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Abstract: We integrated a mechanistic wildfire simulation system with an agent-based landscape
change model to investigate the feedbacks among climate change, population growth, development,
landowner decision-making, vegetative succession, and wildfire. Our goal was to develop an
adaptable simulation platform for anticipating risk-mitigation tradeoffs in a fire-prone wildland-
urban interface (WUI) facing conditions outside the bounds of experience. We describe how five
social and ecological system (SES) submodels interact over time and space to generate highly variable
alternative futures even within the same scenario as stochastic elements in simulated wildfire,
succession, and landowner decisions create large sets of unique, path-dependent futures for analysis.
We applied the modeling system to an 815 km? study area in western Oregon at a sub-taxlot parcel
grain and annual timestep, generating hundreds of alternative futures for 20072056 (50 years) to
explore how WUI communities facing compound risks from increasing wildfire and expanding
periurban development can situate and assess alternative risk management approaches in their
localized SES context. The ability to link trends and uncertainties across many futures to processes
and events that unfold in individual futures is central to the modeling system. By contrasting selected
alternative futures, we illustrate how assessing simulated feedbacks between wildfire and other SES
processes can identify tradeoffs and leverage points in fire-prone WUI landscapes. Assessments
include a detailed “post-mortem” of a rare, extreme wildfire event, and uncovered, unexpected
stabilizing feedbacks from treatment costs that reduced the effectiveness of agent responses to signs
of increasing risk.

Keywords: participatory landscape planning; wildfire simulation; wildland-urban interface;
agent-based model; alternative futures; fuels management; risk assessment; climate change;
uncertainty; feedbacks

1. Introduction

As evidenced by devastating wildfires in fire-prone landscapes around the world,
e.g., [1-5], the convergence of record temperatures and drought, increased fuels, and
wildland-urban interface development have created risk to people and property outside
the bounds of experience, requiring new thinking, approaches, and tools [6-8]. Because
wildfires are relatively rare at the scale of a community or land parcel, researchers use
simulation models to understand patterns of risk transmission and human behavioral
feedbacks [9]. However, models capable of investigating how linkages between wildfire,
risk, policies, and management actions by landowners and agencies unfold in space and
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time are in their infancy [10-12], particularly in the face of no-analog, extreme events due
to climate change [13-15].

To meet these challenges, we argue for the development of simulation modeling
systems designed to help researchers, planners, and residents explore and test contrasting
land use plans and risk mitigation strategies in spatially explicit representations of real
landscapes by incorporating four related dimensions of wildfire risk:

1.  The potential for weak signals of change [16,17] and deep uncertainty [18] regarding
where, when, and how much wildfire will occur;

2. The expectation that a few rare, extreme wildfires will dominate risk profiles and
losses [19];

3. Theneed to disentangle how feedbacks between social and ecological processes [20,21]
shape fire regimes and alter risk in populated fire-prone landscapes;

4. The ways in which top-down and bottom-up processes of landscape change interact
across spatial and temporal domains from regional-to-global drivers to localized
socioecological dynamics [22,23].

Adaptation to climate change, in particular, requires plans that respond to trends, uncer-
tainties, and choices outside the range of experience [24]. This includes the need for anticipatory
planning that attempts to head off catastrophes, as well as to act on “hot moment” opportuni-
ties that may follow disasters [25]. Climate change also requires reformulating fire policies
and practices to emphasize fire resilience [26] over fire exclusion, and to foster fire-adaptive
or fire-resilient communities with the capacity to rapidly reorganize in response to growing
threats, a concept that is rapidly developing theoretical and practical foundations [7,27,28].
The expectations for spatial planning that confronts these issues are getting higher, with calls
to simultaneously “act on matters of collective concern; manage competing interests; cut
across scales; reduce and act on uncertainty; act as a knowledge repository; and be oriented to
the future while integrating a range of diverse systems” [29] (p. 477).

Like many environmental hazards, wildfire risk is ill-suited to statistical assessments
that focus on average events. For this reason, we further argue that such simulation
systems should be designed to assess and convey wildfire risk to their audiences in ways
commensurate with fire’s probabilistic nature and extreme skew toward a few rare, large
fires that cause the vast majority of losses [13,19,30]. Because large wildfires and their
impacts are not only highly context-dependent but can suddenly restructure landscapes
and disrupt associated socioeconomic values [19], the most useful wildfire models for
management decisions may be process-based models that can be used to tease out how
local factors could initiate individual high-impact wildfires [13] and to assess the path
dependence of future outcomes on past actions and events [31].

The contingency of future outcomes on past events intersects critically with the role of
feedbacks between socioecological system (SES) processes. SESs, as complex adaptive land-
scape systems, are characterized by positive (amplifying) and negative (dampening) feedbacks
that stimulate system self-organization and pattern generation across scales, including gradual
trends, extreme events, and abrupt regime shifts [20,21]. Understanding feedbacks is thus not
only central to making effective policy recommendations—and avoiding counterproductive
ones [20]—but provides a means to identify leverage points for altering system behavior to
achieve desired outcomes, for example, by modifying the strength of dampening feedbacks or
the gain around amplifying feedbacks [32]. The need to simultaneously anticipate surprising
events and assess policy-driven alternative pathways led us to include the capacity to portray
large number sets of systematically varying alternative futures in the simulation modeling
system [33,34], with each set including recorded details that allow for the analysis of chains of
events, such as the antecedent conditions to extreme fires and their subsequent impacts, and
disentangling how SES interactions and feedbacks may thwart risk mitigation efforts or be
harnessed to support them.

We posit that these factors—the need to account for future trends unlike the past,
rare but extreme events, feedbacks among spatially situated socioecological processes,
and path dependency—are essential to crafting proactive strategies that can be developed
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and implemented in the right places and times to reduce future losses. This litany of
needs led us to develop a modeling system that simulates the interactions and feedbacks
among wildfire, climate change, vegetation succession, development, and landowner
decision-making as a means to support wildfire resilience planning by advancing “spatially
explicit and accessible platforms” that integrate models of social and ecological systems [27].
Specifically, we developed and applied a spatially explicit, agent-based model (ABM) of
land-use change as the core of the system.

The key characteristic of an ABM for our purposes is that individual agents make
decisions on territories under their control. That is, ABMs can incorporate the diverse
ways in which people intentionally change landscape patterns and processes, in effect
rescaling them in space and time, [35,36], including those that influence wildfire [13,37]. As
a result, ABMs may be particularly important for exploring wildfire management in the
wildland-urban interface (WUI), the locus of both population growth and wildfire losses
in the conterminous US [38-40] and other parts of the world. In the WUI, small parcels
managed by diversely motivated private owners oftentimes abut large public or private
parcels, with few common mandates or priorities across ownerships or parcels [41-43].

Such differences in landowners’ willingness to treat their lands makes it extremely
difficult to coordinate risk mitigation activities and to implement coherent risk manage-
ment strategies [41,44]. Solutions are further constrained by the heterogeneity of mixed
land ownership types [9], large fires that spread from untreated adjacent lands, and mis-
conceptions about wildfire risk [45,46]. As demand for amenity lifestyles outside urban
centers grows [47], the risk can be compounded because having more people living in a
WUI leads to more ignitions [48] and greater suppression costs than in wildlands [44]. In
response, US federal land management agencies have directed substantial investments in
forest and fuels management to reduce future wildfire impacts on WUISs [9,49]. Even so,
how WUI wildfire at landscape scales will respond to site-scale fuel treatments is highly
variable and poorly understood [50,51]. For the reasons described above, we argue that
ABMs have a particularly important role in characterizing fire risk in WUISs [12,52,53] by
projecting explicitly, and at fine spatiotemporal grains, what could happen under increased
development, changing climate, and alternative fuels management strategies.

The purpose of our work is not to predict the future, but rather to explore and test
[34,54] spatially situated approaches to solving the common challenges and landscape-
specific needs of communities facing unprecedented wildfire risk. We demonstrate how
simulated interactions and feedbacks among wildfire, vegetation succession, bottom-up
landowner decisions, and top-down public funding incentives can generate nuanced alter-
native futures across different spatial and temporal scales. After describing the relevance
of the western Oregon study area for the issues introduced above, we explain the model’s
overall design and parameterization, with appendices that provide added detail. We apply
the model to the study area within an alternative futures scenario framework and examine
the temporal dynamics of selected futures to demonstrate how the modeling system can
serve wildfire risk decision-making by generating quantitative, narrative, and visual repre-
sentations of landscape change within stakeholder-guided planning exercises, particularly
through exploring feedbacks, path dependency and extreme events, and disentangling
coupled processes. We conclude with reflections on how socioecological simulation models
can be used to develop locally responsive solutions to increasing wildfire risk under novel
change in fire-prone landscapes, and through this, also help establish generalizable lessons
for addressing the challenges of doing so in complex, context-dependent, socio-ecological
systems.

2. Methods: An Adaptable Model of Wildfire Risk

The modeling system was built as a transferable platform with submodels that could
be adapted and parameterized to a broad array of fire-prone landscape types and locations.
As described below, we parameterized the model for Oregon’s 15,000 km? Willamette Valley
Ecoregion, a fuel-rich, flammability-limited region susceptible to increased fire activity
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under a warming climate. We applied the model to a rapidly urbanizing area within the
valley to test the modeling system and examine feedbacks and interactions between climate,
succession, wildfire, vegetation management, and development.

2.1. Study Area

This article reports simulation model behavior within a predominantly rural 815 km?
study area on the valley floor and foothills (elev. 115-650 m) of the Willamette Valley
Ecoregion (WVE), Oregon, USA (Figure 1). It abuts the Eugene-Springfield Metropolitan
Area’s (pop. 256,000) urban growth boundary and encompasses three incorporated towns
(1000-5000 people each), comprising ~16,500 taxlot parcels from <1 ha to 380 ha. Rural
land use varies from large tracts of forestry and agriculture to diversified smallholdings
and rural residential lots [42]. Circa 2000, the study area was 2% urban and 49% WUL
Land cover is approximately 2/3 successional vegetation and 1/3 agriculture, with 95% in
private ownership.

| ——

WUI Zones

T £ S Wl urean

Figure 1. South Willamette study area in western Oregon. Like most WUIs in the Willamette Valley
Ecoregion (upper right), the study area (bottom, white outline) occupies the transition zone from
the flat agricultural valley floor (tan) to the forested foothills (green) and includes remnants of
pre-Euro-American-settlement oak savanna and upland prairie (bottom), a top conservation priority.

Like most fire-prone landscapes in the Western US, vegetation and fire regimes have
changed drastically since Euro-American settlement. Circa 1850, the WVE was dominated
by prairie and oak-pine savanna with a 1-2 year fire return interval for prairie [55,56] and
5-10 years for oak savanna and open woodland [57,58]. Cessation of indigenous burning,
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active fire suppression, and conversion to agricultural and urban uses eliminated nearly
all native grasslands [59], which are now among the most endangered US ecosystems [60].
Most former grasslands that remain in successional vegetation have become mixed-oak-
conifer and conifer-dominant forests [59], dramatically changing fuels [61]. Changes to the
study area’s land cover types reflect these broader transformations (Table S4.1). Ecological
restoration and fuels reduction efforts sometimes align to integrate these two regional
priorities, although they are frequently pursued independently.

Increased fuel loads and urban/rural residential expansion have increased wildfire
risk but, until recently, with little wildfire. From 1985 to 2006, the study area experienced
14 wildfires/year, burning an average of 8 ha (174 ha total or 0.2% of the study area). The
largest fire was 43 ha. In 2008, the 2000 ha Clark fire burned just outside the study area
on public lands. The largest fire reported within a comparable elevation and vegetation
band of the Willamette River Basin at the time of this study was the 6000 ha Tumblebug fire
in 2009 [24]. The 2020 Holiday Camp fire (>65,000 ha) that approached but did not enter
the study area had not yet occurred. Meanwhile, the Willamette Valley’s Mediterranean
climate [62] is expected to continue to bring mild, wet winters and warm, dry summers,
producing abundant herbaceous fuels in spring followed by highly flammable conditions in
summer. Climate models project warmer, wetter winters that should continue to produce
abundant fine fuels, as well as warmer summers, potentially exposing the region to more
extreme fire hazard. The projected doubling of the Willamette Valley population is likely to
exacerbate risk by increasing the number of human-caused ignitions and homes exposed to
wildfire [63].

Prior work with stakeholders [64] formed the basis for a set of contrasting vegetation and
fuels management strategies that explored the concept of creating fire-resilient landscapes by
integrating wildfire risk reduction with habitat conservation and restoration to allow frequent,
low-severity fires to move through the landscape with reduced threat to people and property.
Oak ecosystems—a top regional conservation priority in the Pacific Northwest, USA—appear
well-suited to future climate [65], but there has been little systematic analysis of their potential
contributions to—or drawbacks for—reducing WUI risk.

2.2. Modeling System Overview

We used the agent-based model Envision, a landscape simulation platform with plug-
in architecture that supports customization for diverse applications [24,66,67]. Envision
simulations are organized around the concept of alternative future scenarios. Each scenario
comprises a set of assumptions about factors, such as future climate, population growth,
and policy priorities, that define key contrasts users wish to explore. Envision’s adaptable
“plug-in” model architecture has been used to conduct alternative futures scenario analysis
for a variety of SES issues and landscape contexts, including climate impacts on water
availability [68,69], agricultural dynamics [70], wildlife and open space planning [71,72],
ecohydrologic analyses [73,74], and climate-related coastal community planning [75]. We
next describe our development of new Envision submodels to simulate dynamic wildfire
risk and related SES couplings. Modeling system design and parameterization are discussed
in substantial detail within the Supplementary Materials. The individual submodels, as
well as the integration of social and ecological submodels, were developed using empirical
data and projections, intermediate modeled outputs, existing policies and plans, and,
critically, stakeholder engagement processes (Table 1).

Envision uses spatially explicit polygons (integrated decision units or IDUs) as the
fundamental units of landscape change. We established IDUs by intersecting taxlot parcels
and soil series phase polygons in ArcGIS [76] (n = 86,000 IDUs; mean size 1 ha). This
spatial architecture created a geometry well-suited to simulating the integrated effects of
landowner decisions, vegetation succession and wildfire because IDUs thereby retain the
fundamental topology of both land ownership and edaphic influences on vegetation and
fuels dynamics. Each IDU was assigned initial values for a suite of biophysical, cultural,
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Forest Succession

and demographic attributes, many of which are dynamically updated over the duration of
a simulation run.

Envision runs a sequential series of interactive submodels each time step to update
IDU attributes. This creates a series of feedbacks that, combined with probabilistic elements,
lead to variable outcomes among replicate runs of the same scenario. Submodels can be
broadly split into social and ecological dimensions; Figure 2 shows a fire-centric view
of their couplings. Submodels that most directly interact with wildfire are described
below. See Supplement S1 for details on the submodel design and parameterization of our
ecoregion and study area. Our wildfire-succession-management architecture was refined
and adapted for the substantially different environment of central Oregon [67]. Ager
et al. [77] provide additional details on the wildfire submodel methodology.

Scenario assumptions
Fire drivers

Agent Decisions

) Scenario Assumptions:
Fuels Accumulation Population Growth i ote  Devell -- Fuels
Management Action wewl> Fire Feedbacks o
. TSD ) Wildfire — Succession — Management
Unmanaged Increased Rt -
. Vegclasses ‘. Fuels _ Available ’ Daily Fire
~—A - ~——— Policies H Weather*
--—w H
L)
o — TSM* Public H
Managenlent Succession* sl Incentives ) Topography
Action Budget H
L]
" L
o L 2 \ > Agent M Ignition
* Propensities* : Location*
Managed TSM” Increased > °
Vegclasses " Fuels
Management\\ Dev'elopm;nt" -
Renewal*
* Stochasticity/Uncertainty l

* Stochasticity/Uncertainty

(A) (B)

Figure 2. Wildfire submodel linkages within Envision coupled-systems model. (A) Couplings of
wildfire, succession, and management within the vegetation system. (B) Couplings of vegetation
system with other submodels of the complete modeling system. TSD = time since disturbance;
TSM = time since management.

The social dimensions of Envision include human population growth, landowner
decision-making, and landscape production submodels. The population growth submodel
(Supplement S1, Section 1) updates population density annually and locates new dwelling
units (referred to as residences or homes) based on projected population growth rates for
the study area, stakeholder guidance for urban vs. rural growth, agent-type propensities
for land use change, and the zoning-related capacity of each IDU to add new homes based
on Oregon’s statewide land use planning system [24].

The landowner decision-making submodel (Supplement S1, Section 2) applies the propen-
sities of different agent types to implement land use change and land management actions
on IDUs under their control [66]. Decision propensities for study-area agents were pa-
rameterized using survey data of local landowners to represent five agent types (farmers,
foresters, rural residents, and multipurpose small landholders), their spatial distribution,
and behaviors [42,78].

Agents take actions probabilistically from among those for which their agent type
and the landscape attributes of their IDU qualify. Actions include fuels treatments, eco-
logical restoration, agricultural and timber management, and rural housing development.
Vegetation management goals, treatment types, and best management practices (BMPs)
were developed with advisory teams of regional experts and practitioners [64,79]. The
process generated six base management treatments: density thinning with surface fuels
reduction, oak-pine savanna restoration, oak-pine woodland restoration, prairie restora-
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tion, silvicultural thinning, and commercial timber harvest, and included two levels of
restoration quality (Table S1.1). Density thinning was specified with fire hazard reduction
as its sole goal. Savanna restoration was intended primarily for biodiversity conservation
and secondarily for fire hazard reduction. Woodland restoration balanced conservation
benefits with fire hazard reduction. Silvicultural thinning and timber harvest followed local
practices and were calibrated to recent harvest rates. Treatment effects were parameterized
using the same regional tree lists as the successional model. Each management action is
oriented toward particular vegetation types and locations to align with management goals
and agent values. For instance, fuels treatments may be targeted at high-hazard vegetation
types, proximity to roads, parcels with residences, and areas with denser housing, while
ecological restoration may be targeted at priority conservation areas based on regional
maps, and areas with minimum thresholds of restorable habitat nearby. Management
BMPs were assigned to each combination of treatment type and vegetation-state to achieve
intended outcomes, which determined not only treatment effects on vegetation and fu-
els, but also the net treatment cost, calculated by summing the cost of each management
BMP for the extant vegetation state and subtracting any income gained from the sale of
merchantable timber or chips [79].

Table 1. SWCNH stakeholder engagement structure to guide development and integration of SES
submodels within a participatory alternative futures framework.

Stakeholder Type & Engagement Tool

Goals and Outcomes

1. Wildfire and Land Management Survey !
Surveyees: rural, non-industrial private property
owners; n = 651 (40% response rate) in the south

Willamette Valley [42,78]

Goal: Identify general land use and management strategies landowners

were likely to employ in the near future (e.g., thinning forests, restoring
sensitive ecological habitats, developing homes or home sites). Outcomes:
Established agent types and parameterized initial decision propensities.

2. Wildfire and Forest Management Survey !

Goal: Identify management strategies landowners were likely to employ

Surveyees: rural, non-industrial private property
owners; n = 363 (38% response rate) in the south
Willamette Valley [42,78]

in the near future (e.g., fuels reduction, restoring fire-resilient
ecosystems, and timber production). Outcomes: Parameterized agent
types and decision propensities.

3. Scenario Development Stakeholder Advisory Team
Convened series of 7 meetings over 3 years with 15
recruited participants. Sectors represented
included federal, state, and local land
management; development; NGO conservation;
wildlfire; forestry; and agriculture.

Goal: Develop stakeholder guidance for framing contrasting alternative
futures scenarios. Outcomes: Specified draft scenarios for fully crossed
(climate (2) x development (2) X management (2)) alternative futures
framework, including scenario contrasts, assumptions, and model
parameters for future land use planning and wildfire risk mitigation
practices.

4. Restoration and Fuels Reduction Advisory Team
Convened series of 4 focus group meetings over a
2-month period with 25 recruited participants.
Followed up with 3 meetings of a smaller technical
advisory team to finalize the work [64].

Goal: Derive vegetation management goals and treatment types to
achieve oak savanna restoration and fire hazard reduction goals.
Outcomes: Generated and prioritized detailed vegetation management
strategies that were later refined and specified for simulation modeling.
See Table S1.1.

5. Restoration Professiona/Land Manager Consultation
Conducted 2-3 semistructured consultations with
15 recruited participants in each [79].

Goal: Derive detailed best management practices (BMPs), associated
treatment costs, and detailed species and structural targets for different
fuel reduction and oak-prairie restoration treatments. Outcomes: Used
results to parameterize management system treatment costs and BMP
outcomes.

6. Fire Manager Survey
Surveyees: regional wildfire managers; n = 10 (59%
response rate); (See Supplement S3).

Goal: Synthesize expert judgment for local fire behavior and effects
under current and projected future climate. Outcomes: (Applied
respondents’ expectations to parameterize fire model for detailed forest
stand types, including flame length, mortality, and fire severity under
different fire weather conditions.

! Both landowner surveys also queried respondents about their property’s land use/land cover types, motivations

for owning their property, perceptions of fire risk, value orientations, and demographics.

Landscape production submodels (Supplement S1, Section 3) provide feedbacks from
landscape changes that influence agent decision-making as an individual future unfolds.
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The feedbacks rely on metrics selected to represent the interactive and cumulative effects
of all simulated SES landscape change drivers and processes—climate change, popula-
tion growth, development, succession, vegetation management and wildfire—on valued
economic productions and ecosystem services. To this end, two metrics were calculated
annually at the study area scale: a wildfire risk metric based on residences recently threat-
ened by wildfire, and a conservation metric based on managed area of regionally imperiled
prairie and oak grasslands.

The feedback algorithms associated with the landowner decision-making submodel
were parameterized to represent the expected sensitivity of policy makers and landowners
to residential risk from wildfire, and to the attainment of regional conservation targets,
respectively. Both metrics influence the decisions of individual agents and agent types
based on landowner survey responses. In this way, the metrics mediate individualistic
goal-seeking behavior toward coordinated actions intended to minimize scarcities. As
described next, the wildfire risk metric was also used to regulate the flow of public incentive
funding for fuel treatments and ecological restoration, thus representing a top-down form
of influence on landowner behaviors by policy makers.

A residence in an IDU exposed to wildfire was considered threatened based on (a)
fire severity combined with the amount and structure of hazardous fuels, and (b) whether
the agent had implemented defensible space practices. The latter was assumed to produce
localized effects around a residence that reduced the likelihood it would be threatened
by wildfire but did not change the IDU vegetation state or fire behavior. The wildfire risk
metric was calculated as the 5-year running average of threatened residences.

Landowner surveys revealed that people’s willingness to implement fuel treatments
and ecological restoration largely depended on whether they received financial support [42].
Fuel treatments and restoration actions were therefore differentiated as those that assumed
agents paid all associated costs versus those supported by public funding; adoption rates
were parametrized based on survey results. A budget system tracked expenditures for
publicly funded projects so that such treatments could be capped to scenario-defined
annual public incentive budgets. An algorithm based on the wildfire risk metric was then
used to assign the annual proportion of public funds used to reduce wildfire risk versus
those used to support conservation-based restoration, allowing public agencies to change
their priorities over time in response to landscape feedbacks.

The ecological dimensions of Envision include climate-driven vegetation succession
and wildfire disturbances. The vegetation succession submodel (Supplement S1, Section 4)
uses a state and transition simulation model (STSM) to change detailed vegetation classes
under the influence of spatially explicit annual climate drivers derived from selected Gen-
eral Circulation Models (GCMs; [80]). Each vegetation state includes four structural and
compositional attributes used to simulate succession, as well as five fuel attributes addition-
ally required for simulating wildfire. All attributes can be changed by agents’ management
actions. The integrated dynamics of the three submodels includes natural succession and
changing fuel loadings on unmanaged vegetation, wildfire effects on vegetation state
and fuels based on assessed fire severity, guided successional trajectories under different
management practices, and a return to natural succession upon cessation of management.
The vegetation succession submodel was parameterized based on regional, plot-level tree
lists drawn to capture current and potential new vegetation types projected under climate
change (Figure 51.6); Within-state variability in the tree lists led to variable, probabilistic
outcomes for each process. For example, thinning targeted smaller trees for removal and/or
preferentially retained desired species, while mixed-severity fire caused greater mortality
to smaller trees and/or less fire-resistant species. As a result, divergent outcomes for
treatment and fire could thus arise from a single initial vegetation state (Figure S1.5). As
described below, succession, management, fire, and development interact in space and
time through a variety of direct and indirect pathways.

The wildfire disturbance submodel (Supplement S1, Section 5) employs the Fire Behavior
Application Interface (FB-API) to simulate wildfires [81] and contains functionality of the
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FlamMap5 program [82]. It applies a fire prediction system to estimate daily wildfire
probabilities and sizes under different weather conditions based on empirical relation-
ships between the energy release component (ERC), and historical ignition numbers and
associated fire sizes [83] from a large assessment area extending beyond the study area’s
current climate envelope. Similar data and procedures were used to establish relationships
between ERC and fuel moistures. To simulate climate change effects on ERC, we derived
daily ERC values from regionally downscaled climate streams using selected General Circu-
lation Models (GCMs) and emission scenarios, and calibrated them to the study area using
empirical and modeled ERCs for the historical period. Ignition locations were assigned
using a dynamic spatial probability model developed from historical fire occurrence in the
Willamette Valley [63] and an assessment of changes to ignitions numbers with population
growth. Daily wind speeds and azimuths were generated from local wind rose data. Impor-
tantly, the submodel incorporates three sources of stochastic variability to mimic wildfire’s
uncertainties—daily fire weather, probabilistic ignitions, and ignition locations—while user
controls allow selecting an identical set of fires for comparative model runs of different
scenarios (Supplement S1 Section 5.2.)

The wildfire submodel initializes at run initiation and executes fire prediction and
ignition submodels each year to simulate the spread of individual fires, interpret fire
severity for each IDU that burns, update vegetation and fuels states, and assess residences
threatened by fire. Fire spread rates and behavior are determined by the interaction of
wildfire weather (wind and fuel aridity), vegetation and fuels, and topography. Once all
fire-related model components had been implemented and parameterized individually, the
wildfire submodel was calibrated to closely match the WVE's fire-size distribution and the
study area’s fire record using modeled ERCs for the historical calibration period across a
set of probabilistic simulations.

2.3. Analytical Approach

Scenarios are “what-if” stories about the future [34]. Our alternative futures scenario
framework was organized around three dimensions of landscape change, each of which
was characterized with contrasting sets of assumptions about the future. Each contrasting
set was framed with stakeholder guidance so that the fully crossed set of simulated futures
bracketed a plausible range of uncertainty while characterizing potential leverage points to
sustain desired landscape productions and reduce scarcities in the face of changing risk.

For this paper, to explore how wildfire variability influences simulated SES feedbacks
and trajectories of landscape change, we examined in detail the temporal dynamics of
5 simulation runs selected from a fully crossed set of 600 runs comprised of 50 replicates
of two contrasting climate scenarios ((High vs. Low climate impact) X two development
scenarios (Compact vs. Dispersed) x three management scenarios (Hazard Reduction,
Restoration, and No Fuels Management); Table 2). We focus on the three management
scenarios under Low Climate Impact and Dispersed development (150 runs). We first
selected the three runs representing the minimum, median, and maximum area burned in
the Hazard Reduction scenario, and then the Restoration and No Management runs that
used the identical (replicate) set of ignitions as the median Hazard Reduction run.

The Low Climate Impact scenario was based on the MIROC 3.2 GCM, while the High
Climate Impact scenario was based on the Hadley CM3 GCM, each under the A2 emissions
scenario. Both models have been shown to perform well against observed variations in
temperature and precipitation in the PNW during the 20th century [84]. In our simulations,
the MIROC model resulted in only modest departure from the wildfire of the recent past
compared to a dramatic increase under the Hadley GCM [24]. The Dispersed Development
scenario assumed that the study area population doubles over 40 years based on state
projections [85] and that changes to Oregon’s land use policies allowed for increased rural
development, comparable to that of many other US states that lack state-level controls on
urban growth [86].
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Table 2. Simulation runs used to illustrate model behavior and function. HAZ-max, HAZ-min,
and HAZ-med represent the maximum, minimum, and median area burned for 50 runs of the Low
Climate Impact, Dispersed Development, Hazard Reduction (LDH) scenario combination. RES-med
and NoM-med use the same set of ignitions and associated fire weather as HAZ-med, and thus are
its Restoration (LDR) and No Management (LDN) scenario equivalents.

Mngmt. Area Burned High- Mixed- Low- Largest Threatened
Scenario-Run (ha) Severity (%) Severity (%) Severity (%) Fire (ha) Residences
HAZ-max 6412 50% 6% 44% 5722 1023
HAZ-min 409 30% 17% 53% 35 40
HAZ-med 760 29% 13% 58% 90 109
RES-med 1129 39% 11% 50% 132 108
NoM-med 869 56% 13% 31% 174 155

7

Among the vegetation management scenarios, Hazard Reduction assumed that agents
primary strategy to reduce fire hazard was density thinning, and that prairie, oak savanna,
and woodland restoration were principally applied for biodiversity conservation and only
secondarily for fuels reduction. A key assumption was that public funds for fuel treatments
could support density thinning but not restoration. In contrast, the Restoration scenario
allowed public funds to support oak woodland restoration as a fuel reduction treatment
and assumed somewhat greater agent propensity for restoration. For the null scenario of
No Management, actions not primarily intended as a fuels treatment (e.g., timber harvest,
commercial thinning, and pasture management) were implemented as in other scenarios,
while all other management actions were disabled. Defensible space practices around
homes were implemented as in other scenarios since they did not affect IDU fire behavior
and were central to assessing threatened residences.

3. Unpacking the Effects of Uncertainty and Feedbacks

Fire varied dramatically across the 50 replicates of each management scenario for the
Low Climate, Dispersed Development scenario combination (Figure 3), from 409-6412 ha
over 50 years (median 867 ha). All futures under the lower-impact climate model resulted
in a greater area burned than observed in the 1984-2007 reference period under the
joint impacts of climate, succession, management, and population growth. Vegetation
management had a weak impact on total area burned (ANOVA F(2, 147) =2.91, p = 0.058,
log transformed) with greatest burned area occurring under Restoration (median 901 ha)
and the lowest under Hazard Reduction (median 757 ha). A comparison of only the
means and variances of the total area burned (Figure 3B) would have masked the
extreme wildfire variability of individual futures produced by each scenario (Figure 3A).
In particular, futures with extreme wildfire could occur in any scenario. Most wildfire
impacts resulted from a small minority of wildfires owing to the long-tailed distribution
of fire sizes. Fires greater than 2000 ha, nearly 50 times larger than any recorded historical
study-area fire, occurred in all management scenarios despite the lower-impact climate
projections.

The total number of threatened residences ranged from 38 to 1023 (mean 154,
median 115) and varied by scenario (ANOVA F(2, 147) = 3.43, p = 0.035, log transformed)
with No Management (mean 166, median 130) and Restoration (mean 165, median
117) having been substantially higher than Hazard Reduction (mean 130, median 115).
When the total area burned was included as a log-transformed GLM covariate it was
highly significant (p < 0.0001) as was the scenario (p = 0.011), increasing the model’s
explanatory power from r> = 0.04 to r? = 0.85 (Figure 54.1.) (GLM F(3, 146) = 272.06,
p <0.001, all variables log transformed). No Management increased residential risk over
the other two scenarios for the same area burned, likely due to its higher proportion of
mixed- and high-severity fires (Figure 3B), which in our model overcame the protection
of defensible space practices. Although Restoration had nearly the same number of
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threatened residences as No Management, it also was able to produce twice as much
low-severity fire, thus reducing fuel loads in these areas with moderate added risk per
ha burned, which could have been offset by the greater implementation of defensible
space practices around homes.

We next examine the dynamics of the five selected runs described previously to
explore how simulated feedbacks may have driven these broader outcomes: first, three
runs representing the minimum, median, and maximum area burned under the Hazard
Reduction scenario (Figure 4A-C), and then three runs comparing fire activity across
different management scenario replicates that used the same fire list (Figure 4B,D,E).
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Figure 3. Area burned by scenario and individual future for three management scenarios under the
Low Climate (MIROC GCM) and Dispersed Development scenario. Each scenario combination was
subjected to identical sets of 50-year fire lists across 50 replicate runs to create an “all-else-being-equal”
test of scenario impacts on wildfire. (A) Area burned by scenario and run. Vertical lines show scenario
averages. Dashed red line connects Hazard Reduction run (HAZ) with median area burned to its fire
list counterparts for the No Management (NoM) and Restoration (RES) scenarios. (B) Average area
burned by fire severity class across all 50 runs of each scenario. Error bars show +2 SE.



Fire 2023, 6, 276 12 of 28

Eugene —
Springfield

Eugene -
Springfield

Eugene -
Springfield

- : * ’ o
0 ) © fired 0= |
& & « Q
N

Eugene —
Springfield

Eugene —
Springfield

Figure 4. Variability in wildfire severity and area burned within and among scenarios is driven by
interactions of stochastic fire weather and ignitions with agent decision-making. Annual area burned by
fire severity class is shown next to map of the 50-year fire footprint for each simulation run. From left
to right (A—C): the minimum, median and maximum area burned in 50 replicate runs of the Hazard
Reduction scenario, each using a different fire list. From middle top to bottom (B,D,E): comparable runs
using the same fire list for the Hazard, Restoration, and No Management scenario. All runs shown
conducted under the Low Climate and Dispersed Development scenarios. Year 1-50 = 2007-2057.

Graphs show two-year fire totals for visual simplicity.
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3.1. The Role of Stochastically Generated Wildfire

Due to the stochastic mechanisms underlying wildfire, agent decisions and vegetation
succession, the area burned, severity, timing and locations of wildfire varied widely among
individual futures even within replicates of a single scenario, offering insight into the chance
nature of risk and how it may interact with land management decisions (Figure 4). The
calibration of simulated fire regimes to match the heavy-tailed distribution of regional fire
sizes while changing under future climates, combined with the modeling system’s capacity
to simulate large numbers of alternative futures, provides a novel means to portray and
assess risk from unprecedented fires [13,19]. For example, a single fire in the HAZ-max
run (Figure 4C) exceeded the size of all other fires in 300 fifty-year MIROC scenario runs
despite occurring in the scenario with the least area burned, exemplifying the potential for an
unexpected megafire [1,15] or Black Swan event [87] along the lines of recent, unprecedented
WUI catastrophes [88,89]. In those 300 MIROC climate runs, comprising a total of 15,000 years
of simulated fire, only 8 fires exceeded 2500 ha (7 of them in the Dispersed Development
scenarios) and only this one fire, at over 5700 ha, approached the 6000 ha threshold for a
regionally surprising fire under the High Climate Impact scenarios [24], where 52 such fires
occurred in 300 simulated futures. This singular fire also led to 945 threatened residences—
nearly 50% more than the next most impactful fire event in the Low Climate Impact runs
and greater than 6 times the average 50-year total. Reconstructing this singular event from
Envision outputs thus offered opportunities for graphic and narrative explorations of the
factors that could contribute to a surprising and impactful outlier (Box 1 and Table S4.2).

Box 1. Anatomy of a Black Swan: An alternative future post-mortem. On August 16, 2052, persistent
heat and drought led to extreme fire weather. A fire ignited just outside a recent expansion of the
urban growth boundary (UGB) in a closed-canopy stand of mixed Douglas-fir and oak with high fuel
loads of forest litter and shrubs due to lack of recent management. For 17 h, northeast winds, gusting
at 18 mph, drove the fire southwest through a mosaic of mostly pasture, forest, woodland, and
savanna, burning over 5700 ha of medium- and low-density WUI and threatening over 900 homes.
Meanwhile, vegetation in the fire footprint changed dramatically. Three-quarters of the burned forest
experienced high-severity fire, opening the potential for rapid vegetation shifts. Prior to the fire, 2/3
of the successional vegetation (3000 ha) was conifer-dominated forest. After the fire, over 500 ha
of prefire conifer forest regenerated as oak savanna while another 500 ha regenerated as madrone
woodland under the influence of climate change drivers—a forest type common to southern Oregon
but unknown in the study area today.
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On the surface the story of WUI risk appears simple. The number of threatened residences in
each major cover type was roughly proportional to that cover type’s area. Deeper
examination, however, reveals complex interactions related to the influx of new homes into
different land cover types, and within these types, agents’ propensities (or lack thereof) to
implement defensible spaces practices, perform fuels reduction treatments, and restore
oak-prairie ecosystems. By far the safest places to live were agricultural lands and restored
oak-prairie, yet agricultural land saw less than % the rate of new development compared to
the more hazardous forested landscapes. Both density thinning and restoration reduced risk,
but less than 1/3 of successional vegetation was actively managed for fuels at the time of the
fire. Agents living in unmanaged forest were the most likely to implement defensible space
practices but that alone was insufficient to prevent extensive threat from high-severity fire.
The problem was particularly acute in unmanaged forest, with the result that the greater
capacity of forest lands to accommodate new rural homes became the primary source of
enhanced WUI risk during this extreme wildfire event. Given that density thinning
substantially reduced threat to homes in forest and woodland, more fuel treatments present
an obvious means to reduce risk. Fuel treatment renewals, however, were

prohibitively expensive.

As a result, even though nearly 2/3 of unmanaged forest and woodland had been treated
previously, agents were unable to sustain fuel management and, during this intense fire event,
the advantages of prior treatment were overwhelmed by the subsequent regrowth of fuels.
Given the predominance of low-severity fire in agricultural lands and oak-prairie ecosystems,
and the relative simplicity of implementing defensible space in such vegetation, the most
cost-effective way to reduce overall risk in the burned area would have been to convince
agents in agricultural and oak-prairie grasslands to implement higher rates of defensible
space practices. These alternatives can be visualized in a diagram of risk space, in which the
roles of defensible space and fire severity in risk reduction are visualized and translated into
recommendations. In the final analysis, however, the overwhelming driver of threat to homes
was not vegetation type, management, or defensible space, but rather a more-than-tripling of
widely distributed rural homes in the fire footprint under Dispersed Development scenario
assumptions in the 35 years since 2007. The capacity to explore how the sources of risk within
a Black Swan event may be contingent on antecedent factors under people’s control could
provide added value to participatory planning exercises that depend on both coordination
and collaboration among stakeholders.

Mitigation actions to increase home protection in the Black Swan wildfire event.

1. Increase defensible space practices around homes in agricultural grasslands and
oak-prairie ecosystems given the simplicity of implementation, low cost, and reliable
protection;

2. Combine fuel treatments with defensible space around homes in the most hazardous
forested types—oak woodland and conifer forest—to benefit from synergistic effects;

3. Support landowners in maintaining fuels treatments in forests and woodlands in the
vicinity of their homes and, through this, increase the effectiveness of defensible space
practices;

4. Explore innovative policies to control rural wildfire risk, such as cluster housing
development with risk reduction covenants, to enable compact footprints of both
housing and fuel treatments that maximize safety and cost-effectiveness.

Finally, a comparison of three replicate runs that burned identical sets of fires each

year (Figure 4B,D,E), shows how contrasting management strategies applied across mosaics
of individual ownership could influence fire regimes at landscape scales, as well as the
complexities of such comparisons. The patterns shown are largely consistent with those
across the 150 Low Climate Impact runs (Figure 3B): the greatest area burned in high- and
mixed-severity fire in the No Management scenario; the least area burned in the Hazard
Reduction scenario due to reduced fire spread rates; and the largest area of low- and
mixed-severity fire in the Restoration scenario coupled with the greatest area burned.
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3.2. Feedbacks from Fire to Risk to Management to Fuels for Future Fires

One of the key simulated feedback loops is from climate — fire — threatened resi-
dences — agent management decisions — fuels encountered by future fires. Within any
given model run and year, a greater area burned and higher fire severity tended to threaten
more residences, but outcomes varied widely depending on factors such as local hous-
ing density and the fuels around each home (Figure 5A,B red arrows). As described in
Section 2.2, the five-year running average of threatened residences determined each year’s
allocation of public incentive funds to support either conservation-based restoration or
fuel treatments (Figure 5B), adjusting public priorities to changing risk and conservation
scarcity (Figure 5B,C).
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Figure 5. Feedbacks from residences threatened by wildfire drive allocation of public funds for
vegetation management. (A) Each year, wildfires of different sizes and severity can (B) threaten
rural residences. Greater numbers of recently threatened residences shift the allocation of public
funds from conservation-based restoration fuel treatments. (C) The area treated for restoration vs.
fuel treatments reflects these changing priorities, influencing future wildfire and residential risk.
Year 1-50 = 2007-2057. Run shown is HAZ-med from Figure 4.
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Because all landowner types expressed substantially greater willingness to implement
both density thinning and restoration if they received financial assistance (Nielsen-Pincus
et al., 2015) and agents were parameterized to follow the decision propensities of surveyed
landowners, the proportional area treated in each type (restoration vs. density thinning)
largely follows the public incentive allocation (Figure 5B,C). The area restored, however, was
always a fraction of that treated for fuels. Two major reasons were the higher average costs of
restoration [79] and that landowners generally expressed greater interest in fuel management
than ecological restoration [42]. In addition, the more specialized site attributes for restoration
generally meant that fewer sites qualified. Finally, while an agent’s preferences could change
due to feedbacks from both threatened residences and conservation scarcities, the imperative
of reducing risk was usually stronger than that of protecting biodiversity. In HAZ-med, these
combined influences led agents to spend an average of 99% of the annual hazard reduction
budget but only 80% of the restoration budget, and in some years, the latter was barely used.

These couplings generated unexpected feedbacks. First, treatment costs increased over
time, decreasing the area treated each year with the public budget, and setting off a chain of
related effects. Initially, many forested IDUs contained substantial merchantable trees, offset-
ting treatment costs for density thinning and any restoration that required thinning [79,90].
In the early years of each simulation run, this allowed larger areas to be treated within the
budget cap. Over time, however, the number of IDUs needing first-time treatment diminished
relative to those requiring retreatment due to the transience of treatment effects [90]. Although
retreatment BMPs typically were less expensive to implement, they also had no offsetting
income from merchantable trees. In our study area’s vegetation, the outcome was that the
cost/ha for retreatments typically averaged more than for initial treatments (Table 54.3). As
the need for retreatments increased, fuel treatment projects that generated profits declined,
raising the net costs/ha and limiting the area that could be treated with limited public funds
(Figure 6). Across all three Hazard Reduction runs, the percent of retreatment area by individ-
ual project explained half the variability in cost/ha (r*> = 0.56), and when averaged across all
projects by year, accounted for almost all variability (r? = 0.98) (Figure S4.2).

Simulation results thus drew focus to whether society can maintain fuel treatments
and restorations once implemented [91,92]. Our virtual world allows us to test further al-
ternatives, such as supporting only initial treatments or projects that expand into untreated
areas. This would have shifted more costs to private landowners earlier but preserved the
efficacy of limited public funds. A further lesson is the need to identify more cost-effective
BMPs that can be sustained over time [93,94].

As the area treated using public funding declined, more agents treated their land
at their own cost, but not enough to sustain the area in management. For example, in
HAZ-med, the proportion of managed successional vegetation peaked at 39% in year 29,
declined for 11 years, then rose to 34% by year 50. Declines would have been much greater
without the compensating effect of agents’ increase in self-funded treatments, however. In
the first five years, self-funded projects constituted 13% of all projects and 5% of the total
funds expended. By the last five years, self-funded efforts accounted for 45% of projects
and 20% of expenditures, helping maintain the area in treatment but substantially shifting
the financial burden from public to private interests.

Landscape feedbacks influenced not only the total managed area and treatment types
applied but also their locations and timing. For example, increased residential risk led
agents to shift from restoration in conservation priority zones to fuel treatments in the WUL
Because agents were provided an array of management options (e.g., thinning hazardous
fuels within 200 m of a major road versus oak woodland restoration in large blocks of
suitable habitat in conservation zones), their responses to risk fostered a dynamic set of
interactions and feedbacks that changed the composition and distribution of fuels that
could be encountered by future fires.
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Figure 6. Need for retreatment drives increasing vegetation management costs over time. The area
treated in projects using public incentive funds declined over time as retreatments increased the
net cost/ha. The result of greater retreatment was that fewer projects generated profits and more
generated losses, drawing down public funds. Examples of fuels treatments (in this scenario density

thinning only) are from the HAZ-min and HAZ-max simulation runs, which were also used in
Figure 4 and Table 3. Year 1-50 = 2007-2057.

3.3. Stabilizing Feedbacks from Treatment Costs Reduced Effectiveness of Policy Response to
Changing Risk

The impact of feedbacks from wildfire risk to treatment costs can be seen by comparing
Hazard Reduction runs with the most and least area burned (Table 3). HAZ-min experienced
the least wildfire and second fewest threatened residences. As a result, slightly more public
funds were spent on restoration than density thinning. In contrast, HAZ-max experienced
the most wildfire and most threatened residences. As a result, of the $35 million spent over
50 years for incentivized treatments, more than 60% went to fire hazard reduction, while
less than 40% was spent on restoration—a difference of over $7.5 million. The impact of
reallocating public funds, however, was dampened by the same feedback that led to increasing
costs over time. As funds were shifted to either fire hazard or restoration, the net costs of that
treatment type increased with the percentage of retreatments. As a result, the 29% greater
public expenditure for density thinning in HAZ-max resulted in only 5% greater area treated
than in HAZ-min. Similarly, the 27% greater public expenditure for restoration in HAZ-min
resulted in only 13% more area restored. In effect, increasing treatment rates “turns the wheel”
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more quickly, leading to more rapid increases in treatment costs. The feedback of increasing
costs with increasing treatment rates thus inhibited policymakers” and agents’ ability to revise
their priorities based on risk, illustrating a real-world problem where an accurate projection
of treatment cost-effectiveness in spatial planning and policy development can be critical to
minimizing risk [94].

Table 3. Funds spent and area managed over 50-year simulation for different treatment types in the
LDH futures with the lowest and highest area burned.

Scenario Treatment Type Cost ($) Area (ha) Cost ($/ha)
HAZ-min ! Incentivized Fuels Treatment $16,602,986 50,832 $327
Incentivized Ecol. Restoration $17,581,503 7869 $2234
Landowner-funded Fuels $4,734,554 4332 $1093
Landowner-funded Restoration $992,045 763 $1299
HAZ-max 2 Incentivized Fuels Treatment $21,407,097 53,462 $400
Incentivized Ecol. Restoration $13,894,766 6930 $2005
Landowner-funded Fuels $5,135,483 4658 $1102
Landowner-funded Restoration $936,601 854 $1096

1 Area burned: 409 ha. Threatened Residences: 40. 2 Area burned: 6412 ha. Threatened Residences: 1023.

Despite the declining efficacy of shifting public funds toward either density thinning
or restoration, the impact on the area restored, as described next, was almost three times
less due to assumptions about publicly funded vs. landowner-funded restoration. Our
stakeholder group asserted that public funding for biodiversity conservation would pri-
oritize habitat quality over quantity, while landowners who paid for restoration on their
own would prioritize less-costly, structural treatments. Consequently, the lower costs of
landowner-funded restoration (Table 3) helped private landowners compensate for the
reduced area restored over time using public funds, albeit at the cost of reduced habitat
quality and increased fire spread rates due to greater surface fuel continuity. This survey-
and stakeholder-derived calibration of local cultural factors, such as the degree to which pri-
vate landowners will support the public good, emphasizes how land and risk management
are social processes rooted in local values [95].

4. Advancing Wildfire Risk Management Modeling
4.1. Integrating Wildfire within an Agent-Based Model of Landscape Change

We integrated a mechanistic wildfire model within an agent-based landscape change
model as a tool to help stakeholders engaged in participatory planning efforts explore and
test alternative land management and development scenarios in realistic representations
of their landscape’s behavior under future uncertainties. Our overarching goal was to
advance the development of adaptable simulation platforms for use in a broad range of
fire-prone WUI landscapes characterized by common needs to situate and assess alternative
risk management approaches in their localized socioecological context.

Over the last two decades, the use of stochastic wildfire simulation systems has
evolved rapidly [96-98] as a means to understand how periodic and discrete wildfire
disturbance events shape landscape change dynamics [10,99,100], land management strate-
gies [101-104], and expected impacts to society [97,105]. More recent efforts have applied
these techniques to characterize wildfire exposure and risk within WUIs [106-109], includ-
ing efforts to characterize societal influences on future fire regimes [110,111]. Nonetheless,
a gap remains in terms of integrating these modeling approaches within the dynamic
social-ecological system that defines the WUI, where vegetation disturbance dynamics
are embedded within a reactive and dynamic social landscape. Our modeling system
is distinguished from these past efforts (but see work related to ours from [12]) by five
key features:
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1.  Detailed representations of local landowner distribution and decision propensities
that guide how agents in mixed-ownership landscapes decide where and when to
build new homes or implement different types of fuels treatments;

2. Empirically based ignition locations and numbers that respond dynamically to chang-
ing development patterns and climate;

3.  Spatial and temporal downscaling of GCM climate projections into probabilistic
streams of daily fire weather, with wildfire frequency, size, and behavior calibrated to
statistical relationships with the daily energy release component (ERC) and applied to
fine-grained fuels and topography;

4. Feedbacks between fire and other simulated processes that explore how agent deci-
sions interact with stochastic events to affect trends and uncertainties across large
numbers of alternative futures, particularly under a changing climate;

5. The capacity to reconstruct individual fire events, especially Black Swan events,
deconstruct the antecedent landscape changes that may have contributed to their
impacts, and assess the path-dependent consequences of an individual fire or an entire
future’s history of fires.

4.2. Exploring Path Dependency and Extreme Events

The coupled modeling system is intended as a prototype for a new generation of
computational tools that help planners and citizens explore how land use and manage-
ment decisions influence future risk under “deep uncertainty” [18,24]. One way to shift
landowner behavior from contemplation to action is to help them better understand the
magnitude of future risk and simultaneously gain confidence that their actions can help
reduce it [112,113]. In this regard, a key challenge—for both society and simulations—is
the capriciousness of wildfires in relation to the spatial and temporal scales of typical land
planning. To this end, the wildfire submodel mimics not only how a wildfire burns but also
the trends and vicissitudes of when and where. It does this by simulating the stochastic
likelihood of ignition as a function of daily fire weather and population growth, and of
ignition location as a function of development patterns and local landscape features.

Because people have difficulty understanding the probabilistic component of risk, we
tend to either overweigh or underweigh the potential impacts of high-risk, low-probability
events [114]. The use of simulation modeling to generate narratives [34,115,116], and
visualizations of risk that link numbers with imagery [117], could help stakeholders accept
the probabilistic risk of an extreme event in the context of a familiar landscape. This in
turn provides an opportunity for “imaginative de-blackening” of a Black Swan event [118]
by arming stakeholders with otherwise unavailable foresight about events commonly
characterized as being knowable only through hindsight. For example, building from the
Box 1 narrative, the coupled modeling system could be used iteratively in spatially explicit
adaptation planning processes [29] to:

1.  Identify landscape areas most likely to experience catastrophic fires via simulation
modeling across large number sets of alternative futures [24];

2. Assess the relative risks of different development and management practices, and the
potential value of different risk-mitigation strategies in different locations;

3. Craft recommendations for proactive interventions in pivotal landscape areas;

4. Conduct further simulations that test and refine the strategies employed to provide
actionable recommendations to landowners, wildfire managers, and policy makers.

4.3. Disentangling Coupled Processes to Craft Local Solutions

The desire to produce more useful insights into real-world problems by modeling
pivotal socioecological system (SES) interactions and feedbacks [119-121] must be weighed
against the costs and tractability of increased model complexity [122]. Both the imper-
atives and challenges intensify when linkages span the biophysical and sociocultural
processes [123-125] and cross-scalar interactions [126,127] that characterize SESs. Without
engaging these issues, however, key insights of the types illustrated, such as how feedbacks
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from increasing treatment costs could shift financial burdens from public to private interests,

and the related negative feedback that limited agents’ ability to adapt as expected to emerg-

ing wildfire risk, might not be identified, especially prior to low-likelihood but high-regret

Black Swan events. The capacity to anticipate potentially perverse consequences of new

policies due to feedbacks between human and natural systems [128] prior to their imple-

mentation is an important value of SES simulation modeling. Yet, most people have trouble
understanding feedback loops in the context of wildfire risk mitigation, particularly those

that may dampen effective responses to risk or that lead to negative consequences [129].
A core strength of the fully coupled model platform lies in its suite of empirically

calibrated processes and the simulated interactions and feedbacks among them. These
feedbacks highlight the critical relationship of scenario assumptions and model parame-
terization when interpretating results [130,131]. To this end, during scenario development
we sought to identify and vary only those assumptions that were central to stakeholders’
desired scenario contrasts, while holding others constant across all scenarios. This meant
constraining the modeled complexity of stakeholders” scenario narratives. This parsimony
reduced the nuances of individual scenarios in favor of enhanced ability to disentangle
cause—effect relationships. This in turn allowed us to not merely assess differences among
scenarios, but also explain the reasons in terms of interactions and feedbacks among
simulated processes.

A related quality is the modeling system’s adaptability to local and regional socioe-
cological contexts. Although we developed and parameterized the modeling system for
a specific western US WUI, the submodels and their couplings simulate SES processes of
central importance in many fire-prone regions. These common drivers are documented in a
growing body of wildfire literature that spans large portions of the globe [40,46,132,133] as
well as specific regions and countries [14], including Australia, Europe, and South America,
with preliminary understanding of WUI fire risk in Asia and Africa (Table S4.4). In all these
regions, particularly in Mediterranean and other summer-drought climates, climate change
is expected to further exacerbate wildfire risk [14,134]. Most of these studies directly apply
the WUI concept to characterize common drivers and challenges of increased fire risk,
including;:

e  Rapid growth of WUI extent and fire risk due to varying demographic shifts, including
demand for amenity lifestyles that drives further fire suppression and increased fuels,
and rural land abandonment that leads to loss of traditional land uses and management;

e  The need for policies and governance systems that are effective at managing fire trans-
mission across mixed land uses and land ownerships, particularly those with a fine-
grained mosaic of private ownerships, protected areas, and localized cultural values;

e Climate impacts on fire weather that combine with other factors to push fire sizes,
frequency, and severity outside the bounds of experience and, in doing so, challenge
existing social and ecological capacity to recover or adapt.

Despite these shared constraints, there is no single solution for all WUIs. Rather,
solutions must fit social contexts [135] defined in dialogue with local communities and fire
management agencies [46]. They also must respond to cultural factors that affect people’s
willingness to adopt new practices, while protecting important cultural values even as land
management changes [136]. Our modeling system is adaptable to these diverse social and
ecological contexts with both common issues, varying drivers, and the need for localized
solutions developed in participatory collaborations.

4.4. Integrating Social and Ecological Submodels

A core undertaking of SES simulation model development is integrating the social
and ecological subsystems. We employed three methods: linking independent submod-
els; grounding SES interactions to societal concerns and leverage points; and engaging
stakeholders to frame, parameterize, and apply the SES modeling system as a whole.

Linking independent submodels via sequenced inputs and outputs of each time step
created the potential for emergent behaviors from interacting social and ecological processes
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over the course of a simulation run. For example, statistical assessments of historical igni-
tions produced a dynamic spatial probability model with terms for local housing density
and population growth (wildfire submodel) that interacted with stakeholder-guided projec-
tions for the numbers and locations of new rural homes (population growth and landowner
decision-making submodels).

Grounding submodel integration involved creating user-specified feedbacks among
submodels via production and scarcity metrics (Figure S1.1 and Supplement S1 Section 3).
In contrast to the first type of submodel integration, feedback dynamics were intentionally
constructed and parameterized. These metrics and feedbacks were particularly important
because they could be used to specify priorities and goals for landscape management
and policy formulation. For example, the wildfire metric (landscape production submodel)
was based on rural residences (population growth submodel) in IDUs that burned (wildfire
submodel). Such residences were classified as threatened or protected based on fire severity
and whether the IDU’s agent had implemented defensible space practices. In turn, the
wildfire metric activated agent decisions about the need for further risk mitigation activities
and shifted public incentives budgets between the potentially competing priorities of
conservation-based restoration vs. fire hazard reduction.

Engaging local and regional stakeholders produced essential connective tissue between
social and ecological submodels. The key to applying Envision within an alternative future
scenario framework was to use stakeholder processes to focus model development on
issues that mattered most to stakeholders, fill knowledge gaps with expert judgment,
parameterize simulated local processes, and, critically, to frame scenario contrasts. For
example, each time step’s execution sequence of inputs and outputs from landowner
decision-making to management effects on vegetation and fuels, and to wildfire behavior
and effects under a changing climate involved data from all six stakeholder engagement
processes (Table 1). If a central goal of an SES modeling project were to offer useful insights
for policy and land management, then incorporating the knowledge and perspectives
of local and regional stakeholders would be essential so that the scenarios explore key
leverage points as defined by those who understand the local SES best.

4.5. The Challenges of Uncertainty

It is customary to focus on model uncertainty in terms of the “correctness” or validity
of model outcomes, e.g., the consistency of simulation results with empirical evidence.
In reality, there is a spectrum of uncertainty from types that are reducible to those that
are irreducible [24]. We argue that it is critical to attend the uncertainty across this entire
spectrum for the purposes of anticipatory planning. We focus here on four examples:

Projecting wildfire and vegetation succession outside the bounds of historical climate. We
parameterized fire-ERC relationships for a large area that encompassed the projected study-
area climate and included new vegetation types from outside the study area that might
assemble under future climate (Supplement S1 Sections 4 and 5). However, such space-
for-time substitutions necessarily include large, simplifying assumptions, for example, the
degree to which local soils and topography may result in very different fuels and vegetation
even under identical climates.

Parameterizing probabilistic realizations of future wildfires from a single, realized past. Many
fire managers believe that we have either “avoided the big one” or “got caught unprepared”,
suggesting other possible pasts. Because our simulation system was designed to produce
multiple realizations of future fire regimes from a single climate stream, it was essential
to simulate and calibrate multiple potential realizations of the historical fire regime. This
required assumptions about where the realized past fell within the range of possible pasts
as a means to bracket the range of future wildfire uncertainty (Supplement S1 Section 5.2.6).

Simulating how people will respond to choices and make decisions over a 50-year time horizon.
In our simulations, agent decisions changed in response to landscape feedbacks but did
not evolve over time, i.e., decision propensities remained static for any individual agent.
(Supplement S1 Section 2). Similarly, policy alternatives that drove different urban-rural
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development patterns could be compared via scenario contrasts, but policies could not
evolve over time. The equivalent to our 2007-2057 modeling period would be simulating
decisions and policy choices for 2020 based on what was known in 1960. We expect such
limitations to be addressed, albeit incompletely, as agent-based wildfire simulation models
evolve.

Communicating uncertainty as a foundation for anticipatory planning. To varying degrees,
the uncertainties described above are reducible. However, we also see an irreducible form of
uncertainty that should be incorporated in SES simulation modeling as a way to strengthen
peoples’ ability to act collectively in the face of an inherently unpredictable future. To this
end, testing alternative courses of action in the face many possible path-dependent futures
could help build societal capacity to “seize unexpected opportunities, adapt when things
go wrong, or support the forging of consensus” [34] (p. 27). For this reason, we argue that
helping people imagine unexpected outcomes and unrecognized choices—whether that
be a fire far more deadly than any that have preceded it, the perverse consequences of a
well-intended policy, or new ways to gain agency in the face of novel change—may be the
most important outcome of an explore-then-test modeling approach intended to support
collaborative planning efforts among diverse stakeholders.

5. Conclusions

The complexities and ambiguities of WUI wildfire risk management challenge exist-
ing institutions of land development, biodiversity conservation, and wildfire risk gover-
nance [6,7,44]. We used a coupled-systems model to explore how fire affects, and is affected
by, the interactions of biophysical processes and human decisions in spatially and tempo-
rally explicit representations of real landscapes. We applied the modeling system within
a participatory, alternative future framework to demonstrate how the generation of large
number sets of alternative futures, including within individual scenarios, provided the
capacity to assess the performance of different risk mitigation strategies across a wide range
of future wildfire realizations. In particular, were able to reconstruct a singular extreme
wildfire, deconstruct the factors that allowed it to occur, and identify mitigation actions
that could have efficiently reduced the risk of such a disaster. Our analysis further revealed
unexpected, stabilizing feedbacks from treatment costs that reduced the effectiveness of
policy responses to risk, ostensibly increasing the likelihood that a disastrous wildfire could
occur even in the face of signals of increasing risk.

Models like ours necessarily simplify real life but are becoming increasingly realistic.
With fewer computational limitations, modelers face key choices of maintaining canons of
simplicity and parsimony versus increasing model complexity and realism. More realistic
simulations of the mechanisms and couplings, through which change occurs in actual
landscapes have costs, including the potential loss of transparent connections between
model assumptions and outcomes, and the data, skills and resources needed to customize
the model in new locations. But greater realism may make these models more valuable to
planners and residents who make and implement multi-faceted management decisions,
and who will live with the consequences. In this sense, our work is fundamentally about
the creation of transferable tools that can be adapted and applied in many local and regional
contexts where increasing human settlement intersects with unprecedented disturbances.
Such simulation modeling systems may be critical for developing societal adaptive capacity
under no-analog futures characterized by deep uncertainty in diverse WUIs around the
world that face common challenges requiring local solutions.

Importantly, the modeling system characterizes uncertainty and variability, allowing
users to explore and test the effects of chance events and historical contingency within and
across scenarios over hundreds and even thousands of individually simulated futures. To
increase the likelihood that these quantitative lessons stimulate action, we argue that the
modeling system should be designed to generate narratives and landscape visualizations
that make complex processes and outcomes visible and understandable in the context of the
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lived experience of the people who inhabit, manage, and make decisions about fire-prone
WUI landscapes.

Given the global imperatives of WUI wildfires, participatory simulation modeling plat-
forms that help communities explore and craft local land management strategies [46,137]
are urgently needed. Systems that simultaneously help build a body of transferable lessons
for fitting solutions to specific socioecological contexts are particularly valuable. The need
may be particularly acute given the wicked problems posed by wildfires [138,139], in which
diverse WUI landowners must collectively grapple with the interactions of novel climate
change, population growth, and conservation imperatives—situations where solutions are
highly context-dependent and simple resolutions are unlikely.
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