 2016 [11]) and safety (Achtemeier 2009 [12], Stephens et al., 2014 [3]); and hospital admissions and treatment costs are expected to increase during VLFs (Moeltner et al., 2013 [13]). Although there are some ecological benefits of fire, VLFs have also been associated with significant, deleterious, and sometimes irreversible environmental changes. These include the production of environmental conditions conducive to the establishment of invasive species (Crawford et al., 2001 [14]), loss of ecosystem services (Rocca et al., 2014 [15]), and long-term modifications to forest structure (Haffey et al., 2018 [16]). 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 [17], Dennision et al., 2014 [18], Barbero et al., 2014 [19]) and will continue to increase into the future (Stavros et al., 2014 [20], Barbero et al., 2015 [21]). 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 [22]) 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 [23], Syphard et al., 2018 [24]). In the context of forecasting future wildfire activities, these structural uncertainties can arise from the selection of vegetation models (Sitch et al., 2008 [25], Syphard et al., 2018 [24]), assumed anthropogenic effects (Westerling et al., 2011 [26]), as well as greenhouse gas emmissions 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/m2 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 [27]).



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 [28]), mediates tree mortality through drought (Allen et al., 2010 [29]) and insect pests (Bentz et al., 2010 [30]), and influences the length of the snow-free season (Westerling 2016 [31]). 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 [32]), fuel moisture (Flannigan et al., 2016 [33]), and distribution of flammable species (Bradley et al., 2016 [34]). Multiple weather variables may adequately measure a common phenomenon associated with wildfire risk, such as drought (Zargar et al., 2011 [35]), 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 [36]) 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 [37]), presenting an additional level of uncertainty that is easily overlooked. Given the frequency with which we face 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 [23], Littel et al., 2011 [38]).



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 [39]). 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 [40]). 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 [41]), Stan (Carpenter et al., 2017 [42]), and Integrated Nested Laplace Approximations (Rue et al., 2009 [43]) have facilitated the application of these methods in novel and previously infeasible contexts (Monnahan et al., 2017 [44]).



Hence, in this paper, we 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 21st century in the Continental United States. In Section 2, we 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, we close the paper with a discussion of the implications of this analysis to decision-makers and researchers.




2. Methods


2.1. Fire Occurrence Data


Data from the Monitoring Trends in Burn Severity (MTBS) project [45], 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 1, Bailey 2016 [46]). 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, XLF,t, 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, XVLF,t, records “1” if at least 1 VLF—one that exceeds the 95th percentile of the region’s filtered MTBS burn area records (Table 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).




2.2. Meteorological Covariates


Regional averages of gridded weather variables from the University of Idaho gridMET dataset [47] 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 [48]). 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 average each month was also included as a covariate of the fire occurrence probabilities.




2.3. 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, we 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 [49]). 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 [50]), these pathologies are often lessened through the use of model averaging (Provost and Domingos 2000 [49]). To that end, a suite of 100 PETs are generated for each region and for both probabilities of interest; and we 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 [51]; Provost and Domingos 2000 [49]) to a random sample of the training dataset via the Roughly Balanced Bootstrapping algorithm (Hido et al., 2009 [52]). 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.




2.4. 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) [47] dataset that was trained on gridMET, and downscaled with 13 GCMs: bcc-csm1-1-m, BNU-ESM, CanESM2, CCSM4, CNRM-CM5, CSIRO-Mk3-6-0, GFDL-ESM2M, HadGEM2-ES365, inmcm4, IPSL-CM5A-MR, MIROC5, 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, we can write the estimated probabilities as,


p¯LF=∑i=1100∑j=113uLF,ivjpLF,i,j,










p¯VLF=∑i=1100∑j=113uVLF,ivjpVLF,i,j.











Here, u*,i represents the weight applied to the predictions from PET i, vj represents the weight applied to predictions utilizing climate model j, and p*,i,j is the prediction obtained from PET i utilizing climate model j. We 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, we know that the posterior of the model weight components, θ=u→LF,u→VLF,v→, 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→LF,X→VLF, assuming that they were generated from a Bernoulli process parameterized with our weighted multi-model averages:


XLF,t∼Bernoulli(p¯LF,t),










XVLF,t∼Bernoulli(p¯VLF,tXLF,t).











The prior component, p(θ), 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:


u→LF,u→VLF,v→∼Dirichlet(1→).











The posterior was approximated using Just Another Gibbs Sampler (JAGS) software (Plummer 2003 [41]) and the runjags package in R (R Development Core Team 2008 [53]). 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 [54]). We assume that the second half of the chain has 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 [55]). 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). 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.




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 1984–2015, while the updated version reported 10,298 large incidents during that same period.





3. Results


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 3).




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 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.



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 1956–2005 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 5).



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 1956–2005 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 6).




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 95th 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 95th 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 95th 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 95th percentile in the tuning time period only, and in the Hot Continental Regime Mountains, where the central 95th 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 true 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 7).





4. Discussion


4.1. Important Predictors of Very-Large Fires


Wildfire events are associated with a number of factors (Flannigan et al., 2009 [28]) that may vary in space (Stavros et al., 2014 [56], Barbero et al., 2015 [57], Arpaci et al., 2013 [58], Flannigan et al., 2006 [59]), and may reveal themselves only under certain conditions (Slocum et al., 2010 [60], Krueger et al., 2015 [61]); 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 based 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 we have 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, we note that, in most of the West, with the exception of the Great Plains and the Tropical/Subtropical portions of the Southwest, temperature based 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 based metrics over temperature based ones in these regions may be related to the characteristics of fuel-limited versus climate-limited fire regimes (Meyn et al., 2007 [32]), 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 [60]).




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 [28], Barbero et al., 2015 [21] ). 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. The Mediterranean division was somewhat of an exception to the overall reported increases in VLF activity. Westerling et al. (2011 [26]) 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 [60]). 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 [62]) and elsewhere (Syphard et al., 2017 [63]).



The months in which VLF activity was historically highest may not necessarily apply in the second half of the 21st century, and noticeable changes in intra-annual patterns, usually increases, of VLF activity were predicted in most scenarios and regions. Some regions, like Temperature 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. 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.




4.3. 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 [64]) and the inherent rarity of VLF events remain significant obstacles to validating predictions and estimating underlying model structures. 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 [65]), 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 [66], Marlon et al., 2012 [67]). 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 1984–2005, 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 [50]), 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 [68]). 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 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 [56], Barbero et al., 2015 [21]). 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 [69]) 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 yield 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 [70]).





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 21st 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 we 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, we 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, most surprisingly in Mediterranean California.



The cumulative impact of these changes are 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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Figure 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. 
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Figure 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. 
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Figure 3. Summary statistics of each forest of probability estimation trees. The top panels show the percentage of probability estimation trees (PETs) in each 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 relative contribution of each first-split variable under the unweighted (left) and weighted (right) averaging methods are displayed side-by-side. 
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Figure 4. Kernel density estimates of the posterior and mean of the number of additional very-large fires per year relative to the 1956–2005 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=106) from the posterior of historical (1956–2005) and future (2050–2099) multi-model averages and calculating the difference. 
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Figure 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. 
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Figure 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. 
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Figure 7. Simulated and actual very-large fire month counts for each region and three time periods: 1984–2005, 2006–2015, 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. 
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Table 1. 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.
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Domain

	
Division

	
95th Size Percentile (ha)

	
Total # of Fires

	
# of Large Fire Months

	
# of Very-Large Fire Months




	
’84-’05

	
’06-’15

	
’84-’05

	
’06-’15

	
’84-’05

	
’06-’15






	
Dry

	
Temperate Desert (TD)

	
16,007

	
1623

	
833

	
119

	
55

	
22

	
19




	
Temperate Desert Regime Mountains (TDRM)

	
11,765

	
121

	
78

	
52

	
31

	
5

	
4




	
Temperate Steppe (TS)

	
11,664

	
464

	
347

	
119

	
70

	
13

	
13




	
Temperate Steppe Regime Mountains (TSRM)

	
19,853

	
798

	
541

	
101

	
56

	
14

	
13




	
Tropical/Subtropical Desert (TSTD)

	
11,616

	
365

	
254

	
94

	
57

	
10

	
9




	
Tropical/Subtropical Regime Mountains (TSTRM)

	
13,169

	
168

	
143

	
71

	
45

	
7

	
7




	
Tropical/Subtropical Steppe (TSTS)

	
10,243

	
388

	
546

	
126

	
79

	
10

	
16




	
Temperate

	
Hot Continental (HC)

	
6180

	
267

	
75

	
67

	
41

	
11

	
2




	
Hot Continental Regime Mountains (HCRM)

	
4586

	
169

	
45

	
30

	
27

	
4

	
1




	
Marine Regime Mountains Redwood Forest Province (MaRM)

	
21,776

	
136

	
130

	
48

	
33

	
6

	
5




	
Mediterranean (Me)

	
10,980

	
149

	
64

	
82

	
35

	
6

	
3




	
Mediterranean Regime Mountains (MeRM)

	
17,772

	
799

	
374

	
143

	
60

	
16

	
17




	
Prairie (P)

	
6707

	
155

	
275

	
47

	
56

	
5

	
9




	
Subtropical (ST)

	
5908

	
431

	
312

	
149

	
82

	
16

	
14




	
Subtropical Regime Mountains (SRM)

	
3927

	
4

	
16

	
3

	
12

	
0

	
1




	
Warm Continental (WC)

	
6466

	
73

	
20

	
40

	
12

	
1

	
4




	
Humid

	
Savanna (S)

	
20,623

	
89

	
45

	
44

	
24

	
5

	
2
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