ABSTRACT

ROBBINS,ZACHARY JAMES. InteractionsAmongClimate, Disturbance, an&orestswill
ShapeFutureLandscapegqUnder the directionf Dr. Robert Schellgr

Forests store approximately half of all terrestrial carbon andracel to global
biogeochemical cycles suels water, nitrogen, and carb@nkey component of mitigating
carbon emissions and climate change is the preservation okfbtestiscapes and reforestation.
Forests additionally provide other valuable ecamysservices, such asater purification and
retentionair purification, as welas timber, food, and medicin€orests, and their ecosystem
services, are often fundamentally structured by disturbance events such as fire, drought, and
insect outbreaks. Digrbances are discrete events that alter the structure and function of an
ecological system, on a scale relevant to its organization. These disturbances are an endogenous
part of forest succession and have resulted in the evolution of unique assembépgesesfthat
rely on disturbances to persi€imate change alters the intensity and severity of disturbance
regimes away from historical conditions. This alteration occurs either directly through changes to
underlying processes that lead to disturbanwdedirectly through changes in the composition
and response of forests experiencing the disturbance. Disentangling these interactions requires
separating out the underlying processes that drive disturbance (to the extent possible) as
phenomena are likelp be novel and nelinear under future conditions.

Humans are interlocked to and interspersed within the disturbances regimes of forests and
therefore need to understand how they will behave in the future and what role humans will play
in shaping themDisturbances can have a wide range of negative economic and societal impacts
on forest resources and the communities adjacent to them. As urban areas expand further, we
will need to continually assess both 1) how we alter disturbance regimes and&gtufrem

their impacts. However, our ability to manipulate disturbance regimes can also restore historical



ecosystem function, and increase the resilience of forests to change. For these reasons, forest
managers, policy makers, and society at large gaedtifications and forecasts of our

interaction with forest disturbancén this dissertation, | am to improve our ability to quantify

and forecast forest disturbances and their ecological impact. This centers around interactions
among climate, disturbag, society, and forests. | analyze this two forested landscapes; the first
is the Mediterranean mixed conifer forests of the Sierra Nevada in California, United States. In
the Sierra Nevada, | focus on understanding the role warming, drought, and domaitation

have in amplifying outbreaks of the bark bedilendroctonus brevicomiand how these
interactions will play out under future climates. The second study area is the Southern
Appalachian Mountains in the states of Georgia, Tennessee, Nodin@aand South Carolina,
United States. This area consists of humid mixed hardwood forest, historically maintained by
frequent lowintensity fire. We investigate how the fire regime interacts with the novel
ecosystem created by modern fire exclusiony hdure climate will impact this fire regime, and

how human management may shape the fire regime in the future.
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1
CHAPTER 1: Warming Increased Bark BeetleInduced Tree Mortality by 30% During an

Extreme Drought in California

1.1 Abstract

Quantifying the responses of forest disturbances to climate warming is critical to our
understanding of carbon cycles and energy balances of the Earth system. The impact of warming
on bark beetle outbreaks is complex as multiple drivers of these eventespagd differently
to warming. Using a novel model of bark beetle biology and host tree interactions, we assessed
how contemporary warming affected western pine beetle (Dendroctonus brevicomis) populations
and mortality of its host, ponderosa pine (Pipaaderosa), during an extreme drought in the
Sierra Nevada, California, United States. When compared with field data, our model captured the
western pine beetle flight timing and rates of ponderosa pine mortality observed during the
drought. In assessirge influence of temperature on western pine beetles, we found that
contemporary warming increased the development rate of the western pine beetle and decreased
the overwinter mortality rate of western pine beetle larvae leading to increased population
growth during periods of lowered tree defense. We attribute a 29.9% (95% CI:-29.2%)
increase in ponderosa pine mortality during drought directly to increases in western pine beetle
voltinism (i.e., associated with increased development rates of westerbeetle) and, to a
much lesser extent, reductions in overwintering mortality. These findings, along with other
studies, suggest each degree (°C) increase in temperature may have increased the number of
ponderosa pine killed by upwards 0f86% °C-1 if the effects of compromised tree defenses
(15-20%) and increased western pine beetle populations (20%) are additive. Due to warmings

ability to considerably increase mortality through the mechanism of bark beetle populations,
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models need to considerclim®@ 6 s i nfl uence on both host tree
population dynamics when determining future levels of tree mortality.
1.2 Introduction

Tree mortality has increased rapidly across the Western United States in recent decades
(Hicke, Meddens anddlden, 2016; Fettig et al., 2021) and represents a large potential release of
carbon to the atmosphere?3 Tg C yearl) that needs to be considered in projections of future
carbon emissions (Hicke et al., 2013). Disturbance regimes of forests hayalikady
changed due to warming climate (resulting in increased area burned by fire, increased wind
severity, more extensive droughts, and outbreaks of certain insects), and thus have reduced forest
resilience and the ability to provide continued ecosystervices (Seidel et al., 2016). Forests
experiencing altered disturbance regimes may shift into chronic disequilibrium, preventing the
ecosystem from returning to its prior state (McDowell et al., 2020; $8amet al., 2018). The
resulting losses fromroductivity shifts may cause forests to act as carbon sources to the
atmosphere for decades (Dore et al., 2008). However, intensified disturbances may lead to
replacement of susceptible tree species with those more adapted to current and future climates,
leading to increases or decreases in the productivity of forests long term (Reyer et al., 2017).
Therefore, a mechanistic understanding of interactions among climate, forests, and disturbances
is necessary to plan forest management actions and to foeffeatd of climate change on
biological systems.

Bark beetles are a major cause of mature tree mortality in many conifer forests
worldwide, with up to two percent of bark beetle species capable of landswapeutbreaks
(Bentz and Jonsson, 2015; Ra#fa a | . | 2008) . Many of these are

bark beetles, those that can kill live hosts. During outbreaks, aggressive bark beetles kill host
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trees through synchronized mass attacks mediated by aggregation pheromones by chewing
through tte bark to feed and reproduce in the subcortical layer (Raffa et al., 2008). Under most
conditions, host tree defenses constrain bark beetle populations at endemic levels, but conditions
such as drought facilitate bark beetle attacks on béttemnded anthrgerdiameter hosts

(Boone et al., 2011). Such hosts yield exponentially more bark beetle offspring, resulting in
positive feedbacks that lead to more widespread bark beetle outbreaks (Raffa et al., 2008).
Outbreaks collapse when bark beetles exhauseptible host pools, or when acutely cold
temperatures or predators and parasitoids collapse bark beetle populations (Wermelinger, 2002,
Sambaraju et al., 2012).

Understanding interactions among climate, forests, and disturbances is crucial to global
vegeation dynamics as climate change is expected to increase tree mortality attributed to bark
beetles in midatitude conifer forests over the next century (Weed, Ayres, and Hicke, 2013).
Quantifying bark beetle outbreaks and their sensitivity to climatenbesacreasingly
important as bark beetles spread to higher latitudes and new locations (Weed, Ayres, and Hicke,
2013). Climate change may disrupt bark beetle and host interactions, changing rates of host tree
mortality through several mechanisms. Firsiyming may reduce the time required for bark
beetles to develop from eggs to adults and reduce levels of overwintering mortality; these
dynamics may increase their population success and thus increase tree mortality (Bentz et al.,
2010). Second, increasddought frequency and intensity under climate change may alter
interactions among bark beetles and hosts (Williams et al., 2015). Regional drought often acts as
a catalyst for bark beetle outbreaks, as wstiesssed trees have lower rates of growth and
cabon assimilation, which may compromise host defenses (Kolb et al., 2016) and result in large

amounts of tree mortality over short periods of time (Fettig, 2019).



Many challenges exist in attempting to model these interactions. First, warming
temperatures can have complex effects on bark beetle populations. While warming may aid in
host procurement by increasing voltinism (the number of generations within a year) (Bentz et al.,
2010; Raffa et al., 2015), warmer temperatures can also resudiadaptive life cycles in which
the bark beetleds flight synchrony is disrupt
seasonal temperatures (Lombardo et al., 2018; Bentz et al., 2010). Second, modeling the
transition from endemic to epidemic stagd bark beetle populations in a manner that captures
both highseverity outbreaks and recovery of tree host populationsopitisteak is difficult
(Raffa et al., 2008; Huang et al., 2020). This is because dynamics between host and beetle
populations aré@ighly nonlinear and small uncertainties in initial condition or parameterizations
can cause a large difference in the timing of the transition from the endemic stage to the
epidemic stage (Raffa et al., 2008). Finally, interactions between bark beetleseahosts can
be altered by changing climatic conditions, affecting both bark beetle population dynamics
(development and mortality) and host tree defenses. For example, warming can exacerbate the
effects of drought, further compromising host tree defenand increasing beetle attack success
(Franceschi et al., 2005; Kolb et al., 2016).

Vegetation models often assume that bark beetle attacks are contained within
background mortality or arise from the plant vulnerability under stressed conditiongy(etuan
al., 2020; Fisher et al 2015). These models may miss the timing and severity of tree mortality, as
each measure (tree host defense and bark beetle populations) responds to climate differently with
highly nonlinear interactions. Accurate forecastdafk beetlanduced tree mortality should
therefore account for the influence of climate on both populations of bark beetles and the

defenses of host trees (Anderegg et al., 2015).
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Much work has been done to forecast bagktleinduced tree mortalityyousing models
that simulate the temperatedependent development and mortality of bark beetles (Bentz and
Jonsson, 2015). These models can capture beetle population responses to climate and allow for
forecasting of annual and decadal fluctuations in basgkle populations under future climates.
The PHENIPS model of European spruce beetle (Ips typographus (L.)) (Baier, Pennerstorfer,
Schopf, 2007) has been shown to effectively capture bark beetle flight and development. This
model has been used to estiendite number of beetle generations annually in various efforts to
assess the response of beetased tree mortality to warming and drought (Seidl et al., 2007;
Seidl et al., 2017; Netherer et al., 2019). PHENIPS relies on the cumulative sum of degree day
since April 1st to track development stage and the number of European spruce beetle
generations. Tree mortality and damage is calculated as a function of the number of beetle
generations (Seidl et al., 2007). Bark beetles develop as a cohort withenehgst, and all
disperse once the conditions necessary for development and flight are met. However, treating
bark beetles as a single cohort may fail to capture the phenological asynchrony that can occur
within host trees or at the landscape scale whiah i@ad to diminished attack (Lombardo et al.,
2018). Furthermore, treating a whole generation as synchronous may fail to capture the effects of
temperature on the mortality and development of various life stages of the bark beetles.
Individuatbased modslof the development of mountain pine beetle (Dendroctonus ponderosae)
have illustrated that nelmear effects of temperature on the development of different life stages
can mediate bark beetle population success (Régniére et al., 2012). This worksghegestd
for life-stagespecific phenological details and overwinter mortality rates (Régniere et al., 2012).
However, individuabased models often are too computationally intensive to be applied at larger

scales. Integral projection modelsused focdboa st i ¢ rate simul ation ¢

an
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advancement through the crucial stages of development with associated variability at a
reasonable computational cost (Powell and Bentz 2009, Goodsman et al., 2018). As far as we
know, however, no modelsalie accurately incorporated this level of bark beetle phenology and
mortality with stresslependent host defense into a single model (Huang et al., 2020).

In order to quantify the impact of climate warming on bark beetle population dynamics
and the resultig tree mortality, we tested the contribution of two mechanisms influenced by
warming temperature (voltinism and overwintering mortality) on levels of host ponderosa pine
(PP, Pinus ponderosa) mortality in the Sierra Nevada resulting from western plae beet
outbreaks (WPB, Dendroctonus brevicomis) during the Zmi5 drought in California. We
devel oped a model of bark beetl esd devel opmen
defense, comparing historical and contemporary temperature cases ancehuosttiaéty when
tree stress was held constant. Specifically, we aimed to test two hypotheses: H1) higher
contemporary temperatures increased WiRRIced tree mortality during the drought ; H2) the
higher tree host mortality results primarily from shokdPB generation times (increased
voltinism) and not overwintering mortality, as the winter temperatures are not low enough to
cause significant mortality of overwintering WPB.

1.3 Methods

1.3.1 Study area

Our study area encompasses the Eldorathmislaus, Sierra, and Sequoia National
Forests, Kings Canyon, Sequoia, and Yosemite National Parks, and areas of the Sierra Nevada
among them in California, United States (Fig. 1). To differentiate the spatial variability in
climate conditions, the tdtatudy area was divided into North and South regions along 37.5°

latitude (approximately the midpoint) and two elevation bands, determined by the 90th percentile
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of the host PP range as estimated from the USDA Forest Service Forest Inventory and Analysis
Program (hereafter FIA, Bechtold and Patterson, 2005) (Fig. 1). These are hence referred to as
the four subregions.

This area is classified as Sierra Nevada mixed conifer consisting of predominantly of PP,
sugar pine (Pinus lambertiana), incense cedalocedrus decurrens), canyon live oak (Quercus
chrysolepsis), California black oak (Quercus kellogii) and white fir (Abies concolor). PP are
found at elevations from 400m, representing the lowest elevations of the mixed conifer forests of
the western slapof the Sierra Nevada, up to 2,200m. The Stanislaus Tuolumne Experimental
Forests (located near the center of our study area, at an elevation f9B880) receives on
average 940 mm of precipitation, more than half falling as winter snow (Adams, Loagtry
Plaugher, 2004). Precipitation is seasonal, generally with an extended dry period during the
summer (JuneSeptember) and cool, moist winters typical of a Mediterranean climate type. Air
temperatures range frofi° to 7 °C during January and 6° to 27 in July.

During 20122015, an extreme drought initiated bark beetased tree mortality
throughout the study area. This drought was among the strongest on record for California and has
in part been attributed to climate warming characterized bytd\potential evapotranspiration
(Williams et al., 2015). While tree mortality was widespread throughout the central and southern
Sierra Nevada, it was not uniform either spatially or by tree species and tree size (Fettig et al.,
2019). PP suffered thedfiest levels of mortality, primarily due to the multivoltine (multiple
generations yf) WPB, for which PP is the only host in the region. In some areas, mortality of
PP exceeded 90%, with greater mortality observed in larger PP size classes (> 31.8 cm dbh
diameter at 1.37 m in height) (Fettig et al., 2019).

1.3.2Model Description
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We constructed a combined model of bark beetle phenology, population dynamics, and
attack on trees to test the contribution of warming on WPB outbreaksl (EigApp. A. As an
overview of the process, the first aspect of this is an insect mortality and phenology model
(IMAP) which uses daily minimum and maximum temperature to calculateatibal
temperatures and calculates WPB growth based on the vital rates of five deeriepages
(Goodsman et al., 2018). It further calculates WPB behaviors such as oviposition and flight
initiation for a WPB population. We parameterized IMAP using published phenology of WPB
and validated its performance against field data on flight graimd obsevations of WPB
biology (Table AL, App. A). We incorporated IMAP into the tree death and insect attack model
(TDIA). The TDIA accounts for the number of bark beetles in flight, the number and size of
hosts available, and the drought state duaimigily time step to determine the likelihood of tree
death. When bark beetles successfully kill a tree host through attack, a proportional number of
new egglaying adult WPB are introduced into the IMAP beetle population model. The TDIA
was parameterizdohsed on field data of tree stand-atjeicture and composition (and tree
mortality), along with measured drought surrogates, and validated against the FIA record of tree
mortality. Lastly, we ran the combined IMAP/TDIA model under contemporary and hadtori
temperatures to understand how an increase in temperature impacted WPB development and the
ultimate level of host tree mortality.

The WPB life cycle includes eight stages: egg, four larval instars, pupa, teneral adult, and
finally adult (see Miller andKeen, 1960 and the references therein). As adults, WPB aggregate
and mass attack; if successful, adults oviposit in egg galleries constructed in the phloem (inner
bark). Once the eggs hatch, emerging larvae feed outward towards the outer bark. In the late

larval stages, particular temperature thresholds are necessary to begin pupation (the
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transformation into adults). Before emerging
the teneral adult stage. Under bark temperature plays a role in detgiime rate of
development, while external temperatures play a role in the timing of emergence and flight
synchrony (Miller and Keen, 1960; Gaylord et al., 2008).

1.3.3Insect mortality and phenology model (IMAP)

In order to accommodate the differencensn air and under bark (phloem)
temperature, we use a statistical model to estimate phloem temperature from air temperature
(minimum and maximum daily) (sé@p. A). The statistical model is based on previous phloem
temperature models (Lewis, 2011; Poveeitl Bentz, 2009), interpolating between the maximum
and minimum temperature using a sine curve and then corrects for the difference between mean

air temperature and mean phloem temperature. Specifically,

Yy

R P , (1)

where—is the discretized circular angle in radians, which can be one of 7 regularly spaced
values in the set{-, -, é“ h—} following the cycle from daily minimum to daily

maximuntVy is the daily temperature range ands the mean daily temperature. The constants

I and are regression parameters relating phloem and air temperature ptThmse

function considers the perio@fiveen minimum and maximum temperatures of the first day and
then the maximum temperature of the first day and minimum temperature of the next day,
generating eight threleour periods for which the daily median rate of development is calculated.
The media rate of development for WPB ijRs calculated based on a temperature and -stage

dependent rate equation (Hilbert and Logan, 1983) as follows:
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whereRy is a parameter scaling the development rate at temperdjuoe (levelopment staie
The minimum development temperature (°C) in the stagjg the maximum survivable
temperature at a given stagdis The parameteils andd; are estimated shajparameters. The

stochastic ratej, at a specific time steptj, is assumed to follow a lognormal distribution with

median rateRi(T(t)), given ineq.2 as follows,

ninh —10 : 3

where

dEY YO o,

Gs? is the scale parameter in the lognorrT4t) is the temperature during the time step, and the
aging increment for a particular individual during the time intervglgst The distribution of
developmental ages across individuals at the next timesstgyalated based on the distribution
of rates at the current time step (eq. 3) and the current distribution of developmental ages using
convolution.

Overwintering mortality of WPB larvae is based on the coldest winter

temperature (°C) for a given yeahd& surviving larvae) are calculated as follows,

VR @

wheren; is the number of larvag, and areparameters fit to empirical dat@nd Tmin is the
minimum winter temperature(°C). Overwintering mortality for the other WPB life stages is

defined as threshold temperatures below which a proportion of the population is removed.
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After WPB reaches adulthood, a proportion of the adult population takesdtigach

time step, based on the daily maximum temperature. The proportion of the population to take
flight (Pr) was determined by a nonlinear function (McCambridge,1971) defined as,
0 @ Y ®'Yh (5)

where T is the maximum daily temperature (°G)sRhe proportion of the WPB population to
initiate RO ilgigze® vehandeldv ard above set breakpoints for minimum and
maximum flight temperature and, xi, X are estimated from empirical data. See Goodsman et
al. (2018) for a more detailed description of IMAP.

1.3.4Tree defense and insect attack model

The tree defense and insect attack (TDIA) model determines attack success rate based on
host tree density for different host tree size classes, the attack preference of WPB for host tree
size classes and the impact of drought stress and tree size orfeasedWe divided PP into
twosizeclasses(®1. 8 and >31.8 c¢cm dbh) due to WPBOGS
(Fettig et al., 2019, Stephenson et al., 2019), and based on da@|is@¢ that showed clear
differences in mortality between these size classes of PP. We did not consider PP < 10 cm
dbh as they generally would not serve as hosts for WPB (Miller and Keen, 1960, Fettig et al.,
2019). The WPB that successfully colonize PP become the parents in the next generation within
the IMAP modé WPB that do not successfully coloniad’P die.

Once WPB reach flight, as estimated by IMAP, their likelihood of successful attack is
calculated based on the density of PP, the amount of drought stress experienced by PP, and the
density of WPB in flightt a given time. If we begin with the mean expected number of

successful attacks per P@3 )Y as follows

(I) — (6)
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whered is the density of WPB iflight (beetles/ha) attracted to a given PP host clas$ aad
the potential number of hosts (PP/ha) in each host size class. The approach for calgusating
discussed below in equations {1121). We assume a spatially implicit representation qfetsal
efficiency to determine the fraction of the WPB population that can successfully attack
susceptible PP. Specifically, the tekmepresents the aggregation efficiency of WPB to attack
PP, accounting for some amount of WPB loss during dispersalanelgation.

Given the expected number of WPB attacks perd®R the resulting rate of tree

mortality,”O ¢ N , is calculated as follows
O-Nd  —, (7)

wheres is the critical number of attacking WPB needed to overcome a single PP's defenses and

L1 "O+ N®) 1. The remaining PP host density is calculated Heviis,

0 0O p OeNw . (8)
The resulting WPB parentd ( ) from this attack for each PP size class are represented as
follows,
0 «0 70N 8 9)
The resulting parents of each PP size classes are combined and used in the IMAP model to
initiate the next WPB generation.
As stated in eq. (7)s is the critical number of attacking WPB needed to overcome a
singl e PP 6-sincreasdsgtre prebabilik sf PP survival increases and the WPB in
flight become ineffective in reproducing. We relatednd the influence of drought and PP size

asa logarithmic equation

=4

e 1 16 1 (10)
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wherd represents a baseline number of WPB needed to kill a Péftects the
influence of dought on stress ; andf is the reflects the influence of the PP size cl8ps (
(binary 1 or 0). Parameterization of equation (10) is described furtiAgpnA. The influence
of drought on PP stress,, for each time step is theyar standardrpcipitation index

calculated as

0 :
(11)
where' and, are the mean and standard deviation of tgear rolling sum of
precipitation (cm) for the period of 192805, calculated for each site apd is the

sum of precipitation (cm) in the previous 4 years. Sge. A for more irfformation.

We included a suinodel to calculate the number of WPB drawn to each PP size classes.
We found further evidence for this decision in our tree mortality dgip.(A). Before the
drought, the mortality rate of large PP to insects or droughtivast half that of small PP to
insects or drought; however, during the drought, the mortality rate of large PP waisne3.
that of small PP (Fig. 3). To accommodate this, we calculated the proportion of WPB that
attack the larger(preferred) PP sizessll) as

O O.Nw , (12)

where"O « Nw is the rate of mortality (in proportion of host trees), if all WPB were to attack
the preferred sizecld§si s an esti mated Iparameter, and O
The number of WPB that attack the larger PP size class is calculated as follows,

®» 00 , (13)
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whereby is the total number of WPB in flight. The number of WPB that attack the

smaller host size class (less preferred) is calculated as follows
O O O. (14)
These are used bsfor each size class in equation (6).

1.3.5 Data description

Daily climate drivers (precipitation (cm), minimum temperature (°C) and maximum
temperature (°C) were gathered for each study area from DAYMET (Thorton et al., 2014) for
20012018, with the first five years used to initialize the modgg. A). Initial tree density
(20052006) and tree mortality data (20@018) used for model initialization and calibration
were derived from FIA plots within our study areApf. A). PP density per plot was aggregated
to represent the density at a given diametesscin each patch using the plot level adjustment
factors and was then scaled to a per hectare basis. Data frol@@D®%ere used toalculate
initial conditions for the stands in 2006, using the mean demsiy. (A).

To calculate tree mortality, wedkated the host species and only kept entries for which
mortality was linked to insects or droughtgFA2). We included both mortality that was
classified as drought or insect as the FIA dataset does not specify mortality attributed to WPB.
Without a cear method of attribution in individual plot level data, it was necessary to attribute
all PP mortality to WPB, which may overestimate the total amount of WPB mortaétyig et
al., (2019) determined that 89.8 % of large PP (> 31.8 cm) and 77.0 %albdrsnost PP (10
31.8 cm) were killed by WPB. We observed a very similar pattern in thdo&sad mortality
data to those of the more extensively censused plots of Fettig et al., (20p9) . Given
WPB is not known to colonize trees after death dieer bark beetles, we assumed that all PP

colonized by WPB were not killed prior to attack (Miller and Keen, 1960; Fettig et al., 2019).
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While there were other bark beetle species killing during the drought event, a vast majority of PP
mortality throughat the region during the drought were attributed to WPB (Fettig et al., 2019).
1.3.6Model calibration

To parameterize the IMAP model, we synthesized data found in Miller and Keen (1960).
This seminal work provides summaries of many studies conductibe bySDA Forest Service
and others on the ecology and management of VVAPB.(A). The data presented provide
estimates of the development rates for eggs, larvae, late larvae, pupae, teneral adults and adults
under various temperatureSpp. A). Miller andKeen, (1960) also provides mortality thresholds
for different life stages of WPB and average population statistics on background brood mortality
necessary for simulation.

We used a Markov Chain Mon€arlo sampler to parameterize TDIA against the
observedree mortality (N = 45,000 model rungp. A). We used a multivariate lognormal
proposed distribution based on a-predel sampling run. For the TDIA parametées ,T T
} )estimates of mortality were determined using the attack model andiballparameters.

Within the attack modek determines the aggregation effectiveness of the WPB to PP (eq.

6).] ,I ,I determine the defenses of trees in relation to drotightafid tree size clas$ ()

(eq. 10). The parametgrdetermines the relative influence of the size class preference (eq. 12).
Parameter values that resulted in less than biologically feasible WPB successful attack numbers
were also removed (< 500 WPB attacking the larger host size class). A range wasdpi@vid

the parameters of the initial population of endemic WPB, calculated from survival rates and
flight records.

1.3.7Model Validation
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We validated WPB rate of development and flight initiation by comparing modeled runs
with field capture data. We coraped IMAP projections against WPB flight data for a research
site (Eldorado National Forest) containing multiple traps within our study area (Hayes, Fettig,
and Merrill, 2009). The model was run using the minimum and maximum daily temperature
drivers for he area and time surveyed and compared the relative flight for the days in which
capture data were available. Model runs for flight validation were started the previous fall (Oct
15" to account for overwintering development.

For validation of the TDIA radel, we tested how well the underlying model captured the
dynamics using leavenesite cross validation. We fit the model four times removing one
subregion from each. Next, for each, we predicted the subregion that had been removed and
assessed accuraof/the predictions.

1.3.8Hypothesis testing

To test the contribution of climate warming to PP mortality caused by WPB, we removed
the amount of climate warming observed over the last century and held precipitation at observed
levels. We measured climateamning by finding the difference in the monthly means between
our study period (20602018) and historical conditions (189945) for both the maximum and
minimum daily temperaturédpp. A). The mean for both maximum and minimum daily
temperature was subttad from the observed maximum and minimum daily temperature for
each month.

This new climate driver was then used to test H1 by comparing PP mortality between
historical and contemporary temperature simulations. We further ran simulations wherein either
the development rate of WPB, or the overwinter mortality, was changed to historical conditions.

To test H2, we compared these runs against the contemporary simulations to understand the
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relative contribution of each mechanism. Thé&®Bonfidence intervalfall simulation runs was
used to determine the WHBduced PP mortality difference between scenarios. We additionally
analyzed the mean development rate under each climate driver, and the number of mortality
events for different life stages of the WPB plation App. A).
1.4Results
1.4.1Model calibration

The final acceptance rate for the Mark Chain Mabé&lo sampler was 25.4% and the
greatest autocorrelation was in the which remained above 0.1 for approximately 100 samples.
We thinned the resufig chain to every 100 samples to account for autocorrelation. The model
correctly simulated the temporal pattern of the WPB outbreak at the regional scale, remaining in
the endemic stage (<1 PP killed'h&efore the drought, the building stages(PP Kled hal) at
the beginning of the drought, and the epidemic stage (>10 PP kill¢cfa three years of
drought (Fig. A4). The predicted mortality was able to explain 73% of the variance in the
observed mortality data (Fig.14). The estimated valador each parameter and the 95%
confidence interval were used in the scenario simulations (TableThese parameters
produced tree defense values<dhat are ~30863,000 for the smaller size class and ~550
104,000 for the larger size class (Fig. $a8d with mortality occurring commonly within the
expected range difeetles necessary to kill a tree (Miller and Keen, 1960).
1.4.2Model validation

Our phenology and flight model captures the general timing of annual flight when tested
over three separate years using a Kolmogdgovirnov test. Only one of the traps in any of the
years tested was determined to be significantly different (p > 0.08 @dhar traps tested).

Comparing the mean observed rate suggests we fail to reject the null hypothesis that the
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simulated and observed data are similarly distributed {F3. This suggests good
correspondence between model flight timing and data ¢etlen the field (Hayes, Fettig, and
Merrill, 2009).

In validating the TDIA model using leaaxanesite cross validation, we found the model
captured 91.28 of the variability in the resulting PP population at any time step and captured
70.59% of the variabty in the amount of PP mortality at any time step (R@5). While this is
lower than the initial parameterization rung €0.71 vs R= 0.73) it seems the underlying
method is consistent even with single sabions not included in the calibratiomdathat the
model is capturing the underlying interaction between PP stress and WPB populations well.
1.4.3Impact of warming on WPB population dynamics

Warmer contemporary temperatures increased WPB voltinism as simulated through the
mean rate of developent across the four subregions. During the drought period voltinism
increased an average of 1.46 generations peregjion (~0.36 generationsrwhen comparing
contemporary and historical temperatures (Eiga). At the same time, warmer contemporary
temperatures slightly reduced overwintering mortality (Higtb). Under contemporary
temperatures, overwintering mortality rates of larvae averaged 2.67 % compared to 3.33 % for
historical temperatures (Fif.4b). These two mechanisms resulted in angase in WPB flight
per year during the years of peak PP mortality (E4c). During the contemporary climate
simulations, the number of WPB reaching flight was 35.1% higher at the initiation of the drought
and remained elevated (3748.4%) during therought years when compared to the historical
simulations (Figl. 4c).

1.4.4Impact of warming on levels of WRRused tree mortality
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PP mortality resulting from WPB attacks increased 29.9% (95% CI [290128%4])

under warmer contemporary temperatureswd@mpared to historical temperatures during the
same period (FigL.5). The largest increase in PP mortality aligns with the years where PP
mortality was highest, an increase of 5.86 tre€'schaing peak mortality. Due to the preference

of WPB for colornizing largediameter PP (>31.8 cm dbh), this equates to a loss of ~45.6 % of PP
biomass Fig A16). This result supports our proposed H1. Simulations isolating the mechanisms
(WPB development and overwinter mortality) that could increase PP mortality dluistiact

effects (Fig.1.6). Reductions in overwintering mortality slightly increased PP mortality (6.4%),
while increases in voltinism increased PP mortality by 26.9%. This result supports our proposed

H2.
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Figure 1.1: Study area: California, United States. These fourragions (represented by
different colors) were used in the calculation of climate, vegetation, and tree mortality variables.
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Figure 1.3: Results for calibration runs of the model. A) Average simulated PP mortality due to
WPB (20072018) compared to observed FIA tree mortality data for two PP size classes, small
hosts (1631.8cm dbh) and large hosts (>31.8 cbh); B) Calibration run results for the

amount of PP mortality experienced at each subregion for each time $tegprBsents the
regression between the model predicted values and the actual values from FIA.
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Figure 1.4: Comparison of proportionf flight per time step of modeled runs against field data
from Hayes et al., 2009 for three years A) 2003, B) 2004 and C) 2005. Each plot was sampled
approximately every 7 days. Models were run from the previous fall (Oct. 15th) to account for
the develoment of the prior overwintering generation. Solid grey lines represent individual
traps.
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Figure 1.8 Mechanisms of warming influence on western pine beetle (WPB) populations and
mortality of PP. A) Cumulative number of WPB generations completed in the simulation under
historical and contemporary climate. B) Expected annual mean larval mortality rate unde
historical and contemporary climate. C) Mean number of WPB in flight annually under
historical and contemporary climate. Denoted drought pergfdns to the overlapping years of
meteorological drought (2022015) and lagged PP responses (22D16).
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Figure 1.7: Impacts of warming on mortality of PP attributed to WPB during drought; A)
Simulated PP mortality under contemporary and historical temperatures for two PP size classes,
small hosts (1€81.8cm dbh) and large hosts (>31.8 cm dbh); and B) aiad PP mortality

under contemporary and historical temperatures for the drought andiremrght periods.

Denoted drought yearsfers to the overlapping years of meteorological drought (Zli5)

and lagged PP responses (262416).
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Figure 1.8 The relative influences of separate mechanisms of WPB response to warming on
ultimate PP mortality. Number of PP killed per hectare under four simulations, with altered
climate drivers impacting WPB development and overwintering mortality. Denoted drought
period refers to the overlapping years of meteorological drought (ZIi5) and lagged PP
responses (2012016).



28

1.5Discussion
In our study, contemporary warming increased positive feedbacks between WPB

populations and drougistressed hosts contrilng to the high levels of PP mortality observed
during the drought period (Fi@.5). This affirms H1, that lgher contemporary temperatures
increase WPBNnduced tree mortality during the drougmt.our simulation, the WPB outbreak
began following multiple years of drought as tree defenses weakened and the number of WPB
required to kill individual PP decreased. Warmer contemporary temperatures led to an increase
in WPB population during this peddthrough the mechanisms of increased voltinism and
decreased overwintering mortality) (Fig4), ultimately leading to ~30% higher PP mortality

than under historical temperatures. As WPB attack efficiency decreased, due to the absence of
drought and los of most of the suitable tree hosts, WPB populations returned to endemic levels
(Fig. 1.4).

The difference between the two mechanisms (increased voltinism and decreased
overwintering mortality) suggests that the increasing development rate playetkea igriean
increasing host mortality. This affirms HBat higher PP mortality mainly results from shorter
WPB generation times, as the winter temperatures are normally not critically low enough to limit
WPB populations in the Sierra Nevad&e increasen WPB voltinism accounted for a large
majority of the increase in PP mortality, though a slight reduction in levels of overwintering
mortality of WPB larvae was observed (Figd and Fig 1.6). Further, our results suggest that
only minor increases irhe voltinism (~ 0.36 generations’yy can substantially increase the
population levels of multivoltine species, such as WPB. Of note, both projections of WPB
voltinism (historically and contemporary) are within the range reported for WPB in the Sierra
Nevada (i.e., 24 generations ¥, Miller and Keen, 1960). In our simulations, neither the

contemporary nor the cooler historical winter temperatures were sufficiently cold to collapse



29
WPB populations. This reflects our understanding of WPB population dgsamthe Sierra

Nevada, where historically, only rarely did high levels of overwintering mortality occur (Keen
and Furniss, 1937; Miller and Keen, 1960).

Over the next century, tree mortality from bark beetles will become increasingly
important to forestlynamics (Bentz et al., 2010; Buotte et al., 2017). Bark beetle outbreaks have
increased over the past two decades leading to tree mortality across ~4.3 million hectares in the
U.S. (Raffa et al., 2008; Hicke et al., 2020) and are threatening the #tyitalbslome forests
(Fettig et al., 2021). Many, though not all, of these outbreaks, appear to be driven by warming
temperatures, drought, and elevated host stress, trends likely to increase across the next century
(Weed, Ayres and Hick&013). Our resudt suggest that warming and drought each had unique
effects on levels of PP mortality during the extreme drought event in the Sierra Nevada. We find
that each degree (°C) of mean annual warming across the study area led to an increase in the
number of PP Kied by WPB by ~20% solely through the effect of warming on WPB
populations (study region mean annual temperature increase of 1.4 °C). Similar results could
occur in areas where bark beetle species have yet to hit their developmental maxima (Deutch et
al., 2007). A study of the same tree mortality event (Goulden and Bales, 2019) focused on the
separate mechanism of tree moistsiress (mediated by evapotranspiration.) found warming to
increase tree mortality by ~30% °C™L. This suggests that each deg{¥®) increase in
temperature may have increased the number of PP killed by upward4@¥3%C if the
effects of compromised tree defenses2056) and increased bark beetle (WPB) populations
(20%) are additive. There is a possibility that some pokiathe increase would be host trees
susceptible to both conditions (thus not additive), however given thbnsam effect drought

has on initiating bark beetle mortality events there is a further possibility these effects would
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create a greater thanditive feedback. However, further study would be necessary to determine
that effect. Of note, WPB was not the only bark beetle species causing significant levels of tree
mortality during the drought period, though it alone was implicated in most of theoR&lity

(Fettig et al., 2019). Mountain pine beetle (Dendroctonus ponderosae), for example, killed many
sugar pingPinus lambertianayluring the droughtWhile tree mortality attributed to bark

beetles is an inherent part of many coniferous forestssiebark beetle attacks of the

magnitude observed in the Sierra Nevada can fundamentally shift the ecological function and
structure of these forests (Fettig et al., 2019; Stephens et al., 2018). Further;gpifes

mortality can facilitate foresype conversion (Fettig et al., 2019; Stephens et al., 2018).

Our results suggest an increase in future bark beetle disturbance due to increased
voltinism. Similar simulations dpstypographusark beetles in the forests of Austria found that
the land aea disturbed by bark beetles is projected to increase 684% under a warming of 4°C
(Seidl et al., 2017). Similar increases in voltinism were modeled for the behavior of spruce beetle
(Dendroctonus rufipennjsn Colorado, moving from primarily sembltine (less than one
generation a year) to univoltine (one generation a year) (Temperli et al., 2015). While increases
in temperature may increase the severity and frequency of outbreaks, this may dampen
subsequent outbreaks by severely reducing hosts (Fosier2018).

Our study provides a framework to connect the unique relationships among drought,
vegetation dynamics, and resulting tree mortality for individual host and beetle relationships
(Restiano et al., 2019). Models of future change that considgrcbahges in tree physiology in
response to climate or consider insect mortality as included in background mortality will
misrepresent the mortality on the landscape, as both beetle populations and tree moisture stress

mediate host mortality levels (Andgget al., 2015McDowell and Allen, (2015), posit that tall
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conifers with isohydric traits are increasingly susceptible to increased drought stress; this may be
further compounded when these trees are the preferred hosts of bark beetles. As theseespecies
required to close their stoma earlier during the drought, their ability to continually defend
themselves against bark beetle attack will decrease. This type of dual susceptibility illustrates the
importance of accounting for both the pressure of latigdoeetle populations and the response

of host defenses to the climate.

Our model represents a step forward for mechanistic simulation of bark beetle
populations and the mortality they inflict in tree hosts. Previous beatieed tree mortality
modelssimulated the phenology of beetles as a uniform cohort often at a uniform rate,
calculating the necessary thermal units need to finish as cohort or to initiate flight (Seidel et al.,
2007, Temperli et al., 2015 We feel the inclusion of the stage dependent temperature response
is crucial to determine the temperature response of the beetles to warming, as much of their
successes is determined by the synchrony of crucial life states and not just the accuafulation
thermal units (Bentz and Jonsson 2011, Logan and Powell, 2001; Powell and Logan, 2005).

While our model advances understanding of mechanistic insect disturbances, there are
several avenues for improvement. Dynamics that affect host defenses suclnasttree
proportion, evaporative demand, and the role ofstomctural carbon, which we here have
simplified to a regional drought index-f#ar SPI), all determine host stress (Koontz et al., 2021,
Goulden and Bales, 2019; Huang et al., 2020; Madakumbafa 2020). The inclusion of
addi tional host defense dynamics would I|ikely
where drought is not the dominant driver of host defenses and where there are varied levels of

defense for multiple hosts. Beetle akas often the critical last step in the mortality of conifers;
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however, as seen in field data from Fettig et al. (2019), occasionally severely weakened larger
trees are capable of defending themselves against beetle attack.

Several beetle phenology mdsléave been incorporated within vegetation demography
models to better capture the response of trees to nutrient limitation, forest and host density, and
drought measures (soil moisture, vapor pressure deficit, precipitation, etc) (Foster et al., 2018;
Seadl and Rammer, 2017; Temperli et al., 2015). Many of these use a statistical or hazard ranking
system to simulate tree defense (Foster et al., 2018, Seidl and Rammer, 2017), while others use a
fixed number of beetles necessary to kill a tree (Fahse amicHe2011; Goodsman et al.,

2016). We feel that these approaches are best synthesized through an understanding of the beetle
pressure necessary to kill a tree, as informed by the stress that the tree is experiencing. This
approach provides the opporttynio directly relate bark beetle pressure to measures of host tree
stress already utilized with tree physiology models such as carbon starvation or loss of hydraulic
conductance (McDowell et al., 2013).

Including further bark beetle dynamics could ateprove the ability to track outbreaks.
Incorporating finer scale host and bark beetle densities and beetle migration would improve our
understanding of the emergent properties of outbreaks (Anderegg et al., 2015). The inclusion of
density (both of host @hbark beetle) specific aggregation has been a predictive measure of bark
beetle attack (Powell and Bentz, 2014), and range of aggregation pheromones can help to inform
the migration of bark beetles both to aggregate at tree hosts and deter additiohatbask
when populations within a host are too high (Fahse and Heurich, 2011). We did not include the
presence of antagonists with our model owing to limited data on antagonist in the study area and
because they are believed to play a minor role when amdo host susceptibility in the WPB

and PP system (Bellows, 1998). However, it has been shown to be an important component in
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thelps typographusystem and the inclusion of a more mechanistic density dependent mortality
would likely improve the modeHahse and Heurich, 2011).

Data on beetle processes and history of outbreak is often a limiting factor in beetle model
development. A limited number of bark beetle phenological models are available due to
limitations in our understanding of the ecology ajsnbark beetle species (Bentz and Jénsson,
2015). Additionally, quantifying the indirect effects of climate on the host tree physiology, host
tree distribution and the community of organisms that interact during a bark beetle's life cycle
may be necessaffentz et al., 2010)We included tree mortality attributed to drought or
insects in our calibration data, owing to the uncertainty of attribution in the sampling method by
the FIA. This data overall aligned with the more intensive attribution gathemadHettig et al.,
(2019), and is likely a conservative estimate of PP mortayp(A.). However, the uncertainty
of FIA attribution may overestimate the amount of mortality attributed to WWRB.may
explain the model 6s ©hg moftalitg withirt the smatler teee host sizat e | y
class for the years immediately during the drought ¢&iigt), as these may be records of host
trees succumbing to other causes of death.

Given the projections of future drought globally, tesilience of many forests will likely
decline without intervention to reduce insect outbreaks (Seidl, 2014, Seidel et al., 2017, Pokhrel
et al., 2021). A wide array of tools and tactics are available to reduce the severity and extent of
bark beetle infestions when applied properly at appropriate spatial and temporal scales (Fettig
et al., 2007, Fettig and Hilszczanksi, 2015). Efforts to decrease susceptibility of forest stands
focus on reducing tree densities and increasing tree species and stane@syeedjwhile
landscape management focuses on configuration and composition of susceptible stands to foster

greater disaggregation of hosts to prevent bszade impacts (Honkaniemi, Rammer, and Seidl,
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2020). Reducing tree density is also a prevalemtagament prescription to mitigate more
extensive fire disturbance, although, fire prevention management focuses primarily on the
understory, while bark beetle prevention would require removing hosts in the overstory (Agee
and Skinner, 2005). Limiting thenpact of bark beetles through the increased harvesting of
conifers in some systems may prove ineffective as overall risk increases under a warming
climate and this may have deleterious effects on carbon storage and biodiversity (Zimova et al.,
2020). As sen in the 20122015 Sierra Nevada, the conditions presented by extreme droughts
may introduce highelevel regulation into the bark beet@st system, with high levels of
mortality even under much lower host densities (Koontz et al., 2021). Concertegemsmnt to
mitigate both wildfires and bark beetle outbreaks may require allowing both disturbances to
occur, which will create the condition that prevents them from rising to such extreme intensities
(Hessburg et al., 2019). Prioritization of managemesponses will become increasingly
important due to constraints imposed by limitations in resources, infrastructure, and markets,
among other factors. For example, tree populations at the lower margins of elevational and
latitudinal constraints are likelptexperience higher levels of mortality (as demonstrated for PP
during this extreme drought event, Fettig et al., 2019), and thus these areas likely justify
increased surveillance and management.
1.6 Conclusion

Capturing bark beetle population dynamiggiucial to determining host tree mortality
under drought. We created a framework to examine tree mortality in response to temperature by
including beetle phenology, beetle overwintering mortality and host stress. We found that
contemporary warming incread the development rate of WPB and decreased the overwintering

mortality rate of WPB larvae leading to increased population growth during periods of lowered
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tree defense. Furthermore, warming enhanced the feedback between drought and WPB
populations andnicreased PP mortality in the 202015 Sierra Nevada drought. Due to the
insect and hostspecific nature of herbivory, procesased models need to include climate
dynamics affecting both participants to accurately predict tree mortality levels.
1.7 Data Availability

Data for this analysis or code to run simulations that support the findings of this study are
available from the corresponding author upon reasonable request. Data and code will be
available in online repository prior to publication at

https//github.com/ZacharyRobbins/IMAP_TDIA_ Warming
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CHAPTER 2: Delayed fire mortality has long-term ecological effects across the Southern
Appalachian landscape.

2.1 Abstract

Fire is a critical ecological process to the forests of the Southern Appalachians. Where
fire was excluded from forest types that historically burned frequently, unanticipated changes
can occur when fire is reintroduced. For example, the development dtieksharacteristics
can change the patterns of fire mortality and associated ecological respgantess.the fire
effects of delayed fire mortalityr(ortality initiated by fire that occurs subsequent to the fire
yeal) in the Southern Appalachians, U.S.A, we developed a fire effects model using both field
studies and remote sensing. We then simulated these effects at a laisdat@pe estimate
broader ecological effects. Fire effects models that accounted for detaytdity increased
landscape biomass removaahually(~23%) and increased the higher number of sites with high
light conditions leaf area index 4) when compared to simulations that only account for
immediate mortalityWhile delayed mortality occurdeacross species and age classes, it was
especially prevalent among older trees (>100 years old) anaiitant species (Quercus spp.).
Overall, regeneration (trees < 20 years old) changed very little, even with the inclusion of
delayed mortalityThis evidence suggests that, even when accounting for delayed mortality,
individual fires are unlikely to shift the landscape composition towards the conditions of forests
prefire exclusion and may even increase mesophicationtiemg due to the loss of owtory
dominant
2.2 Introduction

Fire fundamentally shapes biomes worldwide and alters vegetation on an evolutionary

time scale (Bond, Woodward, and Midgely 2005; McLauchlan et al., 2020). In response to fire,
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plants have evolved by adapting their survimadl reproduction to best thrive under these
conditions (Keeley et al., 201 Biodiversity is promoted by fire at the landscape scale as
various stages of disturbance and recovery allow for the persistence of species that may be shade
or drought intoleranfHe and Lamont, 2018F i r e 6s | mpact on ecosystem
community composition can be greater in warmer humid forests where other common limiting
agents such as temperature and moisture requirements are readily met (Bond, Woodward and
Midgely, 2005) In more humid biomes, fire frequency and intensity are not limited to fuel
production due to high levels of primary productivitystead, fire is often limited by fuel
moisture, ignitions, and weather, resulting in a mixed intensity fire regime (Laédn 2017).
Understanding how these fire dynamics shape the vegetative landscape requires us to understand
climate, vegetation, and fire interactions (Whitlock et al., 2010).
Delayed fire mortality is a major source of uncertainty about the ecolodfieaiseof low
or mixedintensity fire regimes in forests. While lemtensity surface fires may initially kill only
a few trees, burned sites may show significant mortality in the years following, sometimes
concentrated within large diameter trees thdiaity survived the fire (Barlow et al., 2003).
Many firemortality models estimate immediate mortality using flame length and bole or crown
damage (Van Wagner, 1973; Rothermel, 1983) but make little inference about the effects of
delayed mortality (Hoodtel., 2018). While a finscale mechanistic understanding of delayed
mortality is advancing (Hood et al., 2018; 06
gaps exist in predicting delayed mor208).i ty an
Capturing delayed mortality is crucial to understanding the ecological structure and
function of the Southern Appalachian Forests of the southeastern United Jtatearea

historically experienced a mixed severity fire regime where infrequghtimtensity fires
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removed the overstory and encouraged regeneration, while frequeintémsity fires
maintained open stands by removing understory competition (Aldritch et al., 2010; Flatley et al.,
2013; Lafon et al., 2017 the 20th century, acte fire suppression by managers was
implemented to protect forests from the damage of wildfires (driven by industrial logging) and
has limited fire size and eliminated a majority of fire (Fowler and Konopik, 2007; Flatley et al.,
2015). Fire spread has ther been hindered by human development fragmenting vegetation on
the landscape and decreasing the capability for fire to spread (due to discontinuity of fuels and
ease of suppression; Duncan and Schmalzer, 2004; Terando et al., 2014; DriscolRig921).
suppression and exclusion has led to a decline in oak and pine recruitment and a rise in
mesophytic hardwoods (Nowacki and Abrams, 2008). These shifts can beceneeéaifing
as species convert the amount of fuel, the flammability of litter cobggsand canopy
structure, ultimately altering the undeginopy wind speeds and solar radiation (He and Lamont,
2018; Kreye et al., 2013). Interrupting the fire regime has resulted in the buildup of a novel fuel,
duff, which when burned can increase rabty by damaging fine and coarse roots (Varner et al.,
2007) and result in canopy decline (Carpenter et al. 202@)er overstory trees, which are
often initially resistant to fire injury, may be particularly susceptible to delayed mortality, due to
dedcd eased vigor and greater root injury (Carpen
2010). Loss of overstory trees to delayed mortality can result in large changebvie tiiemass
of the stand, resulting in far more open conditions (Harrod, Haand White, 2000).

Model simulations allows us to assess the effect of delayed mortality under multiple
interacting factors of topography, soils, climate, and vegetation heterogeneity that may lead to
varied levels of delayed mortality (Jeronimo et2020). We aimed to investigate the influence

of delayed mortality on ecological structure and function of forests in the Southern



51

Appalachians. To do this we parameterized two statistical models: the first from data on
mortality within the first year folleing a fire (immediate mortality) and the second from data on
the cumulative mortality for three years péist (immediate +delayed mortality)lhese models
were trained using remote sensing and field data to simulate relative rates of mdttalitis
were then run within a forested landscape madteke models operate on finer scales than
DGVMs and are designed to capture spatial interactions and to operate at a manegjexnait
scale (Gustafson et al., 20IR)is was used to simulate the fire foeqcy and severity regime of
forests of the Southern Appalachians in north Georgia, USA. We analyzed this model to
investigate the additional effects delayed mortality haléverbiomass, light conditions, and
regenerating species.

2.3Methods

Ourfocall andscape was outlined using Omerni kos
ecosystem of the Southern Appalachians within the states of Georgia, North Carolina, South
Carolina and Tennessee, United States @lg. This area consisted primarily @pland
hardwood forests (Table.B). The elevation in this area ranged from ~ 300 m to nearly 1,600 m.
The area is quite humid through the summer and receives on average ~600 mm of precipitation
annually. Precipitation happens consistently throughout the yeagtHate summer droughts
occasionally occur.

To estimate the relative effects of immediate and delayed mortality on ecosystem
structure, separate models were built from two sets of fire measurement data. The first built from
data measured a single seaaod the second from measurements three years following a fire
(Table2.1, Fig.2.1). Both models were designed for implementation in a forested landscape

model simulation. We estimated cohort (defined as a single age class for a single species)
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mortality by linking these field measurements to remotely sensed estimates of severity. Mortality
from the field sites was calculated as overstory tree death, not including the potential to resprout.
Thus, trees that were observed as dead and then showed basaltiregprere considered in this
mortality. To estimate severity at the landscape scale, we calculated the relative difference in
normalized burn ratio (RANBR) images for the five fires (T&uil¢ included in this study.

RANBR measures the relative diffecenin multispectral vegetation indices as a way to
approximatettie burn severity of a fire (eq2BMiller and Thode 2007). This includes composite
images for lyear and 3years follow the fire to the tree mortality data measured from five fires

in the regon (Table2.1).

To estimate RANBR for projection in the landscape model, we tested multiple models
(hence the sitéevel mortality models) to capture fear and 3year RANBR. For the site level
mortality model, each uniqgue combination of effective wipéesl, and soil clay and soil sand
content and proxies for productivity (evapotranspiration), and drought (climatic water deficit)
were fit to a generalized linear model with a linear normal, log normal, and inverse Gamma
structure and anfomnatisnscetationl{AIC) farkmadellsgedifeation and
parameter selection (Akaike, 1973; See supplemental code for further information)

To parameterize immediate and immediate + delayed mortality model, training (a random
draw of 80% of data) and valiti@n (remaining 20%) sets were separated from each fire dataset
(Table2.1). We parameterized our statistical model of the probability of cohort level mortality
from the sitelevel severity and the individual cohorts expected bark thickness based on their
species and diameter at 1.37 m. Generalized linear models, with a binomial distribution and logit
link, were fit to the training data to predict the probability of death given the bark thickness of

the individual trees and the estimated site level sevékigyassessed the model by the area
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under the receiver operating characteristics (AUC), which provides a single number summary
based on a classifiers performance based on the error rate and performance across categories
(Brown and Davis 2006). We additidlyaassessed both models by using a random binomial
draw of each site condition to simulate the amount of landscape mortality that was suggested
from each data set, for each model fit.

To capture the ecological response to fire we then incorporated badtditponodels
calculations (immediate and immediate+delayed) into the SCRPPLE model of fire regimes
(Scheller et al., 2019) for LANDH v7.0 (Scheller et al., 2007), replacing the prior fire
mortality equivalents. LANDISI represents the landscape asrterconnected grid, simulating
vegetation and disturbance processes within and between cells. Using the Net Ecosystem Carbon
and Nitrogen cohort growth extension (NECN v6.6) incorporates the influence of temperature,
available water, nitrogen and lighised competitions to determine species growth and
regeneration. NECN tracks leaf area index (LAI) and above ground live biomass through
landscape rasters for each yearly time step. The SCRPPLE model simulates the probability of
fire ignition, spread andhe resulting mortality on a daily timestep, based on climate,
topography, and vegetation dynamics. Tree regeneration within the NECN model is simulated as
a function of temperature as well as light and water availability. More information on the
parametedation of LANDISII and the larger fire regime can be found in Appendix 1.

We ran two separate sets of landscape simulations using the immediate mortality and the
immediate +delayed mortality model to simulate the Georgia portion of our study area. We ran
five model replicates for 30 years using random climate drawn from2@9& for each model.

We simulated vegetation regeneration on an annual time step, growth on a monthly time step,

and fire on a daily time step. These annual outputs of fire evenecalagjical properties were
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used to analyze the changes in leaf area index (LAI), and live biomass by age class between
immediate and immediate + delayed mortality. Live biomass by age class was used to analyze
mortality patterns as well as composition ofipg tree regeneration (trees < 20 y/0).

2.4Results

The final site level severity model selected by AIC included effective wind speed, soll
clay percentage, evapotranspiration, and climatic water deficit (B&)lerhis model is in the
form of aGamma distribution with an inverse lingite level mortality and bark thickness were
significant with both the immediate+ delayed and immediate cohort level mortality models (Fig.
2.2, Tabe B3). The selected combined slevelseverity and cohort levainmediate +delayed
mortality modelscored an AUC of 0.7411 when predicting the validationFs@atthe immediate
mortality model, comparing the predictions of this dataset to a validation set had an AUC score
of 0.6382.

Landscape simulations showed subg#d increases in both the live biomass removed
from the landscape per year and overall mortality rates with the inclusion of delayed mortality.
Live biomass removed per time step increased 22.7 % (95% CI: 672% %). This
corresponded with a 63.5%24.572.5%) increase in the stem mortality rate per fire event, with
average mortality rates increasing from 23.7% (22-82%8%) to 38.8%(37.8%-40.2%).

LAI showed significant differences between the immediate mortality and immediate +
delayed mortaty models for both the post fire;year and 16/ear period following a fire event
(Fig. 2.4). Post fire (3years), high light conditions (LAI< 4) increased in timmediate +
delayed mortality simulation from 24.3% of sites to 38.3% of sites, while inatgedhiortality
increased from 21.3% of sites to 25.9 % of sites. Overall neither simulation resulted in sustained

high light condition plots (LAI <4) over the 3ear period with the number of plots decreasing
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in theimmediate +delayed mortality simulatianfrom 24.3 % to 10.1 % of sites and immediate
mortality decreasing from 21.3 % to 5.1% of sifEse immediate mortality model had a much
larger percentage (30.6 % as compared to 19.8 %) of sites in very low light conditions (> 8 LAI)
10-years following he fire.

We compared each species live biomass density after fire induced mortality implemented
using the immediate and immediate + delayed mortality moBgléve biomass, immediate
mortality rate by species ranged between ~B%deda and ~23 % Q. arboreun) and
immediate + delayed mortality rate ranged from ~18%4eda to around ~40%R. virginiang
(Fig. 2.5). The high mortality rate in both models was tH&b0age class even under though
considerably moréve biomass mortality occurred in tl2&-50 and 5675 age classeBlotably
in the 100+ age class, the major ogksnontanandQ. albasaw their mortality rates increase
by ~ 500 % with the inclusion of delayed mortality, however this mortality rate was still less than
15 % of original biomss in both cases and may be due in part to the limited live biomass in this
age classP. strobusalso saw a large increase in the 100 + age class going from near 1%
mortality rate to ~ 15% mortality rate.

Comparison of the composition of young trees @</2ars old) in burned and unburned
sites under thenmediate +delayed mortality model showed several significant differences as
measured by Wilcoxon negparametric test (Fig.6). However, the overall the effect size was
small. The relative species coagition of young trees (as a relative proportion of live biomass)
changed very little in the years immediately after fire and in the 10 years following. Species
thought to benefit from fireQuercus montanaQ alba Q. coccineaQ. montanaPinus.strobus

P. taeda do not seem to make meaningful gains (on average) as a proportion of the relative live
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biomass following fire. Mesic species likeer rubrg Liriodendron tulipiferg seem to have

benefited from the return of fire (Fig.6).
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Table 2.1: Fire events; Year of occurrence and measurement, and classification within

model framework.

Fire (event name) Location Year Measured Mortality Class

Sunrise North Carolina 2008 2009 Immediate
(U.S))

Rough Ridge Georgia (U.S.) 2016 2017 Immediate

Rock Mountain Georgia/North 2016 2017 Immediate
Carolina (U.S.)

Linville Complex North Carolina 2007 2010 Delayed

(Pinnacle + Shortoff (U.S.)

Fires)

Rough Ridge Georgia(U.S.) 2016 2019 Delayed

Rock Mountain Georgia/North 2016 2019 Delayed

Carolina (U.S.)
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South Carolina

Alabama

Figure 2.1: The Southern Appalachian study area, the Gequgréion used for simulations and

the location of the fires used in this study.
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SCRPPLE fire model
(Scheller et al., 2019)

Historical fire patterns 1

sucession
Regeneration
Harvesting

Ignitions records
Climate records
Fuels maps

Landscape simulations

Figure 2.2: Workflow overview of the fire mortality simulations. This highlights the different
data used in parameterizing the model. It additionally shows how the model interacts with the

SCRPPLE and LADIS-II models. ltalics represent model variables.
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Figure 2.3. The probability of mortality at given values of site level mortality for A) the
immediate + delayed mortality model and B) the immediate mortality model. Dashed lines
represent thstandard error of the predicted mealdack dots represent the status (alive/dead)

of individual trees following a fire at the time census in the field studies.
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models.
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Figure 2.5: Average species composition ites that experienced fire by age group prior to fire

and simulated with immediate or immediate + delayed mortality
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Figure 2.6: The relative landscape proportion biomass of tree cohorts younger than 20 years
(portion of total < 20 year oldiomass), of the 10 highest biomass species (Supp. 1) in sites
burned in the immediate + delayed mortality model when compared to the landscape mean.
Significance noted as 6nsé: p > 0.05, o6*606
<= 0.0001 Data points represent measured years across simulations. Species are Acer Rubra
(A.Rubra),Liriodendron tulipifera (L.tulipfera)Oxydendrum arboretum (O. arboreturRjnus
strobus( P. strobus ), Pinus taeda (P. tae@®ayus virginiana(P. virginiana YQuercus alba (Q.

alba ), Quercus coccinea (Q. coccineg)uercus montana (Q. montan&uercus rubra (Q.

rubra).
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2.5Discussion

Our study suggests that measures of fire severity that only account for mortality
immediately posfire (up to 1 year) may gnificantly underrepresent the actual mortality and
thus the longerm ecological impact of fire. When simulated across a wide range of climate,
vegetation, and soil conditions in the upland forests of the Southern Appalachians, the inclusion
of delayed mdality resulted in a ~24 % to ~ 40% increase in the number of stems killed in fire
events each yeawhile neither simulation sustained high light conditions (<4 LAI) 10 years
following a fire,immediate +delayed mortality resulted in a longer periochigfh light
conditions, which should allow for a greater regeneration by-sadgessional plants on the
landscape.

However, while themmediate +delayed mortality model removed more biomass and
increased stankkvel light in our simulations (Fi@.4 and 2.5), our results suggest that the
current fire regime of the Southern Appalachians does not alter forest regeneration patterns at the
landscape level (Fi@.6). The primary reason is because conditions-ficsbften favor the
reestablishment of more mespecies, and often fail to create the conditions necessary for xeric
regeneration. On average, fires only resulted in ~18.3 % reduction in standing biomass in trees
over 20 years old, which may not be sufficient for xeric regeneration, or these canditgrbe
short lived (Fig2.4., Fig2.5.). The quick rebound in LAl is further facilitated by rapid
resprouting. Six of the ten most dominant specieble BJ in this study can resprout following
a fire (even if not resistant to fire), allowing them st into the next generation after these
low-intensity surface fires.

Our results mirror other fieldased studies that show that repeated fires are needed to

shift the community to a more piwak dominated landscape and optimal recruitment
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environmen{Brose, Schuler, and Ward, 2006; Blankenship and Arthur 2006; Hutchinson et al.,
2012).Single fires (both wild and prescribed), may foster regeneration of oaks, but also increase
the density of mesic species through vigorous resprouting even in thef tagill (Reilly et
al. 2012, Hagen et al., 2015, Keyser et al., 20A/8quent fire occurrence is likely to be
necessary to confer advantage. Fire regimes in the southern Appalachians historically maintained
low densities, rather than frequently newplio reestablish them (Lafon et al., 2017). It therefore
logical that fire would have different effects when applied to this landscape, and that merely
restoring the regime may not be sufficient to reach the desiredMtatiple fires may do more
to edablish saplingage oaks as compared to unburned stands, but this may also only lead to
modest changes in the tree community composition resulting in landscapes akingggietion
state in unless short fireturn intervals are continued (Keyser et 2017).

While the rate of recruitment is a crucial determinant of species composition, it must be
weighted equally with the persistence of individuals (Bond and Midgley, 20b&)elationship
with reproduction and the longevity of a species is a crasiaéct of their fire adaptation, as
species that persist in the mature stage longer have a greater number of opportunities to
successfully regenerate (Bond and Midgley 2001, Brose, Dey and Waldrop 284ddeled,
delayed fire mortality increased the radity of older fireresistant trees (Fi@.5). This suggests
that fire exclusion across the last century has perhaps lowered the fire resistance of the
ecosystem as a whole (as posited by Carpenter et al., 20@0)pss of older fir@adapted trees
(Q. albaandQ.montana during the reintroduction of fire may further accelerate the pattern of
mesophication, resulting in a reversal of the anticipated historical fire effect, that fire would
preserve or increase the presence of these sfeae2.5. Mechanical removal coupled with

burning may increase the regeneration of oaks by opening the canopy further, but may also lead
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to additional loses of overstory oaks (Waldrop et al., 2H6é)ever, our result suggests that a
single disturbance is not suffesit to remove the older fire adapted species on the landscape
(mortality generally < 20 %) and that they could persist in the overstory following disturbance.
Restoring historical fire regimes to these landscapes, must balance both of these dimensions,
retaining old individuals while fostering regenerationvéh the longevity of many of the oak
species and the demographics of the landscape, we would expect them to maintain in the
overstory for this century barring additional (rfire) disturbances.

Treestress following a fire exists on a continuum, so while field data could only report
trees that experienced top kill, many of the other trees surveyed appeared to be approaching
mortality (canopy decline, Carpenter et al. 2020). Additionally, many dfele that resprouted
may ultimately not grow into the mid or ovstory and eventually perish. While the model
attempts to account for this probabilistically, a mechanized understanding of the carbon reserved
for resprouting would improve these dynamiesthe future, measuring vigor could be used to
more mechanistically account for the decline that proceeds morfaliygerterm study of the
Rough Ridge and Rock Mountain fires could also illuminate the influence otdéomg
mortality.

Ecological models need to capture the immediate andtkmng influence of fire on
forest vegetation to quantify forest change accurately. In this study, incorporating remotely
sensed burn severity data (such as those from RANBR) and field studies gicataloange
into a fire modeling framework provided a way to capture the spatial and temporal dynamics of
the fire regime more fully (Morgan et al., 2014). We integrated both the heterogeneity of fire

regimes and the relative influence of site conditiong ecosystem process modeling.



67

There are several key limitations of this stud#ithin the simulationimmediate +
delayed mortality model was calculated and applied immediately, rather than over the course of
the three years, this may lead to an ostemeated advantage to shadélerant species that
establish in the two intervening years and may overestimate the initial light conditions
immediately following fire.In this study, we used productivity as the primary proxy for fuels in
the calculatiorof severity, but future studies could separate out fuel quality and its contribution
to simulated fire. Fuel accumulation may also be underestimated at sites where fire had long
been excluded as well as fire e xssmalderingfieds con
Using productivity as a proxy for fuels may underestimate fuel buildup in fire excluded stands.
Also, the resistance of firadapted species to subsequent fires may be limited through
development of a thicker organic horizon and inaddse root consumption during the fire
(Carpenter et al., 2020). Therefore, subsequent fires may not be as severe, which would change
the profile of mortality.
2.6 Conclusion

We synthesized models of immediate and delayed mortality resulting from fire for the
mixed intensity regime of Southern Appalachians, USA using remote sensing, data products, and
field data. Propagating these models within a landssapelation illuminatd that the inclusion
of delayed mortality significantly shifted the ecological structure of the stand burned by wildfire
beyond what was captured in the immediate mortality model. Crucially, it led to increased
mortality in the older, larger cohorts. Atetllandscape scale, however, delayed fire mortality did
not fundamentally shift regeneration patterns of species, owing to long intervals between fire and
ephemeral windows of increased light conditioRsiture changes in climate, fuel conditions,

and fireweather patterns could alter this projection if fires become more prevalent on the



68

landscape. This highlights the importance of incorporating delayed mortality into ecosystem
process models for predicting future landscape fire effects and the needifer &tmdy into

how wild and prescribed fire will shape the ecosystems of the Southern Appalachians.
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CHAPTER 3: Radical shifts to the fire regime under uncertain divergent climate futures in
the Southern Appalachians

3.1 Abstract

The Southern Appalachians have histally experienced frequent fires but fire exclusion
and fire suppression have made large fires tdogever, diring a deep drought in 2016, the
wildfire season resulted in fires > 2,000 ha burning across the landscape. We sought to
understand howviuture climate would alter wildfires in the Southern Appalachians and what
effect this would have on the forest ecology. We assessed the influence of varying climate
projections on potential shifts in wildfire regime across the Southern Appalachiansigpyausi
climate projections representing divergent drought patterns within a parameterized,-process
based fire model that captures the influence of climate, fuels, and fire suppression. Compared to
a historical climate, the total burned area incred&81% under high drought variability, 104.8
% under a strong drought trend, and 484.7 % when combined. The spatial distribution of fire
return intervals (FRI) illustrated the role of fire exclusion and suppression; some areas displayed
FRI of less than fivgears, yet others experienced no fire at all. Overall fire severity was
relatively stable under our climate scenarios. More frequent fires corresponded with increased
oak prevalence and a reduction in the biomass of mesic hardwoods and maple; regasliess,
hardwoods persisted under all intervals. Our study illustrates thedomgeffects on landscape
composition and overall fire effects of future droufjie interactions coupled with a history of
fire exclusion. These results indicate a potentiabf substantially more active and dangerous
wildfire regime in the future.

3.2Introduction
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Climate change will fundamentally shift disturbance regimes and ecosystems globally
(Dale and others, 2001; Turner and others, 2010). Climate change wiliraltegimes through
several distinct mechanisms (Liu and others, 2010). Fire frequency and intensity are determined
by the fuels available to burn (live or dead biomass), weather and climate conditions (the
capability to burn the fuels), and the preseofcgnition sources (Krawchuk and Moritz, 2011).
Warming temperatures will increase evaporative demand, dry fuels more rapidly, and thus
increase the flammability and change the seasonality of the fuel load (Flannigan and others,
2016; Ma and others, 20RAdditionally, reduced net precipitation or extended drought periods
may extend the length of the wildfire season as fuels will remain sufficiently dry for longer
(Abatzoglou and Williams, 2016). In areas where moisture stress limits vegetation psVafis t
early season precipitation may provide fuel to fire regimes where it is limited (Westerling and
others, 2003). Where moisture is abundant, temperatures can increase productivity resulting in
greater fuel availability (Moritz and others, 2012).

During the fall of 2016, a historic amount of wildfire occurred throughout the Southern
Appalachians. The total area burned by these wildfires exceeded 35% of the area burned from
19922016, resulting in losses of property and life (James and others, 2026& Whdfires
were started both by humans (arson, accidental human ignitions, or downed power infrastructure)
and by lightning. This was the deepgst measuredyNOAH soil moisture €200cm)
documented drought for the southeastern United States in the last 50 years and it was driven
primarily by aprecipitation shortfall, coupled with high atmospheric demand brought on by high
daytime temperatures (Williams and others, 2017). Understanding how drought influences the
wildfire regime in the Southern Appalachians is crucial to forecasting both clintatea n g e 6 s

impacts on the wildfire regime and the ecological consequences.
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It is anticipated that the Southern Appalachians will warinsE C on average by mid
century and 31° C by the end of the century if emissions continue at current rates (USCRGP,
2018). While precipitation may increase in the Southern Appalachians (particularly in the winter
months), drought incidence may rise due to increased evapotranspiration from rising
temperatures (USCRGP, 2018). However, future precipitation patterns &wutiern United
States should be interpreted with caution because CMIP5 models fail to simulate observed fall
precipitation patterns (Bishop and others, 2019).

A warming climate and an altered wildfire regime may alter the ecology of these forests.
Many of the forests of Southern Appalachians are historically adapted to fire, however its
exclusion and suppression in the last century has fundamentally shifted forest composition
(Nowacki and Abrams, 2008; Flatley and others, 2015; Flatley and others, B&18)ically,
fire rotation periods (the average time needed to burn an area equal to the landscape; FRP) are
estimated at 12.7 years (Harmon, 1984). Individual stands often had fire return intervals (FRI,
the average time between fire occurrences wahstand) of < 25 years leading to open
conditions of fireadapted species (Quercus spp. and Pinus spp.) and older trees (Flatley and
others, 2013; Hanberry, Bragg, and Alexander, 2021). After fire exclusion began, the FRP
expanded to hundreds or even thands of years in the Southern Applachians (Harmon, 1984,
Lafon and others, 2017). A longer FRI can favor mesophytic species through the process of
mesophication, which creates cooler, wetter conditions in the understory (Nowacki and Abrams,
2008; Alexandeand others, 2021). These changes, coupled with the resulting changes in fuels
and mycorrhizae communities, can reduce future fires, reinforcing mesophication against fire
(Kreye and others, 2013; Carpenter and others 2020). These altered forest cétazactery

limit the potential for fire to restore historical forest structure (Waldrop and others, 2016).
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To forecast these novel disturbaneegetation interactions, we need a prodessed
understanding of how climate will transform disturbance regeneshow they will
subsequently shape forested ecosystems (Gustafson, 2013). Therefore, we constructed a process
based model driven by fire weather conditions to capture the response of wildfire (Robbins and
others, in review). To assess future climateewt@inty in the Southern Appalachians, we
selected climate models representing varied drought and wildfire regime outcomes for the
Southern Appalachians. We tested the following hypotheses: H1) an increase in climatic drought
would increase the total arbarned through increased probability of fire spread (as fuels are
readily available in this system); H2) interannual variability in drought will increase the total
burned area because wildfire disproportionately occurs under drought conditions (as &vitnesse
2016); and H3) an increase in the burned area will not restore historic oak conditions as the FRI
will likely not approach that of historical periods and because mesic species are now widely
established.
3.3Methods
3.3.1Study Area

Our study area as the Blue Ridge ecosystem of the Southern Appalachians (as defined
by Omernik, 1995) in North Carolina, South Carolina, Tennessdezaargia, United States
(Fig. C.1). This area receives an average annual precipitation of ~600 mm. Precipitation occurs
consistently throughout the year, though late summer droughts occasionally occur. This area
consisted of primarily upland hardwood forests and our evaluation of the FIA data (Bechtold and
Patterson, 2015) for the region indicates that over 50 tree speeissgularly present. Ranked
by aboveground biomass, the most common xeric deciduous species were chestpuenals(

montang, white oak Quercus alba)red oak Quercus rubra)scarlet oakQuercus coccinéa
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and sourwood@xydendrum arboreunCommonmesic hardwoods included red mapheér
rubrum) and tulip poplarl(iriodendron tulipifera).Common conifers included eastern white
pine (Pinus strobus)Virginia pine Pinus virginiang, and loblolly pine Pinus taeda
3.3.2Climate Scenarios

To understand future drought outcomes, we analyzed the 20 climate models available
from the MACA database (Abatzoglou and Brown, 2012) under Relative CoatoemtPathway
(RCP) 8.5 (Table @). These models included forecasted data for daily relative hymidit
temperature, precipitation, wind speed, and wind direction. For each model, we calculated the
annual potential evapotranspiration (PET) for the years-2Q06 using a Thornthwaite model
(Thornthwaite, 1948). We then calculated the annual ratio oipitegton (PPT) to PET for
each climate model. We ranked models by the slope in PPT: PET using a linear trend with a
fixed intercept; drought increased undérclimate projections (Fig. @). We determined
decadal variance in drought by calculating teeatial mean of PPT: PET and its squared
variance. We then summed the squared variance for the study period arffususethhk each
model (Fig. C3). From this analysis, we selected four representative models: 1) a minimal
drought trend with low decadaariability (hence, LowT/LowV), 2) a minimal drought trend
with high decadal variability (LowT/HighV), 3) a maximal drought trend with low decadal
variability (HighT/LowV), and 4) a maximal drought trend with high decadal variability
(HighT/HighV).
3.3.3Landscape change model

We simulated a dynamic wildfire regime and vegetation change using a landscape
disturbance and change model, LANEISScheller and others, 2007DANDIS-II represents

the landscape as an interconnected grid, simulating vegesatibdisturbance processes within
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and between cell£ANDIS-II simulates the establishment and succession of tree cohorts
(cohorts in this paper defined as a species and age class); we used the Net Ecosystem Carbon and
Ni trogen s ucc e samddSchelleramibBtBdksdi2011)sandparameterized the
growth and trait characteristics for 48 separate species in the study area. NECN simulates tree
growth, regeneration, and mortality in each landscape cell as the competition between cohorts for
light andnutrients, and the effects of soil moisture and soil temperature. It includes spatial
processes for seed dispersal and calculates regeneration as a function okppeiieseasonal
temperature and moisture responses. NECN calculates the exchandmofaral nitrogen
between living tissue, dead tissue, and soil pools following the logic of the CENTURY model
(Parton, 1996).

The SocialClimate Related Pyrogenic Processes and their Landscape Effects
(SCRPPLE) fire model includes separate-sudmels forignitions, firespread, and the resulting
tree mortality (Scheller and others, 2019; Robbins and others, in review). The ignitiorodab
calculates the likelihood of a successful accidental and lightning ignition based on the daily
Canadian Fire Weathémdex (FWI, Van Wagner, 1974). SCRPPLE calculates the probability of
intercellular fire spread based on FWI, effective wind speed (wind speed adjusted by cellular
topography; Nelson, 2002), and fine fuels present in adjacent cells. Cohort mortalitstedlcul
in SCRPPLE is based on cohort bark thickness andesiét characteristics when fire passes
through a cell (Robbins and others, in review).

We fit the fire ignitions sumodel by comparing historic FWI to historical ignitions from
19922016 (Short2021). Ignitions are distributed spatially using a probability distribution map
for each ignition type. For lightning, we used a climatology of lightning for the area (Albrecht

and others, 2016), and for human accidental ignitions, an interpolated djzatiattion from
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the wildfire record (Short, 2021Jhis record is invaant in thefuture andassumes a stable
distribution of umanignitions.We calculated fire spread as a function of the fuel load, daily

FWI, and topographically downscaled andfitg i ven ( 6effectived) wind
this by using daily fire perimeter polygors fwildfires (Walters and others, 2011) to identify the
cells where fire spread. These cells were then spatially and temporally matched with FWI,
effective wind speed, and fuel loading data. We used the combined data set to fit a generalized
linear binomidmodel of fire spread. Additionally, SCRPPLE simulates prescribed burning; this
was parameterized using the proposed area for prescribed burns in National Forest plans as well
as records of prescribed burgifor norrfederal lands (Table .G). To includethe effects of

prescribed fire, prescribed fires were spatially and probabilistically distributed to match the
distribution of land ownership classification to the amount of prescribed burning. While
prescribed fire is an important part of this landscaperéntly accounting for ~40% of burned

area), we focus here on predominantly on the effects of changes in climate on wildfires and
resulting fire effects, and not changes to the prescribed fire regime. We parameterized the fire
mortality submodel usingemotely sensed burn severity maps coupled to empirical fire

mortality data and modeled products (Robbins and others, in review).

To parameterize different levels of wildfire suppression, we compared historical records
of burned area with the model's ideali fire spread and attributed the difference to wildfire
suppression. SCRPPLE allows for variable suppression effort and effectiveness dependent on
FWI. We defined suppression levels using a combination of wilellabdn interface (WUI)
definitions (Radedff and others, 2018), maps of roads, topography, and USFS roadless
wilderness designation (U.S. Forest Service, 2%)WUI definition we used a combined

intermixed and interface to describe the area of increased suppression. This represents the area
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where human property are likely to be at risk and targeted for suppression activity. The
suppression level (a percentage multiplier applied to the likelihood of spread) was parameterized
using the total area burned in Bauppression area and comparing it to historical records.
3.3.4Scenario analysis

To test the influence of drought trend and drought variability, we simulated seven
replicates for each climate projection for 80 years (Using the parameterized landscape from
Robbins and other (in review) with the addition of climate change). We inclubadeline
historicatrandom (HR) climate scenario that randomly assigns climate years fron20282
We analyzed each climate scenario for changes in the total burned area, FRI, and the spatial
distribution of fire. We additionally looked at the compiositof vegetation under various
climate scenarios.
3.4Results
3.4.1Climatemodels

From the analysis of the climate models, we selected four models that represented either
major or minor trends in PPT: PET ratio and high or low variance (Bahblé&ig.3.1). The two
models with minor drought trends (smaller decreases in PPT/PET rate)MR|l CGCM3 RCP
8.5 (low variability, LowT/LowV) and CNRM CM5 RCP 8.5 (high variability, LoidighV).
The models with major drought trends (a larger decrease in PPT/PET ratio) were IPSL CM5A
MR RCP 8.5 (low variability; HighlLowV) and HadGEM2 ES365 RCR5 (high variability;
HighT/HighV).
3.4.2Wildfire regime

Both ignition types were sensitive to changes in FWI. The lightning ignitiomede!

was significant with regards to FWI for both the probability of excess zeros and the daily number
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of ignitions. The probability of an excess zero increased with increasing FWI; however so did the
predicted daily lightning. The model fit balances the rare conditions in which lightning ignition
occurs on the landscape requiring both weather conditions dry ermuglelfignition and

enough moisture that lightning storms would occur. The human accidental ignitiomosigh

was not sensitive to FWI for the probability of excess zeros; however, the daily ignition count
was positively correlated with FWI. Thereforecalental ignition likelihood increases slightly

with increasing FWI.

We found both FWI and fine fuels to be significant predictors of the probability of fire
spread. Visual interpretation of the effects of FWI and fine fuels suggests that FWI is the
dominant control of fire spread (Fi§.5). However, increasing fine fuel will increase the
probability of fire spread by ~10%. We interpret this to mean that fire weather is the primary
contributor to days of high fire spread but that the spatial relatioo§lfilgls may determine
where fire is most likely to spread. We did not use wind speed as a predictor due to directional
error. Our results found that lower wind speed predicted greater fire spread difficulty in using
modeled wind speed in concert with égpaphy in fire reconstruction.
3.4.3Validating the wildfire regime

The SCRPPLE fire model reproduced the expected number of accidentaltguniteah
fires (1,623 [95% CI: 1,59&,649] compared to 1,709 observed) and lightigmited fires (160
[95% CI:160-177] compared to 174 observed) from 1992 to 2016 &@). The mean total
area burned in the simulations for 198216 was 140,316 (95% CI: [119,0631,564]) ha,
compared to 147,367 ha observed by Short, 2021 (an underestimation of ~2C7 F-ighe
SCRPPLE fire model captured the fire size distribution generally, slightly overestimating the

proportion of small (€60 ha) and large (5,000 ha and above) fires while underestimating other
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fires (5G5,000ha) (FigC.8; Short et al., 2021). Comparing twenual area burned shows that the

model captured about 46% of interannual variability in the burned are@ @igOverall, it
overestimated certain years consistently (12924, 20112012). Some years with greater
burned area (e.g., 2007, 2008) shoghlerr variability in the area burned (ranging from ~10,000
40,000 ha burned). Simulations of 2016 also had high variability with area burned as low as
13,112 ha and as high as 87,043 ha &2y
3.4.4Climate simulations

The burned area of the histodigandom and LowT/LowV scenarios were generally
similar (Fig.3.3a). The burned area of the scenario representing a high drought trend,
HighT/LowV, was 104.8% higher than the historicahdom simulation. The burned area of the
model representing increaseughtvariability, LowT/HighV, was 42.3% higher than the
historicatrandom simulation. The scenario representing both a high drought trend and-drought
variability, HighT/HighV, resulted in a 484.7% percent increase in burned area on the landscape
(Fig. 3.3a). The LowT/LowV model showed similar temporal patterns to the historical random
simulations, oscillating around ~ 60,000 hectares burned per decade.3B)gThe
LowT/HighV scenario forecasted increasing hectares burned during the middle pet of th
century and eventually returned to the range of the burned interval seen in the-rastoim
scenario The HighT/LowV scenario forecasted a similar burned area to the hist@icidm
simulation until the middle of the century when the burned arsaand remained elevated for
the rest of the century. The HighT/HighV scenario began with an elevated burned area (~2 x the
historicalrandom) and increased throughout the simulation, forecasting a burned area ~9 x

higher than the historical random sceadaoward the end of the century (F&3b).



88

The mean landscape FRP for the historic climate scenario was ~ 284 years, in the
LowT/LowV scenario ~ 314 years, in the LowT/HighV scenario ~ 200 years, in the
HighT/LowV scenario ~139 years, and the HighT/HighV scenario ~48 years. In forecasts using
the LowT/LowV, LowT/HighV, and HighT/LowV scenarios, a majority of the landscape had an
FRI greater than 200 or experienced no fire (T&8#e However under the HighT/HighV
scenario, only ~ 22% had a FRI greater than 200 years or experienced no fire. tighe spa
distribution showed specific concentrations of fires in roadless areas and national forests (Fig.
3.4). The Northwestern and Southwestern areas where concentrations are the highest across
scenarios represented the boundaries of the ChattaheOchee and the Cherokee National
Forests. Fires were concentrated primarily (though not exclusively) outside of the WUI.
Crucially in climate scenarios with shorter FRP, the total area impacted by regular fire expanded
(Table3.2).

Fire severity remained similghroughout the simulation, generally low with a minimal
increase in the proportion of the higher severity fires or increase in the gross number of higher
severity fires Fig C11). In scenarios with high area burned (HighT/LowV and HighT/HighV),
mean fireseverity fell slightly through time.

Mean total biomass decreased in sites with an FRI2% @ears (79.95 Mg/ha) as
compared to 250 years (104.46 Mg/ha), D (119.73 Mg/ha), or sites that experienced no fire
(131.03 Mg/ha). Both sites withZb yearand sites with 250 year FRI had lower biomass
than the initial landscape average (106.24 Mg/ha). Xeric white oak increased in percentage of
total biomass in all FRI but increased with decreasing FRI and moved from 32.3% to 45.4 %
under the lowest FRHg. 3.5). Xeric red oaks held constant in all scenarios. The percent of

maples biomass declined by half under the scenario with the lowest overall FRI (from 13.1 % of
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landscape biomass to ~8 %). Mesic hardwood biomass remained fairly stable in ath&&jlal
the proportion declined with decreasing FRI. Yellow pine declined in all scenarios (from 1.0 %

to ~ 0.5%). Xeric hardwoods declined in all scenarios from (~5% to around 0.3 @5Fig.

Table 3.1: The climate models selected to represent the fodrought outcomes.

Low drought variability (LowV) High drought variability
(HighV)
Low drought trend | MRI CGCM3 RCP 8.5LowT/LowV) CNRM CM5 RCP 8.5
(LowT) (LowT/HighV)
High drought trend | IPSL CM5A MR RCP 8.5 HaGEM2 ES365 RCP 8.5

(HighT) (HighT/LowV) (HighT/HighV)



Table 3.2: The distribution of FRI intervals across the landscape, all seven replicates

combined.
FRI LowT/LowV LowT/HighV HighT/LowV HighT/HighV
0-25 0.00% 0.00% 0.01% 15.07%
2550 0.00% 1.87% 5.52% 28.62%
50-100 3.70% 12.27% 20.26% 21.17%
100-200 17.01% 23.82% 26.71% 13.00%

200-Inf 79.21% 62.01% 47.37% 22.13%
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Figure 3.1: Four climate models representing divergent future scenarios of drought and drought
variability. The Yaxisrepresents the annual ratio of precipitation (PPT) to potential
evapotranspiration (PET) measured by the Thornwaite method (Thornthwaite, 1948). These
models represent: (a) a small increase in drought and low variability (MRI CGCM3 RCP 8.5),
(b) a small icrease in drought and high variability (CNRM CM5 RCP 8.5),(c) a large increase
in drought and low variability (IPSL CM5A MR RCP 8.5 (d) and a large increase in drought and

high variability (HadGEM2 ES 365 RCP 8.5).
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Figure 3.2. The interannual variabilitin simulated annual burned area, compared to observed
burned area. Transparent grey dots represent individual replicates, solid red dots represent the
observed data (Short, 2021) Rpresents the predictive power of the combined replicates in

explainirg the annual variation in the observed data.
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Figure 3.3: The change in the burned area attributed to drought and drought variability; (a) the
total area burned during a 99ear simulation; error bars represent the 95 % CI across models.

(b) Hectares burned per decade under the four selected climate modelsepresent

individual model runs and the trend line represents a LOESS smoothed model. High T represents
a major drought trend, while Low T represents a minor drought trend. High V represents high

variability, while Low V represents low variability. TRei st or i cal si mul ati onods

drawn randomly from the years 192916.
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Figure 3.4. Spatial distribution of the fire return interval (FRI: years simulated/fires that
occurred) across the Southern Appalachian landscape undéndte scenarios. Each map
represents the combined FRI of 7 simulations (wildland fire plus prescribed fire). White outline

denotes the study boundary.
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Figure 3.5: Landscape proportions of functional groups by fire return interval (FRI: years
simulaed/fires that occurred). Represents the mean of all locations that experience that FRI
across the landscape in all simulations under all climate models. Functional groups defined in

Flatley, and others, 2015(Tab&1).
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3.5Discussion

We found that the effects of both increasing drought and greater drought variability could
increase the area burned into the near future across the Southern Appalachians, validating our
first two hypotheses (H1 and H2). The historical data and our sinsgaguggest that drought
years (particularly those containing months with fire weather indices > 22) will determine a large
proportion of burned area. Because drought years account for a disproportionate amount of area
burned by wildfire, an increase inadight variability has a strong effect on the area burned even
without an overall increase in drought trend. The increase in burned area due to a major drought
trend and high drought variability suggests multiplicative-twoe@ar interactions (Fig.3) and
represents the threshetiliven nature of this wildfire regime (Young and others, 2017,
Abatzoglou and others, 2021). Our proedgsen modeling approach captured the effect of fire
weather on both fuels and fire dynamics that drove fire ignition amddm@cross this landscape.
Our results reflect other forecasts, which suggest a stronger annual fall wildfire season in the
Southern Appalachians into the next century (Liu and others, 2013). Given that fuels regenerate
quickly, future conditions of dryrié weather with adequate ignitions in remote areas will likely
result in wildfire seasons similar to that of 2016. Under increasing drought each ignition has an
outsized effect on the total area burned. However, the variability in our historical vakdation
(19922016) suggests that limiting these ignitions can substantially reduce the annual area
burned.

Our simulations show distinct spatial patterns of future FRI. The estimated current fire
rotation interval for much of this area is estimated betweed0-1800 years; however, in our
simulations, FRI was as short as every five years suggesting a radical shift of the fire regime in

these areas comparable to that of historical conditions (Lafon and others, 2017). We project those
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areas with minimal roads drlesignated wilderness areas in national forests will see the largest
decrease in FRI (Fig.4). Many areas (generally those with higher suppression) experienced
few or no simulated fires across all replicates, suggesting little change under anyubirhe f
climate scenarios. This shows that fire suppression and exclusion will likely continue to play a
significant ecological role even under the most extreme climate scenarios, though this will be
spatially variable. As seen in other forested systemsptbef humans and management in a
system can play a larger role than that anticipated by the warming climate (Creutzberg and
others, 2017).

In addition, a greater area experienced fire under increased drought trends, increased
drought variability, and #ir combination (Tabl8.2). This suggests that WUI or urban areas
may be increasingly at risk of wildfires. Contemporary fires in the southern Appalachians are
often small (often less than one hectare) due to fragmentation and suppression (Shorts2021). A
seen in other intensely managed landscapes, fragmentation and suppression can limit the effects
of climate on the fire regime (Creutzburg and others, 2017). Nevertheless, as seen in 2016,
higher fire weather can sustain fires > 10,000 ha in areas wigveession is difficult. This will
become particularly important if the WUI expands as expected (Radeloff and others, 2018).
Large isolated national forests and national parks located among a highly developed landscape
has created one of the largest exdaftWUl of any region in the country (Radeloff and others,
2017). As such, restoration goals for the region should target where wildfires may need to be
suppressed more actively under drier future conditions (Sturtevant and others, 2009, Krofcheck
and otlers, 2019).

Our results suggest mesophication has passed a threshold whereby reversion to pre

mesophication levels, even under drastic climatic and fire regime shifts, is unlikely without other
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active management. Sites where the fire was more frequRhk(E5 years) saw an increase in

the proportion of oak biomass and limited mesophication over the next centur§.%kig.

However, we affirm our third hypothesis (H3) that the FRI change on this landscape is unlikely
to restore the area to historical ditions as even the lowest FRI maintained near current levels
of mesic hardwoods. These results suggest that mesophication is an alternative stable state and
that even consistent reintroduction of fire alone may not revert the system to historical nenditio
at the landscape level (Beisner, Haydon and Cuddington, 2003; Alexander and others, 2021).
Mesic hardwoods in many areas are now old enough to avoid top kill or may resprout following
a lowintensity fire (Waldrop and others, 2016; Alexander and o2@24). While LANDISII

NECN can capture fuel composition (through decomposition rate and lignin content), additional
changes in fuel characteristics, mycorrhizal community, and understory humidity may further
contribute to suppressing or enhancing fireeady intensity, and consumption (Kreye and others,
2018; Kreye and others, 2013; Carpenter and others, 2020).

While increasing fire did not completely revert mesophication, our simulations suggest
that white oak Q. montanaVilld and Q. albg will remain te primary dominant canopy species
throughout the area and will not be replaced by other species within the next century. While oaks
are currently less prevalent in the mid and understory, larger and older oak trees will make up an
increasing fraction ofhe overstory biomass into the future in our scenarios. Many oaks in the
southern Appalachians were established between the early industrial harvesting and before fire
suppression (1890930) and generally can live between 2D years (Loehle, 1988).

Howev e r , previous studies of oak decline have
value, which captures the decline in stem density; our analysis only considered species biomass

(Fei and others, 2011; Knott and others, 2019). Further, increased oalk ¢&ceenberg and

f
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others, 2014) or disturbances other than fire (Clinton, Boring, and Swank, 1993) could shift

composition quickly owing to a lack of understory oak.

While declining FRI may favor oaks under the hotter and drier climate projections
declina, this was accompanied by lower regeneration rates in all species due to increasing
drought frequency and intensity (Fig.13C.17). Regeneration rates of oaks are an important
consideration, as warmer, drier temperatures may favor oak even in theeatiseicceased fire
(Vose and Elliot, 2016). However, while fire resistance of oaks increases their proportion of total
biomass as fire increases, this also corresponds with lower overall oak biomass as mortality of
overstory oaks increased. Mechanical ogal of mesic tree species, coupled with the return of
fire to the landscape, may do more to regenerate oak under current climate conditions, in
preparation for lower future regeneration rates (Waldrop et al., 2016).

Our results are contrary to priorgpections of area burned under climate change
(Prestemon and others, 2016, James and others, 2020). These suggested total area burned would
likely decrease over the next 50 years under the CMIP3 models, MIROC32, CSIROMK35, and
CGCMa3. This was attributed ttenser populations and rising wealth resulting in increased
wildfire suppression efforts in the area, negating any increase in fire size associated with future
temperatures. However, these studies looked only at the fire period 620902which did not
capture the thresholds crossed in subsequent fire years such as 2016 (those with monthly FWI >
22), and how these effects may propagate into the future. Our findings suggest that failing to
capture these years will severely underestimate the burnedratiea landscape; as they account
for a disproportionate amount of burned area. In the context of all three studies, the importance
of fire suppression in determining the ultimate fire regime on the landscape is evident (James and

others, 2020; Andela andhers, 2017). Our study represents one of the few attempts to model
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fire suppression spatially on a landscape, although our static spatial suppression rating could be
more mechanistic. Future studies by our group aim to quantify which measures of fire
suppession and exclusion most impact the fire regime, and how these can be balanced with
ecologically restorative fire.

The difference in area burned between the four climate scenarios is determined by their
divergent forecasts. The HADGEMS 365 (High T / ljhV) model predicts a very stark picture
of future climate, with mean temperatures 7° higher and a decrease in precipitation of 180 mm
annually by the end of the century (F&#). The ISPL CM5ALR (High T/ Low V) and CNRM
CMS5 (Low T/ High V) models predt 56° of warming, though slight increasesannual
precipitation (Fig. @). For context, Rupp (2016) analyzed the MACA downscaling of these
GCMs (among others) in the southeastern U.S. and compared historic minimum, maximum, and
average monthly tempetat, and surface precipitation to weather data rate to attempt
characterized inherent bias. Overall, the highasking model (according to a normalized error
score of 22 metrics) was the CNRGMS5 (Low T/ High V), and the HADGEMES 365 (High T
/ HighV ) was ranked 10th of 41. The MRI.CGCM3 (Low T/ Low V) and the IPSL CNIBA
(High T/ Low V) both scored near the 25th percentile in normalized error score. As is common
in GCMs, models reproduced temperature more accurately than precipitation.

There are limithons of our study to consider. Anomalous events in wildfire records, such
as those of the 2016 fire season, are difficult to model as they have no replicates and are outliers
to the preceding wildfire pattern. It is anticipated however, that this 20tiéreviteason is likely
representative of future fire weather and fuel characteristics (Liu and others, 2013). Additionally,
our model of interacting fire spread, and suppression isadaptive, meaning that while the

effect of suppression does scale Witk weather conditions, it does not consider reorganization
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of suppression resources, as might be expected if the wildfire regime radically shifts.
Additionally prescribed fire is performed at the local level and effects are seen at the local level,
our smulations primarily represents the of climatédfire interactions over the entire southern
Appalachians (3.4M ha area simulations), not individual prescriptions. Nor did we consider
future reduction in suppression resources created by natical@ witifires (Belval and others,
2020).Additionally, fire severity was parameterized primarily from current stands in areas where
fire events were rare (Robbins and others, in review). While the initial study included areas that
had been burned twice, a shiitfire frequency may change the mortality profile.
3.6 Conclusion

Models of increased drought and increased drought with increased variability predict a
radical shift in wildfire regimes for the southern Appalachians, even under continued wildfire
supprasion. FRI varied across the landscape, with national forests and roadless areas most prone
to larger fires. Decreasing fifeee areas in the future speaks to the need for proactive decision
making concerning fire as a restoration tool that accountedéqudssibility of a drying climate
and an increase in wildfire. Shorter FRIs can be beneficial in altering species composition to
more open oak dominant conditions. However, mesophication in many areas seems to have
progressed to the point that reachiogér FRI is not sufficient to restore oak woodland
conditions without further management intervention. This modeling study illustrates the long
term effects of fire exclusion and suppression coupled with future drfivgimteractions that

determine lanscape composition and overall fire effects.
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CHAPTER 4: Projected benefits from proactive fire management strategies in the
Southern Appalachians
4.1 Abstract
Thousands of years of interactions between humans and fire have shaped the Southern
Appalachian forested landscape. Society'sagsowill continue to shape the ecology of these
forests and thus our relationship with them. As the wildlarhn interface (WUI) expands, the
risk of wildfire will increase. Concurrently, managers hope to restore historical ecological
conditions by restring fire to these forests. Prudent investment of resources requires that we
understand how management shapes the fire regime and its subsequestadogical
outcomes. Using a procebased model, we quantified how reduced huaasidental ignitions,
increased prescribed burning, and increased fire suppression would influence ecological
restoration goals and prevent fires in the WUI. We simulated scenarios of management strategies
(reducing ignitions, increasing suppression, increasing prescribedrte} a climate scenario
forecasting a moderate increase in future fires (~ 50% increase in area burned). Reducing
ignitions and increasing suppression in the WUI did the most to limit WUI area burned. This
generally resulted in lower oak regeneratiothalgh this was more than offset by increased
prescribed burning. We conclude that while increased suppression will likely be necessary to
prevent wildfire in the WUI, increasing prescribed burning and campaigns to reduce-human
accidental ignitions couldebhighly effective in limiting wildfire encroachment. Our simulations
indicate continual ecological and fire prevention benefits with increasing prescribed fire, while
increasing suppression alone may result in further mesophication. As human managément wi
shape Southern Appalachians, we argue for engaging proactively with the fire regime, rather

than responding to it.
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4.1Introduction
Historically and currently, human behavior and landscape development are a fundamental driver
of fire regimes in theastern United States, where natural fire ignitions are rar2qQ%0of fires;
Lafon, Hoss, and GrissiAdayer, 2005; Fowler and Konopik, 2007; Hawbaker et al., 20tL3).
has been shown that human development can even override the regional climata sagoatls
of historical fire landscapes (Syphard et al., 2017; Flatley et al., 2013). However, the strength of
human behavior and fire management when compa
regime is regionally specific and depends on thestlpithg vegetation type and topography
(Mann et al., 2016). Understanding fire management's ability to shape the ecology of forests and
mitigate risks to society is a crucial aspect of forested landscape management. This is
particularly true in the Southeppalachians, where fire is a key part of the ecology and
wildfire vulnerability varies greatlylL@fon et al., 2017Andersen and Sugg, 2019).

Over the last 4,000 years, a short interval migederity fire regime played a crucial role
in determiningh e ecol ogy of Southern Appalachian mixe
exclusion by humans in the 20th century (Lafon et al., 2017; Fesenmyer and Christensen, 2010;
Nowacki and Abrams, 2008). Surface fires maintained open stands of oaks, which haw evolve
thick bark, and deep roots, to be more competitive in a fire environment (Abrams 1992; Nowacki
and Abrams, 2008). On dry sites, yellow pines thrived under frequent surface fires and
occasional stanteplacing fires via serotinous cones, black seedsganmdant buds on boles
and branches (Brose and Waldrop, 2011).

Indigenous people and early colonists are believed to account for mastigneal and
early colonial ignitions based on the frequency of ignitions and the-patead of fire

occurrence (Fldey et al., 2013; Delcourt and Delcourt, 1998). Ethnohistorical accounts



113

document indigenous peoples using fire to promote beneficial plants (oak, hickory, and
chestnut), clearing areas to improve hunting by encouraging new browse, maintaining ecotones,
and removing understory growth (Fowler and Konopik 2007; Munoz et al., 2014). In the 20th
century, human managed fire suppression reduced the size of most fires, frequently stopping the
spread of fires before they could reach the landscape scale (Flatley26t5). Further,
increasing human development fragmented vegetation on the landscape which increased the
number of ignitions (owing to increased human access and ignitions) but decreased the capability
for fire to spread (due to ease of suppressiahdiscontinuity of fuels; Duncan and Schmalzer,
2004; Terando et al., 2014; Driscoll, 2021).

Wildland-urban interface (WUI) development in the Southern Appalachians presents a
challenge for forest managers, who hope to restore historical fire regimegtoastoration
goals while preventing wildfire in populated areas. The WUI defines areas where wildland
vegetation and human development intersect (Stewart et al., 2007). Suppressing wildland fires
that encroach the WUI is a priority in the Southern Applailans as the southeastern U.S. has
some of the highest proportions of WUI threatened by wildfire (Thomas and Butry, 2014).
Additionally, SouthernAppalachians have a larger proportion of federally managed forests, and
roadless wilderness areas than other areas of the Southeastern U.S, creating more WUI interface.

Climate change will complicate forest and fire management by altering the liketifiood
wildfires on the landscape and reducing the opportunity to conduct prescribed burning (Liu et al.,
2014; Kupfer et al, 2020; Robbins et al., in prep). Higher temperatures dry fuels more rapidly,
thus intensifying fires, and limiting the ability to cormtltnanaged wildland fire or prescribed
burning. (Flannigan et al., 2016). Further, increased drought may result in fire seasons burning a

larger proportion of the landscape and increasing the threat ofentgbachment (Williams and
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others, 2017; Robbing al., in preparation)Climate projections for the Southern Appalachians
forecast divergent scenarios ranging between a slight decrease in annual area burned and an
increase of around 500% (Robbins et al., in preparation).

Managed fire (including presceld and managed wildland fire usage) can help restore
pyrophytic oak and pine understories that are more similar to that of the historical period (Brose
et al., 2013; Jenkins, Klein, and McDaniel et al., 2011). Prescribed burning can also reduce
wildfire incidence in landscapes of the southeastern United States by limiting fuel continuity
(Addington et al., 2015). Prescribed fire can exceed the number of acres burned by wildfire, and
therefore understanding its ecological response is crucial for habitatatest and wildland fuel
management (Melvin, 2018). Wildland fire usage can be aaffesttive method to burn natural
landscapes; these are generally stoaving smoldering growing season fires resulting from
lightning which are allowed to burn for resttion (Cohen et al., 2007; Lafon and Grissino
Mayer 2013). For either application, much of the benefit of managed fire relies on its continued
implementation. Because of resprouting and the productivity of understory species, stand
conditions following lav-intensity fire can revert quickly (Waldrop et al., 2008). Further,
Southern Appalachian sites have high decomposition and productivity rates, thereféuelfine
following prescribed burns can return or exceedfipeelevels within three years and thumsy
have a minimal effect on future fire behavior (Waldrop et al., 2010; Waldrop et al., 2007).

Preventing humaaccidental ignitions through education and surveillance is another tool
to reduce unintentional human wildfire (Minor and Boyce, 20E8)m 1992 to 2019, accidental
human ignitions accounted for 82.4% of the area burned by wildfire in the Southern
Appalachians (Short, 2022 ducating the public to reduce accidental human ignitions can

significantly reduce humaimitiated wildfire (Prestemoet al., 2010). Additionally, increased
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surveillance for mechanical ignitions, arson, or illegal campfires may also limit the number of
fires that spread uncontroll€dbt, et al., 2015, Hessel, 2018Yhile most human accidental
fires are relatively smalfjue to being started in readily accessible areas which are easy to
suppress, some fires escape to remote areas (Lafon, Hoss, and Gespan@005). These have
accounted for some of the largest recent fires in the Southern Appalachians (Short, 2021)

Our goal was to understand how various management tools and the intensity of their
application can change the fire regime and its secaogical outcomes within the Southern
Appalachians. To investigate this relationship, we used a prbesssl model ofagetation, fire,
and management to test the varied management strategies under a future climate scenario. Our
specific objective was to understand how reducing huataidental ignitions, increasing
prescribed burning, and increasing fire suppressioreinvituland and WUI would foster
ecological restoration (specifically the regeneration of Qake¢cus sp) and reduce potentially
harmful fires in the WUI.
4.3Methods
4.3.1Study aea

Our focal landscape was the Blue Ridge ecosystem of the Southeataéipipns
(defined by Omernik, 1995) in North Carolina, South Carolina, Tennessee, and Georgia, United
StatesThis area included sections of both the Chattahoochee, Cherokee Nantahala Pisgah,
National Forests, and Great Smoky Mountains National Park4Rig.It contains the growing
cities of Asheville, NC, Boone, NC, and borders Johnson City, TN, and the outer edge of the
Atlanta Metropolitan area.

4.3.2Modeling framework
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In order to estimate how various management strategies can change the firearegime
its socieecological outcomes of the Southern Appalachians, we simulated various management
scenarios within a landscape change model. We parameterized a landscape disturbance and
succession model, LANDIS (Scheller et al., 2007). LANDHH represats the landscape as an
interconnected grid, simulating vegetation and disturbance processes within and between cells.
LANDIS-II additionally simulates daily weather and fire weather conditions as specified from
climate model inputs.
4.3.3Succession suimodel

We simulated the establishment and succession of tree cohorts (defined here as a single
species and 1Qear ageclass) using the NECN succession-sutidel (Scheller et al., 2011).

Forty eightspecies of trees were parameterized using data frolintibed States Forest Service
Forest Inventory and Analysis PrograRiA; Bechtold and Patterson, 2015) along with
additional literature (Robbins et al., in preparation).

The landscape model also includeskground harvesting processesing the Biomass
Harvest extnsion (Gustafson et al. 2000p construct the harvest reginike study area was
divided by forest land ownersh{plewes, Butler, and Likne2017). Each ownership was
divided into stands using the hydrologic unit code 8 watershed classifity USGS. This data
onforest type, agelassharvested, and ownership type was gathéad the Evalidator data
tool (Miles, 2015)for each county within the study ar8de harvest model was parameterized
using model expert opinion to replicate thavest pattern.
4.3.4Fire and fire management subodel

The SCRPPLE fire model includes separate submodels for ignitionspfead, and

resulting tree mortality based on climate, fire suppression, vegetation, and topography (Scheller
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et al., 2019, Robins et al., in review). Fire ignition is calculated based on the daily fire weather
index (calculated by LANDISI) and probabilistically distributed based on previous ignition
occurrence (for humaaccidental ignition) and climatology (for lightningnigions). Fire spread

is calculated probabilistically based on the daily fire weather index, wind speed, and fine fuel
within each cell. Fire mortality is calculated based on the anticipated bark thickness of the cohort
and expected fire severity.

The suppression level (a percentage multiplier applied to the likelihood of spread) in each
of the three suppression areas was parameterized by comparing simulation results to historical
records (Robbins et al., in preparation). We defined these suppressionsamgas combination
of WUI definitions (Radeloff and others, 2018), maps of roads, topography, and USFS roadless
wilderness designation. Please refer to Robbins et al., in preparation for more information on
model parameterization and validation.
4.3.5Experimental design

To estimate how management strategies reduce WUI area burned and encourage oak
regeneration, we parameterized seven different strategies: Two ignitions strategies (one with full
projected future ignitions and the other with a 50% rédnan ignitions); two prescribed
burning strategies for national forests and parks (one at approx. 100% of planned burning, and
the other at 200% of planned burning); and three suppression strategies (one representing
increased suppression in the WUleaepresenting increased suppression in the wildland, and
one representing increased suppression in both locations).

We constructed our two prescribed burning strategies based on Cleaves, Martinez and
Haines (2000), publicly available National Forest plaand communications with managers.

The two prescribed burning strategies we considered burn either ~20,000 ha (50,000 acres) or ~
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40,000 ha (100,000 acres) per year in the National Forests and National Parks. The-asisiness

usual (BAU) scenario assumptescribed burning ~10,000 ha (25,000 acres) per year and is
based on estimations for the amount burned over the last 20 years. We assumed a target
prescription size of ~ 200 ha (483 acres) and that fires would remain at low intensity (Cleaves,
Martinez a Haines, 2000). Reaching these goals for prescribed burning was constrained by
weather conditions and prescribed burning did not occur when conditions were unsafe (Kupfer et
al., 2020; Table&l.1). This provided a mechanism to test whether a future clicoatie result in

less area burned than planned. We assumed a maximum of five fires could be burning on the
landscape in a single day.

We constructed a strategy of reduced human accidental ignition rates to represent an
increased effort to limit ignitiondVe simulated either the current projected ignitions or a 50%
decrease in the future rate of hurstidental ignitions. The current ignition strategy was
determined using historical data (Short, 2021), related to the fire weather index (Robbins et al.,
in review). Changes to ignition rate were applied uniformly across the landscape. Ignitions
models were then simulated to ensure they captured a 50% decrease in ignitions under future
climate.

We constructed our suppression strategies to represent twactashbat separate styles
of fire suppression. The first is increasing resources to combat actively spreading fires that
approach or enter the WUI and developed areas through increased ground support. The second
represents reaching more isolated firesgisiot shots or tankers to stop them before they spread
further. Suppression levels were reparametrized with increasing suppression in the WUl and
accessible suppression areas and/or suppression in the wildland in national parks and forests.

These were cotrgicted from suppression levels in Robbins et al., in preparation. We lacked a
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mechanistic way to quantify the increased effort needed to reach the suppression levels we
assigned and therefore considered a 50% increase to be representative of 50%/liess firist
(when simulated 18P-2016) We increased suppression until it represented 50 % reduction in
burned area in that region (Fi§1) when compared to historical records.

4.3.6Scenario development

We constructed our scenarios by pairing strategies to represent diffetditrpag of
resources or the different philosophies of fire management (#&)leThe BAU scenario
assumes no additional increase in suppression, full ignitions, and ~ 10,000 ha burned per year.
This further allowed us to see the interaction of difietraanagement strategies.

Each management scenario was run under a CIORM RCP 8.5 climate scenario,
downscaled to the study area (Abatzoglou and Brown, 2012). Previous research indicated that
this scenario would increase the area burned in the Soutpealathians by ~50% compared
to historical climate, a conservative anticipated increase in future fire (Robbins et al., in
preparation). Each scenario was simulated from 2016 to 2100. To account for the stochasticity in
simulated ignitions and fire spreasle repli@ated each scenario five tim&e analyzed the
ecological shift in national parks and national forests by comparing total oak biomass, and oak
regeneration under each scenario. We analyzed WUI fire encroachment by looking at the total
number othectares burned within the WUI over the simulation period.
4.4Results

In the BAU scenario 37,910 (95% C83,340- 42,481)) hectares burned in the WUI
between 201&2100. The combination of a 50% reduction in ignitions, 100% planned prescribed
burning, and full suppression increases reduced the WUI burned area the most (a 76.8%

reduction,2016-2100,Fig. 4.2). This was nearly as effége as the scenario with the same
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ignition and suppressions but with 200% of planned prescribed burning (76.5%) The least
successful of the reduced ignition scenarios (50% ignitions) was wildland suppression scenario
with 100% prescribed burning (53.1% vetion in WUI area burned). This was the only reduced
ignition scenario that was less effective than all full ignition scenarios. Full suppression and
either 100% or 200 % of the planned prescribed burning both reduced WUI area burned by 51.5
58.0%. The fil ignitions scenario with 10@lanned prescribed burning and WL suppression
prevented only 4.7% of WUI area burned when compared to business as usdal(f-ig.

An ANOVA determined that the ignition scenario was the most correlated with WUI area
burned(F=70.03), followed by suppression (F=18.03), and then prescribed burning (F =9.19). A
linear model of all scenarios over 100 years estimated that on average moving from full
suppression to only increasing wildland suppression and only increasing Wessipp
increases the ha burned by 49,834 ha and 21,121 ha, respectively. Moving from a full ignitions
scenario to a 50% ignitions scenario decreased the WUI area burned by 56,917 ha. Increasing
prescribed burning from 100% of planned acreage to 200%uofigd acreage reduced WUI
area burned by 20,622 & 0.70).

Oak live biomass within national forests and national parks increased over the simulation
under all scenarios (including the BAU scenaFig. 4.3). Scenarios with the greater burned
area on th landscape (for example, full ignitions, WUI suppression, 200 % prescribed burning)
limited the amount of oak biomass gained over the simulations; due to increased adult oak
mortality from fire in these scenarios. In scenarios with 100% of anticipatecried burning,
adult oak biomassicreased 55%ver the simulation, while ithe 200% prescribed fire scenario
adult oak biomass increased0%. Both of these were lower than the BAU scenario which saw

adult oak biomass inaase ~ 60%. Ignition and suppression scenarios did not produce large
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changes to adult oak biomass. Oak regeneration (< 20 y/o oak biomass) increased with more
prescribed burning and under full ignition scendraak regeneration increased by as mugh a
100% in the WUI suppressionyli ignitions, and 200% prescribed fire scenafieg. 4.3).

The prescribed burning scenarios all show greater oak regeneration when compared to a
business as usual scenario (50% of planned prescribed burningAfidncreaes in prescribed
burning had a larger effect on oak regeneration than either ignitions or suppression scenarios.
Increased prescribed burning was able to offset increasing suppression in the wildland, the WUI,
and both. Increasing suppression focusecherWWUI (versus wildland) substantially reduced
WUI area burned but was inconsistent with regard to their rank in effect on oak
regeneration Full suppression scenarios all reduced the amount of WUI burned while also
decreasing the amount of oak biomaggererated. Scenarios where ignitions were reduced all

reduced both the number of WUI acres burned and the amount of oak regeneratibA)Fig.



Table4.1: Parameters controlling when prescribed fire can occur.

Parameter Value
Maximum wind speed 28.88km/hr
Maximum temperature 32.5°C

Minimum relative humidity 30.0 %

Minimum fire weather index 10.0
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Table4.2: Management Scenarios and Description.
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Name Prescribed fire Human Accidental Suppression Tactic
in NF (ha) Ignitions
BAU ~10,000 ha No change No change
Rx100 Ignf) WUIsup ~20,000 ha Decrease 50 % 50% increase in WUI
Rx100 Ign¢) WLsup ~20,000 ha Decrease 50 % 50% increase in wildlanc
Rx100 Ign¢) Fullsup ~20,000 ha Decrease 50 % 50% increase in both
Rx100 WUIsup ~20,000 ha No change 50% increase in WUI
Rx100 WLsup ~20,000 ha No change 50% increase in wildlanc
Rx100 Fullsup ~20,000 ha No change 50% increase in both
Rx200 Ignf) WUIsup ~40,000 ha Decrease 50 % 50% increase in WUI
Rx200 Ign¢) WLsup ~40,000 ha Decrease 50 % 50% increase in wildlanc
Rx200 Ign¢) Fullsup ~40,000 ha Decrease 50 % 50% increase in both
Rx200 WUIsup ~40,000 ha No change 50% increase in WUI
Rx200 WLsup ~40,000 ha No change 50% increase in wildlanc
Rx200 Fullsup ~40,000 ha No change 50%increase in both
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Parameter Model Scenario Location
Hurmnan accidental Full ignitions Full estimated ignitions
ignitions
& 50% ignitions Decrease human accidental ignitions 50%
Rx 100% Prescribed burn ~ 50,000 Ac/ year in national

forests/parks boundary zone

Prescribed burning
Prescribed burn ~ 100,000 Ac/year in national

0
Rx 200% forests/parks boundary zone
WL Increased suppression in wildland (non-wul) 50%.
Increased suppression wul Increase suppression in the WUl 50%
Full Increase suppression in both 50%

Figure4.1: The seven landscaseale managemestrategiesused in this study. Note that green
denotes the area of interest, while gray the area unaffected. Full scenarios have some gray cells

owing to being unforested, and thus not simulated.
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compared to a business as usual (BAU) scenario. Suppression strategies represent 50%
increases in historic suppression scenarios. They are wildland focused (WL), wildtzard
interface focused (WUI), or combined (Full). Rx st@s approximate 100 % of planned

burning completed (100) or 200% of planned burning completed (200). The ignition scenarios
represent anticipated ignitionsulf ignitions) and a 50% reduction in ignitions. The BAU

scenario represents historical scenamnaith 50% of planned burning.
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Figure 4.3: Change imak biomass under simulated management scena)jdacrease in adult

biomass (>20 y/ojepresented as the % of increase from 2@ilB100 b) Oak regeneration

(oak biomass >20 y/akpresented ®.a % increase compared to the business as usual (BAU)

scenario. Suppression strategies represent 50% increases in historic suppression scenarios. They

are wildland focused (WL), wildlangrban interface focused (WUI), or combined (Full). Rx

scenarios appyximate 100 % of planned burning completed (100) or 200% of planned burning

completed (200). The ignition scenarios represent anticipated ignitions (full ignitions) and a

50% reduction in ignitions. The BAU scenario represents parameterization in thedailsto

scenario, with~50% of planned burning.
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Overview of management scenarios
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Figure 4.4. Comparing WUI fire reduction with oak regeneration. Thax¥s represents the
change in young oak biomass (< @&ars old) when compared to adinessas-usual scenario.
Y-axis represents thpercent change in WUI area burned when compared to a business as
usualscenario. Point shape represents the ignition scenarios, the color of the suppression

strategy, andhesizedenoesthe prescribed burningcenario (kg. 4.1).
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4.4Discussion

We provide evidence for the social benefits (preventing fire encroachment in the WUI)
and the ecological benefits (oak restoration) for active fire management. Crucially, our
simulations demonstrate continued gains in both ecological healtho@k restoration) and fire
prevention and reaffirms economic studies showing that prevention efforts on a cost basis are
highly effective (Butry, 2009, Prestomon et al., 2010). Our results show that limiting ignitions
can be the strongest mediator fdamye proportion of wildfire incursion into the WUI. Ignition
management efforts may be leveraged on a rapid basis, given that they can be centrally
controlled, targeted, and would require less training to scale in the short term (Butry et al., 2010).
Proactive fire management on the landscape can substantially reduce the need for reactive
management, however, enhancing suppression resources will likely also be necessary to retain
similar protection to the WUI under a warming climate (Robbins et al. gjpgpation).

Increasing fire suppression in the WUI and in the wildland both saw increases in preventing
WUI incursion, representing instances where fire spreads within the WUI and where wildland
fires spill over into the WUI respectively. While WUI supsies will engage a greater number
of fires; the larger wildland fires may be harder to control and could result in a larger (if
periodic) encroachment into the WUI.

Increased suppression and suppression of wildland fires generally reduced oak
regenerationcomparatively, although it increased adult oak biomass 4HEYy.However, this
balance may be trading shaéerm gains in oak biomass and fire prevention for {arg
ecological instability, as species composition shift away from historically donpgesphytic
species (such as oak) and toward more fire intolerant competitors. (Nowacki and Abrams,

2008). In the absence of prescribed burning or the mechanical removal of understory
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competition, this will likely continue the trend of denser forestsliamited oak regeneration
(Robbins et al., in preparation; Alexander et al., 20@1the long term, the diminished presence
of oaks may destabilize the terrestrial food chains in the Appalachians and lead to loss of
ecosystem function (Alexander et al022). Increasing ignitions management efforts together
with managed fire, in contrast, present an ecologically beneficial option to prevent wildfire.
Prescribed burning within national forests and national parks reduced fire spread into the
WUI at both thel00% and 200% planned levels suggesting that continued increases in
prescribed burning continue to reduce the likelihood of fires burning into the WUI. Even a
doubling of current prescribed burning plans seems to have continued benefits to both society
ard ecology. Cleaves, Martinez, and Haines (2000) estimate the cost of prescribed fire to be
$26.30 an acre (~ $42/acre in 2022, considering average inflation of 2.21%) and thus the 50,000
acre expansion we simulated here could total roughly $2.1 millear./We can calculate here
that for every additional acre burned in the national forests and parks (~ $42) (above the 100 %
planned), 1.04 acres of WUI is protected from fire in the future. Butry (2009) similarly estimated
that in the southern U.S. for ayebl spent on prescribed fire treatments, $1.53 in wildfire
damage was avoided, though they caveat that these savings are spatial dependent. While we did
not calculate the money lost from WUI fire, we can assume that the median would be far greater
than 312 per acre. It is likely that it would be more expensive to burn in the Southern
Appalachians than the median value for the southern U.S however, owing to the topography
(topography requires more difficult ignition and contalironments, with increase expenges
Additionally, increased wildland fire in the national forests and parks (scenarios in which
wildland suppression was not increased and/or ignitions are held constant) increased the amount

of oak regeneration as well. However, this increase was far lesthtitaachieved by increasing
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prescribed burning (Fig. 3). This highlights the need for a consistent fire regime to create canopy
openings and remove competition (Keyser, Arthur, and Loftis, 2017)irfolerant trees

greater than 10 cm typically are rkiited by a single fire but instead require multiple fires to be
removed (Brose et al., 2013). While managed wildland fire can increase the total area burned, it
may not reach the required regime shift necessary for oak restoration (in this climat®}scenar
Prescribed burning, on the other hand, may focus on a much smaller total area than wildland fire
use, but it can ensure that those areas (to the best degree possible) receive continued and
targeted treatment, a necessary condition for oak regeme(Btiose et al., 2013). However,
incorporating wildland fire may enhance restoration in ways we are unable to capture through
this simulation process. Managers in reality can adapt their management plans based on where
wildland fire is occurring, and prittize other locations for future prescribed burns.

As we have seen in previous studies (Arthur et al., 2015; Green, Arthur and Blankenship,
2010), fire often increases young oak biomass but may also increase the biomass of other
competitor species. Oakstoration may then require additional management (fire or mechanical
treatment) to release oaks into the 1sidry (Brose et al., 2013). In our simulations with
increased fire on the landscape, some stands transitioned to becomdomesated,
particulaly by Liriodendron tulipiferg a fastgrowing early successional mesic. This is an
important consideration for managers looking to restore oaks: creating the open conditions in
which oaks can regenerate must be balanced with the seed sources avaitablddraaks and
the consideration that overstory oak may be replaced by theistorg competitorgAlexander
et al., 2021). Preventing overstory oak mortality requires a morspetEfic ecological analysis
(fuel loads, state of regeneration, andltteof overstory) than possible by simulated

management (Brose, et al., 2013). Other studies focused on repeat burning have achieved low
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overstory basal area loss of oaWgaldropet al, 201§. However, our simulations suggest that
while strategies fo@ed on intensively managing stands may account for a smaller proportion of
the landscape; more widespread strategies may not provide sufficient fire return interval to revert
stands out of alternative stable states.
Considerable uncertainty remains arduhe future climate of the Southern

Appalachians and how it will affect the fire regime. In our previous research, we identified that
under more extreme climate change models, regeneration rates will likely be much lower as the
frequency of droughts ineases and this will need to be considered (Robbins et al., in
preparation). Further, increased drought and drought variability might increase the annual area
burned by ~500%, in which case the application of additional prescribed fire might become
deleterous (Robbins et al., in preparation).Overall we saw no climatic limit in the Southern
Appalachians to the number of prescribed burning per year before 2100 (if our assumption of
five ignitions per day remains possible). Hotter and diierate scenariofjowever, may limit
the ability to conduct prescribed burns in the Southern Appalachians over the next century,
potentially limiting these restoration efforts (Kupfer et al., 20R@sources for local
suppression efforts may become further taxed as timnahheed for fire suppression increases
under climate change (Podur and Wotton, 2010; Stonesifer, Calkin, and Hand, 2016).

Additionally nonclimate fire regime shifts may also occur. Changes in income and WUI
expansion may also change both the spatlationship of ignitions and the susceptibility of the
WUI (Radeloff et al., 2018). Additionally, nationwide trends in arson are trending downward, as
does the number of wildfires caused by smoking, perhaps leading to-&tondrop in human

ignitions (Bowden et al., 2013).ghitions and development in the WUI have a-oelive
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distribution, with the most human accidental ignitions occurring at median home densities in the
WUI (Mietkiewicz et al, 2020).

While these scenarios may improve ecologicalitaland mitigate fire hazards,
implementing this management will require sustained effort and increased resburttes.,
conducting and prioritizing prescribed burning can be further constrained by practical
considerations (proximity to people, thepence of fire breaks, air quality, and liability)
(Costanza and Moody, 2011mportantly, our analysis did not account for limits to the
collocation of the fires, and how multiple fires might create concerns for smoke exposure.
Additionally, our study aas represents a rare condition in the southern U.S., as a large
proportion of land is federally owned; additional studies of management with less federal land
are necessary to assess the implementation of landowner burning programs.

4.5 Conclusion

Active management (reducing hurmaccidental ignitions and prescribed fire) can limit
the amount of area burned in the wildlamtban interface and more than offset the ecological
cost of increasing future suppression under climate change. Continuedhienest prescribed

fire in the Southern Appalachians will continue to yield positive secaogical outcomes.
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Chapter 5: Western Pine Beetle Mortality In The Sierra Nevada Will Be Driven By Future

Drought, Mitigated By Lower Host Densities.

5.1 Abstract

Forecasting forested ecosystems under climate change will require capturing the
dynamics of bark beetle (Dendroctonus spp.) outbreaks. Complex interactions among beetle
populations, tree host defenses &mést composition all determine the frequency and severity
of these outbreak. The 202D15 drought in the mixed conifer forests of the Sierra Nevada,
California, United States, could portend the massive ixisdatced mortality that will occur as
climatewarms and drought increases. To forecast the likelihood of future western pine beetle
(Dendroctonus brevicomus; WPB) attacks on its tree host (Pinus ponderosa, PIPO) in the Sierra
Nevada, we simulated WPB outbreaks under future climatstand densigsusing an insect
phenology and tree defense model (IMABIA). Our goal was to understand how host recovery
following the 20122015 drought and the future incidence of drought and warming would affect
the frequency and severity of outbreaks. Overall, oukbireguency appeared most connected to
drought frequency while severity appeared tied to stand basal area. We found that PIPO basal
area frequently failed to recover to {#@12 drought levels, and in scenarios with more frequent
future drought, it appeassnew lower basal area equilibrium was reached. Our results suggests
that the total basal area is the most predictive of the percentage of the basal area lost in any given
year, followed by drought severity and then host basal area and temperatured Watfimhile
PIPO density may decline under increased drought and warming, management that thins PIPO
stands to limit densification may reduce catastrophic outbreaks, such as those see2012012
drought.

5.2Introduction
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Bark beetle Dendroctonus sppoutbreaks are a fundamental disturbance to temperate
conifer forests and understanding how they will respond to a changing climate is crucial for
forecasting and managing forests (Bentz et al., 2010). Climate change will alter the complex
dynamics of hdrivorous insect disturbance in forests; possibly amplifying certain tree species
mortality rates (Weed, Ayres, and Hicke, 2013). The 280P6 drought and bark beetle
outbreak in the mixed conifer forests of the Sierra Nevada, California, United Stalds, co
portend the massive bark beeatiduced mortality that will occur as a result of a warming
climate and more frequent drought (Fettig et al., 2019; Madakumbura, 2020). During this period
it is estimated that approximately 129 million trees dialac,2017). The patterns of mortality
(the size classes and species Killed) strongly suggest that bark beetle host selection played a
dominant role in determining which trees were killed (Stephenson et al., 2019, Fettig et al.,
2019). Forecasting how regionaltbreaks of bark beetles occur and how climate change will
alter them is crucial to forecast forest change and adjusting management in accordance.

Bark beetles kill trees by chewing through the bark to feed on the subcortical layer, where
they reproduceM(ega and Hofstetter, 2014). When bark beetles successfully attack a large tree,
their populations can grow exponentially, fueling further attacks and thus generating eruptive
outbreaks of tree mortality (Raffa et al., 2008). Tree hosts, however, havekexomtwork of
defenses by which to defend themselves against these attacks (Frances@0@d)aNigorous
trees and those in dominant positions in the canopy are usually adequately defended against bark
beetle attacks (Goodsman et al., 2012). Howevken there are sufficient bark beetles in flight,
they can synchronize their attasfusing aggregation pheromones) to overcome even healthy
tree's defenses (Pureswaran, Sullivan, and Ayres, 2006). Under these conditions beetles can

attack larger treewhich facilitate larger populations of beetles, increasing the rate of
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generational growth that can occur (Miller and Keen 1960, Boone et al., 2011, Raffa et al.,
2008). The mortality that results from bark beetle attacks, therefore, depends on the balance
between the population levels of bark beetles, their attack dynamics, and the health and
aggregation of their tree hosts (Raffa et al., 2008).

Regional outbreaks of bark beetles odoecause of ammbalance between bark beetles
and their hosts due to eractions among weather, forest dynamics, and beetle populations.
Regional drought is often a catalyst for bark beetle attacks asstassed trees reduce carbon
assimilation and the defense mechanisms of the trees become compromised (McDowell et al.,
2011, Huang et al., 2020). High levels of competition among trees limit their access to water,
light, and nutrients and increase the bark beetle susceptibility (Goulden and Bales, 2014, Fettig et
al., 2007). Outbreaks mayop whermpopulations of beetles collapse due to cold winter
temperatures or natural enemies (Wermelinger, 2002, Sambaraju et al., 2012). However
outbreaks may also accelerate as warmer temperatarease the annual numbergaherations
in multi-voltine speciegRobbins et al., 2022).

Accurate forecasts of bark beetleduced tree mortality need to account for the influence
of climate on both populations of bark beetles and the defenses of host trees (Anderegg et al.,
2015, Bentz and J"nssson, 20159nderadtieraimaatei ¢ st r
leading to an increased likelihood of successful attack. At the same time, rising temperatures
may accelerate beetle population growth and increase the number of beetle attacks per season
(Robbins et al., 2022) or may create phenaalgasynchrony and therefore reduce the efficacy
of attacking beetles (Lombardo et al., 2018). Climate may accelerate the growth or limit the
reproduction of either a host or its competitors resulting in changes in the host structure that

facilitates or d@mpens beetle attacks (Williams and Liebhold, 2002). Bark beetle attacks
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themselves change the host structure, so any change in attack frequency may limit subsequent
attacks until host densities areastablished (Hart et al., 2015; Foster et al., 200&}se

interactions control the gradient on which forested landscapes are capable of sustaining bark
beetle outbreaks (Raffa et al., 2013).

Phenological models of bark beetles provide a method to forecast bark beetle populations'
annual and decadal respomgelimate and its effect on the likelihood of an outbreak (Bentz and
Jonsson, 2015). Tree host defense models provide a way to capture how tree stress and beetle
populations influences the likelihood of successful attack (Huang et al., 2020) To capsere t
processes, we modeled the phenology of western pine béstiedrOctonus brevicomisience
WPB) and its attack of ponderosa piRenus ponderosehence PIPO) using a combined
phenological and tree host defense m@&ebbins et al. 2022) o forecasthe future forest
conditions under which outbreaks could oceus,.coupled this model with a densitiependent
model of recruitment and growth and simulated under various climate scenarios. Our objectives
were to understand the likelihood of future oatiks such as those associated with the-2012
2016 drought and how forested stand conditions, drought, and temperature contribute to such
outbreaks. We hypothesize that 1) climate scenarios with increasing drought will see continued
outbreaks until there wemo longer sufficient PIPO hosts, 2) PIPO populations likely would not
return to pre2012 basal areawing to increased future bark beetle outbreak, 3) higher emissions
scenarios (RCP 8.5) would likely increase WPB induced mortality dilne beenefits warmer
temperaturegat the end of theentury will confer to beetle populations.
5.3Methods

5.3.1Study area
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Our study area is the southern Sierra Nevada of California, United States, encompassing
the Eldorado, Stanislaus, Sierra, and Sequoia National Forests, Kings Canyon, $equoia,
Yosemite National Parks (Fi§.1). The elevational range was determined by the 90th percentile
of the host PIPO range as estimated from the USDA Forest Service Forest Inventory and
Analysis Program (hereafter FIA, Bechtold & Patter&fll,5. The Stanislaus Tuolumne
Experimental Forest (located near the center of our study area, at an elevatiori @95690)
receives, on average, 940 mm of precimtatwith more than half falling as winter snow
(Adams et al.2004. Summer (Jun&eptember) is generally an extended dry period with air
temperatures thaange between-87° C. Winters are cool, moist with air temperatures that
range betweer’ to 7 C.

We selected 31 sites to simulate; these were measured betwee20P80&nd contained
>10% PIPO component by basal afed ha*; hence BA)The most dominant tree species
among these sites were PIPO, sugar ghieus lambertiang incense cedaCalocedrus
decurren$, canyon live oakQuercus chrysolepjsDouglas fir Pseudotsuga menzigsii
California black oak@uercus kellog), and whig fir (Abies concoloy. Initial tree densities were
estimated using FIA data for each site; species were binned into eight cohort sizes (by dbh) to
calculate the initial density.
5.3.2Model structure

To simulate the forests on each site, and its barkebéghamics we used the insect
mortality and phenology model (IMAP, Goodsman et al., 2018) coupled with the tree defense
and insect attack models (IMAFDIA, Robbins et al., 2022) in concert with a statistical models
of tree growth, regeneration, and bgakund mortality. As an overview of the model structure,

for a given year the statistical model simulates annual growth, regeneration, and background
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mortality for all tree species at a given silée ran he IMAP-TDIA model daily to account for

WPB inducel PIPO mortality on that site for that given year. The model then updates the
mortality experienced by PIPO. Each population of beetles and trees is then carried over to the
next annual step. This combined model output8thef each cohort and bark beefiopulation
levels from IMARTDIA.

To account for the growth, regeneration, and background mortality tree species, we fit
models to estimate these rates using data from the FIA (Bechtold and Patterson, 2015). We
selected plots in the study area that tveal censuses between 26P018(Fig. 5.1). We
analyzed these plots to determine the mean annual rate of growth (change in diameter at breast
height cm: @dbh) for each tree, the mortality
of new regenerain in each plot. Additionally for each plot, each species ®Aaand total plot
BA was calculated. PIPO trees killed by either insects or drqdgteérmined usinthe FIA
disturbancecode)were removed from the analysis of mortality as they would be captured in the
IMAP parameterization and tha®t included in background molits.

Tofiteachspecies peci fi ¢ growth model, @dbh was f it
previous size of the tree, the toB within the stand and the elevation the tree was growing at
(Fig. D1-D6). To fit the speciespecific regeneration model, the nuenlof regenerating trees
was fit to a generalized linear model with a Poisson distribution in which lambda is a function of
the total ploBA and the parental species pBA (Fig. D7). We estimated &ckground mortality
as the mean value across plots faclespecies amat each size class (Fig8p

The insect mortality and phenology model coupled with the tree defense and insect attack
model (IMAP-TDIA) simulates the life cycle, mortality, flight tree host defense and attack

efficiency of WPB. The IMAP puion of the model uses an integral projection to simulate the
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growth of WPB through the various stages of development (egg, larvae, pupae, teneral adult, and
adult). It additionally captures crucial demographic processes (oviposition rates, flighbmitiat
stage and temperatuspecific mortality). The TDIA model simulates the success of beetle
attacks based on tree demographics, beetle flight population, and drought (as measwyest by 4
standard precipitation index; hence SRlears). For more inforation on the parameterization
of the IMAP-TDIA for WPB see Robbins et §r022).
5.3.3Model modifications
To account for changes in the host density we made a key modification to the IMAP
TDIA. Within the IMAP-TDIA, bark beetle attack success is calceddbased on the number of

successful attacks per PIP@) as follows,

wherek is the aggregation efficiency of the beetlesjs the density of WPBs in flight
(beetles/ha) attracted to a given PIPO host clas$ daadhe potentiahumber of hosts (PIPO ha
1 in each host size class. Given the expected number of WPB attacks peti) i (
resulting rate of tree mortalitfQ « N , is calculated as follows,
0end  —,

(2)

wheres is the critical number of attacking WPBs needed to overcome a single PIPO 's defenses

andTt ‘O« NW) 1.

Ca

«0 70+ NG 8 (3)
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As ¢ increases, the probability of PIPO survival increases and the WPBs in flight become
less effective in reproducing. In Robbins et al., 2022, we refaimad the influencef drought
and PIPO size as a logarithmic equation

aeEQ 1 16 1T (4)

wherd represents a baseline number of WPB needed to kill a PIR€iteds the influence of
drought on stress ; andf is the parameter that reflects the influence of the PIPO size class of

the hosts9 (binary 1 or 0).

Increased tree stamtnsityreduces resource availability atieereforeowers the
defense capabilés of the host to defend itself against beetlasis predictive of mortality
(Fettig et al., 2019We amendedhie TDIA mortality model to account for plot levA in the
calculating of phi (the number of beetles needed to kill a tree) as,

aéEQ 1 16 1Y 1 ©Oh (5)
where D is the ploBA (inclusive of all species).

The TDIA model was then fearameterized using a Markov chain Monte Carlo
optimization to capture the effect of the total @@t described in Robbins et al., 2022, using
regional data on bark beetle mortality (268818, Table S1 and S2). Overall IMARDIA
captured 94% of the variability in PIPO population at each time step and 72% of the variability
in amount of ponderosa pine killed each time step(ZX8, Fig D9). IMAP-TDIA
additionally captured the general temporal trend of outbreak occurrenceZ@0D86Fig D10).

The plot leveBA was continually updated during parameterization in response to PIPO
mortality. Data for stan8A was calculated from FIA (Bechtold and Patterson, 2015).

5.3.4Hypothesis testing
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Climate scenarios to drive each site weéogvnloaded from the MACA (downscaled
database (Abatzoglou and Brown, 2012) for each(able5.1, Fig.5.1). We used four global
climate models (GCM) each under the 4.5 and 8.5 relative concentration pathways (hence
R C P 6Thesemodels were drive by the minimum and maximum daily temperature and the
standard precipitation index withfaur-yearlag time (hence SRlyear,Madakumburaet al.,

2020). SP# year is calculated as the difference between the last four years precipitation and the
mean fow year normal, divided by the standard deviation of the four year normal. Four year
normals were calculated from 20@011.Each site was then simulated using the combined
IMAP-TDIA and vegetation model using historical climdtta from 200€018 and climate
modeldata from 2018099. Historical data was used in place of GCM ggrdata to
reconstruct the 2032016 drought and bark beetle outbreak and its effect on stand structure.
Simulations were analyzed for the change in each spBd&esver time. Taunderstand the
individual risk to stands of bark beetle outbreak on an annual basis, we fit dimpaasial

model for the predictor variables of total sta8@, hostBA, annual mean temperature, and-SPI
4year.

5.4Results

In both emissions scenarios (R€@B and 8.5), simulated PIPO did not consistently reach
the average landscapé seen before the 2042016 drought and WPB outbreak, this affirms
our first hypothesis, th&A of PIPO is unlikely to return to the landscdp® it held prior to
2012(Fig. 5.1.)The RCP 8.5 scenario suggests greater variability in outcomes with both higher
and lower bounds of estimated PIB@. Incensecedar, white fir, Douglas fir, and sugar pine all
increased as a share of the t&Al compared to pr2012 levels. Howevehy meamBA PIPO

remained the dominant species on the landscape over the next century.
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The mean trend line of a slow recovery in both emissions scenarios however, mask the
divergent futures of outbreak presented by individual climate scenario$ @idgrhe frequency
and severity of outbreak was relatedPi® OBA recovery and the frequency of drought2$5
SPHyear (Fig5.2). PIPO biomass failed to recover to2@&122016 levels in all except two
climate scenario (HadGeM&365 RCP 8.5 and CSM4 R@E5 climate scenarios), affirming
ourfirst hypothesisAcross modeldarger outbreaks occurred as the landscape average BA
approache 30 ntha! and smaller outbreaksccurredat alandscap@A near 20 rtha. In the
HadGEM2cc365 scenario, an outbredakigar in magnitude to that of 2012016 occurs
following BA recovery to near 2012 levels. The recovery in PBE?Oneeded to initiate
outbreaks of the same magnitude as the 2B event seems unlikely to occur prior to 2075.
However, smaller outbreaks&ddoccur when the drought levels were similar to those seen 2015
(SPH4year ~2.5). For example, the CCSM RCP 4.5 climate scenario had regular outbreaks (of
decreasing magnitude) until 2050 when it forecasts lessoning drought. The GFDL ESM2G RCP
4.5 and &DL ESM2m RCP 8.5 climate scenarios had frequent small bark beetle outbreaks
throughout the next century, which kept average landscape BPAP@ound 20 m2/ha. These
models could be characterized by their high variance in th&gRIr and many years in igh
SPHyear <- 2. Even under climate models with frequent outbresdkh successive drought had
a lower magnitude adutbreakmortality, suggesting that stand or host density is limiting
outbreak size (Figp.2).

In estimating the annual percentagd>t®O mortality in each stand from predictors of
the annual mean temperature, annual minimurrd$RItotal plot BA, and host BA, our quasi
binomial generalized linear model found each predictor to be signifi€abtg5.2, p <0.05).

Additionally, we foundhe interaction between pIBtA and hosBA to be significant. Overall,
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this model had a H= 0.855 (Guisan and Zimmermann, 2000). ANOVA also suggests that total

plot BA (F= 6576 was the most predictive variable in determining percent PIPO mortality
followed closely by annual minimum SByr (F = 5,089) and then PIPBA (F=788. We

interpreted that higher stand BA is the primary predictor of resistance under a given drought
level (Fig.5.4). For example, even a minor drought (8Bjlear =1) can trigger near 100%

stand mortality at a starBA of 100 nf-ha’. However, at a starBA of 50 n? ha', 100% high

levels of mortality would likely require a deep drought (8f¢ar < 2.5) and aR0 ntha' BA

high PIPO mortality is unlikely under even the most extreme drought. Further, drought tolerance
declinedas arhostpercentage dBA increasedWarmer temperatures (16° C, those expected

near the end of the century under RCP 8.5) generaligasd the expected percent of mortality

by ~10% (Fig5.4).
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Table 5.1: Climate models and relative concentration pathways (RCPs) used to drive the

IMAP -TDIA model.

Climate Model RCP
CCSM4 45/8.5

GFDL-ESM2G 45/8.5

GFDL-ESM2M 45/85

HadGEM2cc365 45/85




155

Table 5.2: Generalized linear model quasbinomial model fit to predict percent PIPO

mortality annually.

Variable Estimate Std Error p-value
Intercept -8.90 1.70e01 <2el6
Minimum annualSPF4yr -2.24 2.60e-02 <2elb6
PIPO basal i@a -1.99e-01 1.67e-03 <2elb6
Total basal eea 6.56 e02 7.59e-03 <2elb6
Mean annualemperature 9.83 e02 1.06e-02 <2el6

Total basal area x PIPO basea 1.85e-03 1.85e-04 < 2el6
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= * o "

Study area outline|
- Plots simulated |

Figure5.1: The outline of the study area in the Sierra Nevada, California, United States. Plots
simulated represent the approximate location of United States Forest Service Forest Inventory
and Analysis plots thate used inour simulations. Included for contexteastate boundaries

between California, Nevadand Arizona.
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Figure5.2: Mean landscape basal areaimal) by species under two emissions scenarios.
Ribbon represents the 95% CI of all models under this scenario. Species abbreviations are
ABCO:Abies conclorsCADU: Calacedrus deccuren®ILA: Pinus lambertaniaPIPO: Pinus

ponderosaPSME:Pseudotsuga meresii, QUER:Quercus chrysolepiand Quercus kellogii
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Figure 5.3: Projected (20062100) PIPO Pinus ponderosgbasal area (rhha’ denoted in

black) and 4year cumulative standard precipitation index (unitless, denoted in red) for each of
the eight climate model and emission scenario combinations. A lower SPI denotes increased
deviance from normal precipitation levels and thus inseshdrought. The dashed line
represents the mean PIPO basal ared tral) at the beginning of the 202016 drought and

PIPO pine dieoff. RCP is a relative concentration pathway emissions scenario.
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Figure 5.4: Predicted percent PIPO mortality atsrelates to host percentagey#éarstandard
precipitation index, [t basal area (rhha?). The solid line represents the mean anticipated
mortality; transparent ribbon represents a 95% CI. 13 °C and 16 °C represent the approximate

mean annual temperateiin 2016, versus higher anticipated temperatures toward the end of the
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century under RCP 8.5 emissions scenarios.
5.5Discussion

Our results provide additional evidence that the high levels of mortalityirs@8id 2
2016due toWPB was likely theconfluence of high overall tree density, abundance of ideal
hosts, warm temperatures, and deep episodic drought (Fettig et al., 2019). Vegetative expansion
(due to the suppression of fire) in the Sierra Nevada has created denser stand conditions that
exacebated this stress (Dolanc et al., 2014, Mcintyre et al., 2015). An abundance of medium to
largesized PIPO provided adequate hosts for the outbreak to occur (Restanino et al., 2019).
Limited precipitation and heightened evapotranspiration reduced dieessii water leading to
increased stress and increased susceptibility to attack (Goulden and Bales, 2019). Contemporary
warming accelerated beetle development and temperatures were never sufficiently cold enough
to end the WPB egdemic (Robbins et al.(22).

While it appears likely that future outbreaks will occur in the future if drought increases,
we estimate that they will be of lower magnitude as PIPO is unlikely to rBgaseen before
2012 (Hypothesisl). Crucially, this suggests the loss of Bt limits subsequent outbreaks in
the Sierra Nevada, even under rising temperatures and future drought conditions. In considering
our second hypothesigcreased drought did not increase outbreak to the point where future
outbreaksstoppeddue to insufftient hostsHowever the 20122106 outbreak and subsequent
outbreaks did limit future outbreak magnitude even under future drought of similar magnitude
(Fig. 5. 3). The strong negative feedback in host loss has been found in other bark beetle
systems, whe the loss of large diameter hosts even 60 years prior may prevent future outbreaks
under droughtd.g.,Hart et al., 2015). Host depletion or sojstimal hosts may limit bark beetle

efficiency and mediate the risk of future outbreaks (Foster et al.).20b& is an example of
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long-term ecological memory (Johnston et al., 2016) of these forests, as the action of one
disturbance may confer resilience against subsequent disturbances. While not captured in this
study, surviving PIPO may also have uniquwets$r(e.g., high growth rates) and genetically
confer resistance to younger trees, additionally limiting future outbreaks (Keen et al., 2020).
Our results show that future climate will likely dictéite level of forest densitat which future
forest regsience occus, as scenarios with much more frequent deep droughts maintained lower
average hoBA (Fig. 5.3). This suggests the 202206 drought and subsequent-dfémay be
adjustments to reach a new equilibrium under a changing climate normal BRtPtBas not
likely to reachBA seen prior to 201gH2). However, climate scenarios with less frequent
drought were more likely to regain priBA levels, at which time even they were susceptible
another massive outbreak (F&g3). Crucially, we assumeadequate future PIPO regeneration,
which may be increasingly at risk (Petrie et al., 2017). Additionally, we only simulated a single
disturbance here, while PIPO is facing changes in both insect and fire disturbance (Scheller et al.,
2018).

While our reslis show that changes to the climate may increase the frequency of future
insect outbreaks, they also provide evidence that management directed towalrtsgtlieet
density may provide more stable and resilient forests (North et al., 2022). Our rggpdid e
evidence that these densities amplified the mortality of the-2013 drought (Fettig et al.,
2019, Furniss et al., 2021). Fire suppression is perceived to be the driving force of higher tree
densities across Sierra Nevada forests and restimeénty this landscape may help mitigate
future densification (Dolanc et al., 2Q1Morth et al., 2022 PIPO that were treated to reduce
density (multiple mechanical and /or prescribed burns intended to increase stand resilience and

health at a minimum ¢f ha) had lower mortality rates during the 22116 drought and bark
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beetle outbreaks (Restanino et al., 2019). Importantly, our results suggest that this type of
treatment may be effective even under future a®es in drought and warming.

Our analyss of the climate scenarios shows a stronger difference between models than
emissions scenarios concerning the frequency of future drou@hbtsthird hypothesisias that
higher emissions scenarios would lead to increased WPB induced outbreaks. Temgherature
increase more rapidly under higher emission scenarios and our results suggest that on aggregate
this will increase the severity of outbreaks (big, Robbins et al., 2022). However, the variable
drought trends seem to outweigh the effects of inciesaperature on outbreak severity. Thus,
the scale of future outbreakppear to béess associated with a given emissions sceiaaudoare
more associated witinends in future precipitation. Emissions scenarios alone, therefore, may
not be the optimaklay to consider future patterns of bark beetle outbreak, given the uncertainty
of how precipitation patterns will respond. Rather a typology of drought can be used to
understand the range possible outcomes (Robbins et al., In prep). Under the moreMéeeit C
model ensemble, Madakumbura (2020) concluded that droughts withy&&1 similar to those
of 20122016 are moreliely to occur in the future.

We did not capture any deleterious effects to beetle populations that resulted from rising
temperaturedikely due to the mild climate of the Sierra Nevada. Our model captures the decline
in WPB flight that occurs with increasing temperatures, and its cessation at high temperatures
(38.9° C) (Robbins et al., 2022). Even under that warmest climate scenabaGEM-CC365
RCP 8.5), only 0.6 % of days (~2 days annually) exceed the maximum temperatures conducive
to WPB flight. In the last decade of the next century under the warmest model, this number
increases to 2%f days This equates to ~7 days per year \eh&PB are unable to fly and may

be insufficient to substantially limit pofation growth and WPB attack.
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This research also illustrates the tractable nature of the {WIAIA model to efficiently
test the interactions of bark beetles and their hostsiaugasites under various climate
scenarios. The structure of IMAFDIA and the methods used to parameterize it can be broadly
applied to any species of bark beetle in which sufficient phenological, flight initiation, and host
attack records exist (Robbiesal. 2022). As we show hetbe IMAP-TDIA also provides a
means by which to quantify the relative impact of three dominant drivers of regional bark beetle
outbreak, tree stress (both through climate and stand density), available host density and beetle
population dynamics (Anderegg et al., 2015). IMAPIA has the mechanism to capture crucial
life-stages peci fic growth and mortality rates neede
population dynanes (Régniere et al., 2012).

We made sveral key simplifications that limihe scopeof this study First, the empirical
nature of our vegetation dynamics (growth, regeneration, and other mortality) limits our ability
to quantify the competitive dynamics of the future Sierra Nevada forestsrwianging climate
conditions. Wavereonly able to account warmings effect on beetles and not on vegetation. The
incorporation of this simulation into a dynamic vegetation and growth model that could more
mechani stically c ap tedorclanatgduch aswater esdfeciencyon 6 s r es p
atmospheric carbon enhanagawth, regeneratiopwould improve on this (Koven et al., 2020).
Second, our model only simulated a single disturbance (bark beetles) and only for a single
species. Crucially, many tree species were subject to bark beetle attack in #2926 2ought
and the ppulation dynamics that result from this mortality may also shape future forests
trajectory. Additionally, PIPO is a fire adapted species, and the absence of fire may limit its
competitive advantage in the future (Larson et al., 2013).

Conclusion



164

The inteaction between bark beetle populations and forests of the Sierra Nevada has the
potential to change under increasing drought and warming temperatures. We conclude that
outbreaks of the western pine beetle in ponderosa pine stands are driven by drodeyitenci
(here measured byykear SPI) but their magnitude of their severity is mitigated by total stand
density and host density. We conclude that outbreaks of the magnitude seen2026h2e
unlikely in the near future, yet smaller WPB outbreaks witlly prevent host recovery to the
levels seen prior to 2012. Maintaining lower stand densities through the reintroduction of fire or

mechanical thinning, may maintain forests that are more resilient to WPB outbreaks.
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Appendix A: Supplemental for: Warming Increased Bark Beetlelnduced Tree Mortality
by 30% During an Extreme Drought in California

Section 1: Overview
The insect population model used in this study includes two components: 1) an insect

mortality and phenology (IMAP) model and 2) a tree defense and insect attack (TDIA) model.
The IMAP model was built usgithe integral projection model framework described in
Goodsman et al.,2018. IMAP simulates female members of a bark beetle population on a per
hectare basis from oviposition through 5 development stages (egg, two larval instars, pupae, and
teneral adult)flight, and attack on new trees. IMAP considers rates of fecundity, temperature
dependent insect mortality, and temperatigpendent vital rate of development. IMAP
originally assumed a constant attack success rate and does not explicitly considerdbadity
and tree vulnerability due to drought stress. We developed the TDIA model to represent
efficiency of attack depending on tree defense related to drought stress, the density of flying
western pine beetles (WPBendroctonus breviconjistree denigy, and attackpreferences.
Please see TablelAor a summary of data used for model inputs, initialization,
parameterization, calibration, and validation.
Section 2: Data descriptions

This section includes descriptions of the data used for npadameterization and
validation including, the climate drivers used to run the IMAP and TDIA models, the tree stand
census and annual tree mortality data used in model calibration and validation, and insect

development and flight data.
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Table Al: Key data used for model inputs, initialization, parameterization, calibration, and
validation

Data Use Sources Reference
Climate Model input for Daymet, Thorton et al., (2014)
IMAP and TDIA  PRISM Madakumbura et al., (2020)
databases Daly, Taylor, and Gibson
(2997)
Tree density Model input for  Forest Bechtold and Patterson, (200
TDIA Inventory Stanke et al., (2020)
and Analysis
(FIA)
Tree mortality Model calibration FIA, Fettig et al., (2019)
and validation for observationa Stephenson et al., (2019)
TDIA | field Miller and Keen,(1960)
studies.
Insect Model Experimenta Goodsman et al., 2018,
phenology/overwinteringc parameterization |dataand Lewis, (2011)
mortality for IMAP observationa Powell and Bentz, (2009)
| field Hilbert and Logan,(1983)
studies McCambridge, (1971)

Fettig et al., (2019)

Miller and Keen, (1960)
Stephenson and Dahlsten,
(1976)

Régniere et al., (2012)
Keen and Furniss (1937)

Insect flight Model validation Insect Gaylord et al., (2008)
for IMAP trapping Hayes, Fettig, Merrill (2009)

2.1 Climate driver
Daily climate drivers were downloaded from DAYMET (Thorton et al. 2014) including
the study period (2008018), plus the previous five years used to initialize the model {2001
2005). Minimum and maximum temperatures and precipitation were estimatedHfaubac
region. To select a drought index, we conducted a sensitivity test comparing each index against

the pattern of ponderosa pine (Pfhus ponderosanortality estimated (FigA1). We tested
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variance the drought driver exptes in changes in percent tree mortality for each of the four
sites.

Based on the correlation between each drought index and observed PP mortality, we
chose a 4ear cumulative Standardized Precipitation Index as our drought driver representing
tree defens vulnerability. This additionally has been shown in previous studies to be the
greatest predictor of tree mortality during this drought event (Madakumbura et al., 2020).

Drought was calculated at each time step as

0 : Al (

where’ and,, are themean and standard deviation of theydar rolling
sum for the period of 1998005 was calculated for each spg.year sumyepresents precipitation
in the prior four years at time stepC: was used to calculatein eq. 10 of the TDIA.
2.2 Vegetation data

To calculate annual PP mortality, FIA plots (Bechtold and Patterson, 2005) within the
time relevant period were isolated from within each of the above study areas fe2@@Ea6n
order to differentiate the spatial variability in climate condgiathe total study area was divided
into a North and South latitude along 37.5° (approximately the midpoint) and two elevation
bands, determined by the™®percentile of the PP range as estimated from FIA (TAtd®Our
choice to use the FIA data wasw#m by the need to achieve data coverage for both drought and

non-drought years.
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Table A2: Subregions of study area

Latitude Low elevation High elevation
37.539.1 400-1399m 14002000m
35.437.5 800-1499m 15002200m

Only PP densities were used in the analysis as PP is the only host of WPB within the
study areas (Miller and Keen, 1960). Each tre
was taken from the individual tree census data (CA_TREE). Individuahteresaggregated
into two study diameter classes (10-8h8 cm and >31.8 cm dbh, diameter at 1.37 m in height)
in each study site using the plot level adjustment factor and then scaled to a per hectare basis. To
calculate PP mortality, we first isolatdtetPP with a mortality code and removed entries for
which the cause of mortality could be directly attributed to causes other than insects and drought
(e.g., fire, harvest, human, animal, and mechanical). Additionally, we subtracted 1 year to
account forlie year the tree was infested by insectss rather than the year death was observed.
Because mortality can only be calculated retrospectively, we calculated the number of PP per
hectare that were surveyed as having died each year (in FIA: MORTYR) and ctaus&ru
percentage of the average number of PP per hectare surveyed each year that were killed. We
used this percentage for each study area per year for model validation. PP density sampling error
was calculated using the rFIA package (Stanke et al., 20B@h runs the error estimation
procedures outlined for FIA protocol (Bechtold and Patterson, 2005). This sampling error was
used to estimate the error in the parameter estimation for the attack model.

Our estimation of tree mortality from the FIA datdicated that, between 202016,

~33% of all trees >10 cm dbh were killed. This includes ~50 % of all trees >31.8 cm dbh killed
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and ~ 22% of trees 181.8 cm dbh killed. These estimates are lower than the plot observations
by Fettig et al., (2019) whickaw smaller dbh classes of 12.7 and 25 cm experiencing mean
mortality of ~42 and ~70 %, with all larger size classes experiencing mortality above 80%.
Stephenson et al.,2016, found PP size classes fre2f £t dbh experienced ~18% mortality,
20-50 cm dbhexperienced ~ 32% mortality and those > 50 cm dbh experienced ~50% mortality.
Our PP mortality rates fall between those reported by Fettig et al., (2019) and Stephenson et al.,
(2019). Of note, Fettigetal.,208% | ect ed pl ot s t h axtp ewd reen c@3d5 %
PP mortality in the last two years. These plot selection criteria may have contributed to the
higher levels of PP mortality levels reported by Fettig et al., 2019. However, Stephenson et al.,
(2019) covered a much smaller portion of $ierra Nevada than that represented in Fettig et al.,
(2019) (i.e., the Kaweah Draiga in Sequoia National Park).

As for the temporal pattern of mortality, our PP mortality data when compared to Fettig
et al., 2019 captures 92.47% of the variance fdnat size classes, and 89.94% and 92.60% of

the variance for the small and large size class, respectivelyAR2ig.
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Figure A2: Percent of PP mortality in our FIA analysis for A) all hosts (>10 cm
dbh,diameter at 1.37cm in height), B) the largerttsize class (>31.8 cm dbh), and C) the small
host size class (181.8 cm dbh). Red dots represent data from Fettig et al.,(2019). Bars

represent FIA analysis.?Represents the proportion of the variance the FIA explains in Fettig et
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al., (2019) for yearsvhere both were available.
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Figure A3: The influence of host tree size on tree mortality. During the years prior to the
drought 21.2% of trees killed were in the large host size class (>31.8 cm dbh), however during
the drought 62.9% of trees killed rsgan the large host size class.

2.3 WPB data

To parameterize the WPB response to temperature, we synthesized data found in Miller
and Keen (1960). This seminal work provides summaries of many studies conducted by the
USDA Forest Service and others on #dmelogy and management of WPB. The data presented
provide estimates of the development rate of eggs, larvae, late larvae, pupae, and adults. Miller
and Keen (1960) also provides mortality thresholds for different WPB life stages and average
population stastics on background brood mortality. Please see the supplemental spreadsheet,
BiologicalData.xIsx for valas used in parameterization.

Additionally, the sex ratio of emerging WPB (female to male) was estimated to be ~
1:1.03 (Stephen and Dahlsten, 1976} simplicity we assume half the WPB eggs are female.

Overwintering morthty of larvae was estimatddom literature values (Keen and Furniss, 1937).
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Section 3: Model initialization, calibration, and validation

3.1 Stand density initialization

To calculate initial vegetation, FIA plots (Bechtold and Patterson, 2005) within the time
relevant period were isolated from each of the study areas (FaB)eThe dbh of each PP and
density (PP per ha) were isolated from the tree inventory file. Theseaggregated to represent
the density of each of the study's diameter classes for each study site using the plot level
adjustment factor and scaled to a per hectare basis (FaBJeThe mean number of PP stems
per hectare from 2005 and 2006 was useathtodate initial conditions in 2006

Table A3: The number of host stems per hectare at each of the four simulation sites.

Latitude Low Host stems/ha High Host stems/ha
elevation elevation
37.539.1 400-1400m 51.29 14002000m 97.44
(23.37: 10 (42.96: 16031.8
31.8 cm dbh, cm dbh, 54.48: >
27.92: >31.8 31.8 cm dbh)
cm dbh)

35.437.5 800-1500m 115.18 15002200m 96.25
(71.42 1031.8 (71.42: 1631.8
cm dbh, 43.76 cm dbh, 24.38:
> 31.8cm dbh >31.8 cm dbh)
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3.2 Parametrization of phloetemperature

Western pine beetle spends the majority of its life cycle within the inner bark of host trees
(Miller and Keen 1960)To account for the differences between air and phloem temperature, we
related the phloem temperature on a-dally basigo the daily measured minimum and

maximum air temperatures provided by DAYMET. We compared hourly temperature phloem
data for four PP with the hourly ambient air measurements for one year. We parameterized a
sinecurve relationship based on the ambienlydainimum and maximum temperature to

capture the temperature change throughout the dayA(bignd TableA 4). Based on hourly

means through the year we determined 4:00 and 16:00 to be the most representative minimum

and maximum temperatures by whictbese the sine transformation (Fig4).
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Figure A4: The mean, mean maximum and mean minimum hourly phloem temperatures

across trees at each hour of the day based on sampling of four PP.

A sine relationship was fit to oscillate between the daily minmtemperature (4:00) and the



184

daily maxi mum temperature (16:00) and then t
(Fig. S6). We then fit a linear adjustment for every 3 hours for a total of 8 periods within the day,

to account for the insulating efft of PP bark (FigA 5 and Table 4).
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Figure A5 The relationship between the observed phloem temperature and the linearly adjusted
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Each period of the day aligns with the observed phloem tempettan Rof > 0.92

(Figs.A 5 andA 6). When applied within the growth rate model, these temperatures are used
when calculating the daily rate by applying the 1/8 development rate, 8 times for each of these
temperatures within a day. These are summed @ven day and calculated as the daily median
rate.

Table Ad: Parameters estimated for use in eq. 1, to account for the insulating effect of

PP bark on phloem temperature compared to ambient air temperature.

Time (s0]0) b1

4:00 3.8532 0.9677
7:00 1.8698 0.9352
10:00 -0.4533 1.0089
13:00 -1.1488 0.9858
16:00 0.0657 0.9424
19:00 -0.7026 0.9792
22:00 0.9346 0.9881
1:00 3.2294 0.9842
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Figure A7. Modeled temperature compared to phloem temperature for each of four PP.
3.3 Paramderization of oviposition rates
Oviposition determines the rate at which eggs are laid once a successful attack is
conducted. Within the model, 8 days pass after a successful attack before oviposition begins,

based on observations (Miller and Keen, 1960). The oviposition rate is degtdrnyin
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temperature to calculate the resulting number of eggs. Our oviposition model was constructed
using the temperature range of active WPB adults as well as published ranges of WPB
oviposition times (Miller and Keen, 1960). Oviposition requiregl@@ays, with an average of

~23 days. We coupled this with rates of WPB adult activity: 10°C is the minimum temperature
required for adult activity; 30°C is the assumed optimal temperature of adult activity; and 33.9°C
is the assumed maximum temperature for tagittivity. We reconstructed this relationship using

a model form of oviposition used previously in bark beetRgEgfiere et al., 2012)We used the

rates above to modify parameters, and tested the oviposition model against the days required for
90% of egs to be oviposited (Fig. S8). The mean time to oviposit 90% of the eggs for the curve
below is ~22.6 days, which includes the temperature extremes. It sets the boundaries as ~10.3°
~33.7°C. The zenith of the curve is ~30°C the optimal temperature asd (a3tdays (the

shortest oviposition record).

60

50

= Days to oviposit 90% of eggs
= = Days to oviposit 75% of eggs
=== Days to oviposit 50% of eggs

Days
20 30 40

10

10 15 20 25 30 35 40
Temperature (°C)

Figure A8: Days needed to complete a given percentage of oviposition based on the
temperature.

3.4 Parameterization of temperaturedependent WPB development rates
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We related the development rate forleatage of the IMAP model to the temperature at
each time step (eq. 2). We calculated this rate for eachtéifge (FigA 9). Each lifestage was
parameterized using a Mark&@hain MonteCarlo parameterization for 20,000 steps based on
published rates afevelopment for each stage and priors for the parametarsdTTy related to
the maximum and minimum survivable temperature for that stage. The method of establishing
the stronger priors based on survivable temperature provides the threshold curdelitidha
information not captured in the rates of development. To do this we first estimated parameter
ranges using an optimization routine. Then each parameter was set as a prior with a standard
deviation of 10% of its estimated value, each known minimmathmaximum temperature was
set as a prior with a 1° C standard deviation. Measured rates of development were assumed to be
accurate with 10 % the mean rate. The last stage teneral adult takes 7.1 days to develop within
the model regardless of the tempera. This was taken from the mean rate of development

(Miller and Keen, 1960), as there are no known temperature relationship studies on this stage.



Table A5:

The parameters fit for equation 2 for each life stage

Stage Ro Tm To ki di
Eggs 0.187|34.741 7.267 1056.23 | 7.588
Larvae 0.038| 34.701 5.167 766.41 | 7.566
Late-larvae |0.231|37.599 4.30 431.00 |11.30
(Prepupae)

Pupae 0.062 | 31.528 5.840 203.10 |10.016

191
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Figure A9: The development rates of the eggs, larvae;l&atal (pre-pupae), and pupae. Also
shown are the inverse rates, the days needed for development.
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3.5 Parameterization of WPB overwintering mortality

Each WPB lifestage has a separate mortality profile in relation to minimum winter temperature.
The larvae stage relates as a logistic function (eq. 4). The parameters for this function were fit
using d&a on the relationship between overwintering mortality and minimum air temperature

(Keen and Furniss, 1937).

Percent Mortality

100

R — Modeled
N ° @  QObserved

Percent Larvae Mortality
40

20

D_
60 -50 -40 -30 20 -10 O
Temperature (°C)

Figure A10: The modeled larval mortality curve fitéguation A, as compared to the observed
data (Keen and Furniss, 1937).

When phloem tempatures are below20.6 °C, IMAP reduces the egg population by
50% and the pupal population by 90%. Adults experience mortaliy& °C, IMAP then
reduces the adult population by 90%. These values are based on data from lab experiments

(Miller and Keen 1960). While these values indicate complete mortality, we left 10% of the
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population remaining to account for spatial and temporal heterogeneity in the landscape and
inner bark temperature. These values were tested for a range of valu28%g%o seefithe
ultimate result of the study was affected by this calculation. Overall summed annual WPB flight
differed by < 1 % as adult mortality was rare, and egg and pupal mortality events did not occur.
Additionally, the onset of winter temperatures( °C) Klls off the remaining seasonal adults
and WPB in flight in order to avoid populations living longer thair biological longevity.
3.6 Parameterization of WPB background mortality rate

We calculated base population level mortality rates using popukdionates (0.143)
from nonwinter temperatureelated mortalityévels (Miller and Keen, 1960).
3.7 Parameterization of WPB flight function

Gaylord et al., (2018) estimated the relative flight initiation of WPB at given
temperatures over an entire seadtie took the relative flight initiation temperatures and
aligned them with estimations of time needed for a majority of WPB to emerge from a tree,
which ranged from a few days to a week (Miller and Keen, 1960). Thus, the fastest rate at which
WPB would energe would be onthird of the population per time step. If this rate were
constant, in 3 days 69% of the population would disperse, and in 7 days 93% of the population
would disperse. We additionally enforced the maximum temperature (38.9°C) whergtthe fli
was recorded and minimum temperatures (18.6°C) to initiate seasonal flight as observed
(Gaylord et al., 2008). To fit the polynomial portion of the equation were fit using nonlinear least
squares regression (Fi§.11). Models with polynomial orders-% were fit and compared using
Akaike information criterion and the best performing model was the 2nd order polynomial. This

was the version included in the model.
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Table A6. Parameter values used in eq. &

Xo -1.299
X1 0.10900
X2 -0.0019475

Flight Initiation

0.5
|

@  Scaled Flight Initiation Gaylord 2014
— Model

0.4

0.3

Percent of Adults

0.1

Temp (°C)

Figure A11: The portion of the WPB population to initiate flight at each temperature as
compared to our rescaled values of Gaylord et al., (2008).
3.8 Paameterization for WPB fecundity

Fecundity is based on the estimated mean value (Miller and K860), 84 eggs per
female. As IMAP only tracks females, this is halved (42 potential offspring), based on their

estimation of population senatio of WPB that survive to flight



196

3.9 Parameterization of TDIA model

We used a Markov Chain Montarlo sampr to parameterize TDIA (k,,f ,I , and
}) against the observed PP mortality- (N = 30,
normal proposed distribution based on amedel sampling run. The final acceptance rate was
25.4% and the greatest acorelation was in thHe , which remained above 0.1 for
approximately 100 samples. We thinned the resulting chain to every 100 samples to account for
autocorrelation between samples (F&L2). From this, we took the 95% confidence interval for
individua parameters and for total estimation of effect error. We compared the median number
of trees from the parameterized model to the FIA PP mortality data described abo@d §fig.
The initial bounds of the parameters were set to allow for a biologieaible minimum
number of WPB to kill a tree. Initial boundaries to the parameters were set using published data
(Miller and Keen 1960, Hayes, Fettig and Merrill, 2009). For attack paraméters k,f , | ,
estimations of mortality were determined gsthe attack model and biological parameters
(Table 7). Within the attack model, k determines the aggregation effectiveness of WPB to PP (eq
6).T | ,1 determine the defenses of PP in relation to droiightand tree size class () (eq.
1 0) . erminesltieetrelative influence of the size class preference (eq. 12). Parameter values
that resulted in less than biologicaflyasible WPB successful attack numbers were also
removed (< 500 WPB attacking the larger host size class). A range was pravittesl f
parameters of the initial population of endemic WPB, calculated from survival rates above and

flight records.
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Figure A12. The Markov Chain Mori€arlo results for each of the parameters, including the
complete chain and the autocorrelation plots.
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Table A7. Parameter values and confidence intervals estimated for the TDIA model.
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Parameter

Median (95% CI)

Kk

0.2009(0.19710.2052)

I

10.03 (10.0€10.15)

f

1.545 (1.5271.550)

I

0.506 (0.5060.523)

Initial Population

840 (726870)

}

0.051 (0.0490.053)
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Figure A14: Results for calibration of the model. A) Average simulated PP mortality due to
WPB(20072018) compared to observed FIA tree mortality data for two PP size classes, small
hosts (1631.8cm dbh) and large hosts (>31.8 cm digrjpr bars represent the 95% confidence
interval, B) Calibration run results for the amount of PP mortality eigeced at each
subregion for each time step, R2 represents the regression between the model predicted values
and the actual values from FIA
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Figure.AlL5: Resuls for validation of the model.)A/alidation run results for the amount of PP
present at each subregion for each time step. B) Validation run results for the amount of PP
mortality experienced at each subregion for each time stépepResents the regression
between the model predict values and the actual values from FIA.
Section 4: Modeling Scenarios

We tested the contribution of climate warming by removing the amount of warming and
holding precipitation at observed levels. We measured climate warming by finding the difference
in the monthly means between our study period (Z8@18) and historic conditions (189945)
for both the maximum and minimum daily temperature. The mean for both maximum and
minimum daily temperature was subtracted from the observed for maximum and minzitygim d
temperature, for each month. This new climate driver was then used to run additional simulations
wherein the development rate of WPB, and the overwintering mortality represented historical
conditions. We compared these runs against the contempdraggectepresenting the relative

contribution of warming to WPB development rates and WPB overwintering mortality. Ple 95
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confidence interval of each run determined the mortality difference (as described in the paper).
We additionally pulled out individu@aspects to analyze, including the median development rate
under each scenario under each climate driver, and the number of mortality eveiffisrémtd
life stages of the WPBopulation.
4.1 Historic climate driver
Using the PRISM datasets (Daly, Tary and Gibson 1997) for 18945, we recreated
monthly means for minimum and maximum temperatures. We then calculated the variance
bet ween these values and our s-20L8) yhés sariancent e mp o

was then applied to the mintim and maximum climate drive(Big. A 15).
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FigureA16: The monthly mean of historic PRISM Normals (1-4985) and observed

climate dataset during the study period (22018).

4.2 Testing thetwo climates
Each climate was run for every parameterséihe 95% confidence intervagp A

3.10) and the upper and lower bounds of the tree populations at each time step were retained to
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calculate the confidence interval for PP mortality.
4.3 Comparing the number of WPB generations

To compare the expectedmber of generations between the two runs we used the
median rate of oviposition, development and flight in response to temperature and altered the
climate driver between the observed and historic for each study site, the number of generations
(and the proess toward the next generation) was averaggadayed for the study period.
4.4 Comparing the overwintering mortality for each WPB life stage

To compare the number of overwintering WPB mortality events for each stage, the
climate drivers analyzed the number of occurrences of temperatures less than each stage's given
threshold. Egg and pupal stages each experienced zero mortality events siraitlaion at
any site. The adult stage (teneral, ovipositing) did experience mortality, however, this altered the
annual flight totals by < 0.1%. Larval rates of mortality fluctuated from a mean rate 0f7%8%
and are included in Fid..5 in the main tet.
4.5 Estimating PP biomass lost

We estimated the amount of biomass lost from PP killed by WPB. To do this we created
an initial site biomass density for each study area using the FIA (Bechtold and Patterson, 2005).
| sol ating FI Ab $on{CARBON dh\&)ringhie sayne \wag @k almowe rwe
aggregated biomass for each of the two sizeclass& 10 8 ¢cm, > 31.8 c¢cm cbh)
estimation of per tree carbon (CARBON_AG), is calculated from the sum of above ground
biomass pools (stump, bole and)toging speciespecific allometric equations. It is assumed by
the FIA that carbon is equal to %2 biomass. Biomass can therefore be obtained by multiplying the
CARBON_AG pool by 2. We calculated the mean biomass density for each site between 2005

and 2006For each size PP class, each biomass density was equally attributed to the stem density



206

used in the IMAP/TDIA model. Results from the model runs were then interpreted through this

loss of PP biomass (Fig. 16).
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Figure A17: Estimated mean PlBiomass density across sites for contemporary and historical
model runs.
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Appendix B: Supplemental material for: Delayed firemortality has long-term ecological
effects across the Southern Appalachian landscape.

Methods
LANDIS -Il Parameterization

This section of the supplemeahtiescribes the parameterizatiortloé forested landscape
modelLANDIS-II for the southerrAppalachian landscape. This parameterization is part of a
large regional modeling effort and represents a-fbare area of the Southern Appalachians in
Georgia, North Carolina, South Carolina, and Tennegsethe LANDISI|I model draws on
multiple extesions, we have included here a section on each. A considerable amount of work
goes into each extension, so each exterts@a manal describing its function arldgic
available ahttps://www.landisii.org/. We additionally include a link to the Southern
Appalachians GitHub pages for each extensgiahe results sectignvhich includes the code to
parameterize the extension and the logic in doing so. Readers with more specific interests should
look at the narratives there.

Initial Communities

All LANDI S-11 simulations require an initial vegetation community; necessary inputs
detail the species and age cohorts present on every active cell and their associated biomass. The
initial communities consist of a map and text file representing the biomassefat agch
species in each grid cell. Toeatethis, we synthesized basal area imputation maps (Wilson et
al., 2013) with individual forest stand censuses (BAchtold and Patterson, 2Q1%otal basal
area and individual species basal area was assdaidth an individual plot using the

Sor ens on 6 sindvidual censussitels wane used to calculate the total biomass and age
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of each species in a grid cell. Age was calculated using the method by Caraeanand

Jacobs (1989) to associate heighd site index with age.

We simulated successional changes in vegetation, dead material, and soils using the Net
Ecosystem Carbon and Nitrogen (NEC&ktension (Scheller et a2011, v6.6). NECN
simulates cohort establishmegtowth, and mortalityNECN tracks the accumulation and
heterotrophic respiration of woody material, foliar litter, and three soil pools following the logic
of the CENTURY model (Partoi996).

Light and Establishment

We estimated regeneration as a function of lightlaaflarea index (LAI) using data
from the US. Forest Inventory and Analysis (FIA) PrograBe¢htold and Patterson, 2015;
McRoberts et al., 200%3ray et al,2012). For each FIA plot located within the study area, we
calculated LAI and regeneration. Hardwood species, we followed the procedure outlined by
Nowak (1996) whereby FIA tree species and diametersiged to estimate leaf ar€ar
conifers, we first estimated lebfomass from diametecalculatel surface area and used this to
approximateestimate leaf area (see Turner et 2000).All individual tree data were aggregated
and rescaled to estimate LA

Next, these LAI estimates were categorized
We plotted species median LAl and the standard tiewiaf LAI to identify five primary LAI
categories based on median LAI202-4, 4-6, 68, 810, 10+. Next, we plotted weighted
regeneration by pldevel LAI for each species and generated a probability distribution function
(pdf) for each species. Baon these pdfs, each tree species was categorized into a shade
tolerance class (%) as requirethy LANDIS-II. Finally, these pdfs were translated into a

probability of regeneratiofor agiven an LAI category by calculating the cumulative pdf values
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(probability dendiy) for each categorylo estimate FIA plot regeneration for each tree species,
we used the center FIAqt where seedlings (< 2.5 cm, diameter at 1.37 m)jdbére recorded;

we used seedling count divided by the total number of seedbnggyaneration weight.

Next, we plotted weighted regeneration by féotel LAI for each species and generated a
probability distribution function (pdf) for each species. Based on these pdfs, each tree species
was categorized into a shade tolerance ¢k&8$ as required.

Soils and Atmospheric Exchange of Nutrients

We created the NECN soil inputs by combining SSURGO (@&i# Survey Staff, 2020
deadwood data from the FIA, baseflow and stdow fapproximationsand data on soil carbon
and nitrogenMaps for depth, drainage, flood frequency, sand, and clay percentage, field
capacity, and wilting point were deriéérom the USGS SSURGO dataset and thdrset to the
study extent. These soil maps were aggregated from their original resolution oft@.then)
study resolution of 250 m. Total carbon was calculated using a CONUS level carbon maps scale
to the resolution of the study area (W@§t14). The guidelines in the CENTURiYanual were
used to divide the SOM into the fast, slow, and passive podlghen calculate the total N in
each pool (Partqri993). Given initial soil conditions, parameters for pool exchange were set
using consultation with model developers. Deadwood and roots were calculated by interpolating
between FIA sites for dead wooddaassuming dead roots made up 1/3 of total deadwood
values. For nitrogen deposition values a rain gauging station was used for Gatlinburg TN, along
with nitrogen depositio values for that location (National atmospheric deposition program:
Lamb and Bowersq 200Q location of that site for each year (262815). That was used to

create the slope and intercept relationship for precipitation and nitrogen deposition.
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To construct the base and storm flow rasterkenlbaseflow raster downloaded from the
USGS was resampled to 250m using bilinear interpolation and converted to float values between
0-1. NLCD, slope, and SSURGO soil data were combined to generate the stormflow raster using
a method from the WetSpa model (Liu and De Smedt, 2004). This methodgsraMookup
table to map different combinations of land cover, soil properties, and slope to expected
stormflow. Because LANDIS assumes an entirely forested landscape, we resampled land
cover to be one of three forested types (evergreen, decidudusyxed) based on nearest forest
type values. The slope was binned into 5 categori®@s5@, 0.55%, 510%, 1025%, and 25%
& above), and soils were grouped into 8 types (clay, clay loam, loam, sandy clay loam, sandy
loam, silt loam, silty clay, and siliglay loam). WetSpa and other documents indicate that each
forest type should have its own lookup table (forest, slope, soil) values for storiflead on
the forest type for a given location, the respective lookup table was used to assign a stormflow
value to a raster cell.

Climate Library

Both theNECN succession extension and € RPPLHire extension rely on a central
climate library developed for LANDH (Lucash et al., 2017). The climate library reads in
climate data from GCMs, RCMs, or histzal data sources and provides these dateesssary
to linked extensionsSlt he ¢l i mate | i brary is built around
similar climate conditions; there is no limit on the number of climate regions defined, although
compuation speed should be considered. We selected climate regions by clustering together the
growing season normals for temperature and precipitatiope@0normal values for mean

temperature and precipitation were gathered from the PRISM climate d@alype al., 1997,

these were summed over the growing season. We then performears clustering based on

0


http://www.prism.oregonstate.edu/normals/
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these values, with variable clusters ranging between 5 and 20. These were analyzédwo se
much variance each one encapsulated. We ultimately decided on 10 climate téigionsal

climate datavasdownloaded using Google Earth Engine and the GRIDMET data set
(Abatzoglou et al., 20)3Ne included precipitation, minimum temperature, nmaxn

temperature, minimum relative humidity, maximum relative humidity, eastward wind speed, and
northward wind speed. The LANDIB model calculates the fire weather index (FWI) from

these climate variables (Van Wagner 1974, Lucash et al., 2017).

Harvestimg and Management

The landscape model also includes background harvesting processes. Harvesting was
simulated using the Biomass Harvest agten (Gustafson et al. 2000) construct the harvest
regime the study area was divided by forest land ownerspép This was done using the forest
ownership type maps constructed by Hewes, Butler, and Liknes (2017). Each ownership was
divided into stands using the hydrologic unit code 8 watershed classification by USGS. This
resulted in stands with an average siz&.858 km x 1.358 km. Generally only a fraction of a
stand is harvested at each simulated harvest. The total amount of harvest was parameterized to
values from the Evalidator data tool (Mi)J@915) Values were gathered from the counties
contained withirthe study area. This data was broken out into forest typelagg harvested,
and ownership type. The harvest model was parameterized using model expert opinion to
replicate this harvest pattern. Methods to parameterize and overall harvesting raiebl faneé
use type can be found here:
https://github.com/LANDISI-Foundation/ProjeeSoutherrAppalachians
2018/blobmaster/Parameterizing/Harvest/Readme.md

Fire Regime


https://github.com/LANDIS-II-Foundation/Project-Southern-Appalachians-2018/blob/master/Parameterizing/Harvest/Readme.md
https://github.com/LANDIS-II-Foundation/Project-Southern-Appalachians-2018/blob/master/Parameterizing/Harvest/Readme.md
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Fire within the LANDISII model was simulated using the SCRPPLE (v 3.0) fire

simulation model (Scheller et al., 2019). SCRPPLE simulates fire using empirical relationships
between climate, effective wirgbeed, and fuels to determine the number of ignitions and the
probability of fire spread. SCRPPLE further incorporates the social dynamics of fire by
separating out sutmodules for accidental (human nprescribed) and prescribed fire on the
landscape, asell as varied suppression regimes that can be based on societal dimensions such
as urban/WUI designation, access to roads, etc. To capture the variability in fire severity that
results from landscape conditions we estimated the relationship betweenelitverstory tree
mortality (hence severity) and site level conditions.

Fire Severity Mapping

To determir fire severity, we calculatedlative diffeence in normalized burn ratio
(RANBR) images for the five fires (TablB included in this studyForversion 3.0 of
SCRPPLE, we incorporated the variables used in this study for the site and cohort level mortality
model. This index is derived from the relative delta in normalized burn ratio analyzed across
multiple years to capture post fire mortality fotime period (either one year or thyears)
following the fire. INRANBR, the minimum value of post fire normalized burn index was used in
the delta calculation, to capture any additional mortality that occurred post fire, while not
incorporating regeneration as a lack of mortality. TeateRANBR maps we began with the fire
footprint polygon files from monitoring trends in burn severity (MTBS) (Finco et al., 2012).
Imagery from LANDSAT 7 and 8 (30 m resolution) was collected withoogle Earth Engine
(Gorelick et al., 2017) and processed to determine the normalized burn ratio for the period pre
(PreNBR) and post fire event (PostNBR). Thedraa value for neainfrared (NR) and short

wave infrared (SWIR) over this period was usedadlculate the normalized burn ratio using the
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equation,
06Y —. Eq.(BL)

For the prefire conditions, the median value for the growing season (defined héuéyas
15t- Oct 31st) for the two prior growing years was calculated (PreNBR). If the fire occurred
before the growing season began, then the median conditions for the two years prior to that were
used. Two separate methods were used for immediate aneédiehaytality post fire normalized
burn ratio (PostNBR). For the immediate mortality model, the median value for each band across
1 year post fire was calculated in the normalized burn ratio (eq. S1). For the delayed mortality
model, the median of each ydar three years post was calculated and used to calculate the
normalized burn ratio (PostNBR), then the minimum normalized fatim was calculated for
each 3@n cell across the three years, to capture any mortality that resulted from the trees in the

three years following there. Then for both methods, tReINBR was calculated as

YQO 6 'Y —. Eq. (B2)
This was multiplied by 1,000 as is standard in reporting dNBR. Cells aggregated
from the native 30 m resolution to the 250 m resolution of the study by taking the aggregated

mean of cell values using the spatial reducer in Google Earth Engine

Additional data used in site severity model fitting

Using the fire perimetegpolygons from MTBS (Finco et al., 20 ariables were
extracted for effective wind speed during the fire, the evapotranspiration during the year prior,
and the potential evapotranspiration during the year prior using Google Earth Engine. Effective
wind speed was calculated using the modeled wind speed method described in Nelson (2002)
from wind speed and wind direction data from the GRIDMET (Abatzoglou, 2013) database and

the slope and aspect calculated from the USGS national elevation database {@les2002).
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This was done assuming an even combustion buoyancy of 10. As a metric effective wind speed
incorporates topography into wind speed, capturing the way in which dominant wind directions,
and the influence of slope on speed determine fire sgwmrilandscapes. Evapotranspiration
(ET) and potential evapotranspiration were calculated using the Modis 16A2 data product
(Running et al., 2017) for a period one year prior to the fire. Climatic water d&¥bDi} was
calculated from this data as

66Q4a O M'AO VIQ QWM YO"Y eq.(S3)
This was scaled to 250 m study resolution using the mean reducer in Google Earth Engine (Sup.
1). Due to potential differences in estimation of PET and EWwdezt the Modid6A2 product
and the LANDISII Z-score of measured PET and WD was used in model fitting. These are
included to capture site level productivity and thus potential fuel (as determined by ET), and a
measure of tree stress (as measured by Wjitionally, clay and sand percentage of soils
maps were constructed from the NatsGo database (Soil Survey Staff, 2020) and scaled as the
mean of the 250 m study resolution. Fuels maps were generated using the LANDLEI
based on species compositemd landscape location. Each raster layer was aligned spatially to
provide predictor variables for each site's severity.

Site levekeveritymodels

We estimated cohort (defined as a single age class for a single species) mortality by
linking theremotdy sensed site level severitR@dNBR) to the tree mortality data measured from
five fires in the region (TablE). Separate models were built from the measurement of a single
season following a fire (Sunrise antlylear measurements for Rough Ridge Rock
Mountain) and for three years following a fitdér{eville complexand 3¢ year measurements of

Rough Ridge and Rock Mountaiffhe Rough Ridge and Rock Mountain plots were 12m radius
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circles, in which all living and dead trees greater than 10ldm(@arpenter et al., 2020). These

were sampled the summer each summer for three years following the fire. These were stratified
across the burned area to capture a gradient of elevation and fire progression. Across the two
sites were 61, of which 29 haddn burned. The plots from the Sunrise and Lineville complex

fires consisted of 62 burned plots censuses of trees taller than 1.4 m were sample and categorized
by mortality status (live/dead)nd species. These plots were stratified to capture topogaphic
geologic variation on the landscape prior to fire (Wimberly and Reilly, 2007; Waldrop et al.,
2013).The immediate mortality dataset contained 725 trees and the delayed mortality set
contained 1,332 trees. Theseeratakegmof@.37mes cont
(hence dbh), tree species idéoation, and mortality statuddortality was calculated as

overstory tree death, separate from the possibility to resprout, as this is the way mortality is
calculated in the landscape model. Thuegdrthat were observed as dead and then showed basal
resprouting were considered in this mortality

Cohort mortality model

The model for probability of cohort level mortality was parameterized from théegié
mortality and the individual cohorts expedtbark thickness based on their species and dbh. To
model bark thickness, dbh was converted to bark thickness using linear scaling from the Fire
Tree Mortality Database (Cansler et al., 2020). Rerlevel mortality, the yearRANBR and 3
yearRANBR wee associated with each relevant site. Additionally, duff thickness, visual
assessment of duff smoldering, and whether the fire was recorded as a reburn were tested as
predictor variables but are unused within this model because they were not sigriificant.
parameterize the delayed and immediate mortality model, training (a random draw of 80% of

data) and validation (remaining 20%) sets were separated out from each set for the model fitting
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exercise. General linear model® 4.0.0 , stats v 3.6.2 (R Coredm, 2020))with a binomial

distribution and logit link were fit to the training data to predict the probability of death given the
bark thickness of the individual trees and the sitel lenagtality (as evaluated frolRANBR).
LANDIS-II tracks trees thragh agebased cohorts, which do not have an explicit size. To

relate bark thickness to age we constructed a model forspackes using the equation
Bark Thickness= BX— . eg. (BY)

WhereB was the bark to dbh ratio defined for a species (Cansler et al., 2@203,the age of

the cohort and and| are empirically fit parameters. This was parameterized for each species
from FIA data Bechtold and Patterson, Z8)Xor sites inclued within the Southern

Appalachians (Sup. 2) using maximum likelihood optimization. Tree ages were estimated from
site index and height (Careman, Haand Jacobs, 1989). These were included in the model as
max bark thicknes8B(* ” andAgedbh( . In the event the diameter to bark ratio was missing a
morphologically similar tree species was substituted

Combined Model Assessment

We assessed both models by using a random binomial draw of each site condition to
simulate the amount of landscapertality that was suggested fronchalata set, for each
model fit. These included the Rough Ridge and Rock Mountain fires for both models (using
separate samplings for immediate and delayed mortality) coupled with additional measurements
from the Sunriséire for immediate mortality and tHeneville complexfire for delayed
mortality.

Other fire reqime characteristics

The overall fire regime was calculated for this landscape using a combination of fire

records, and remote sensifdie number of ignitions per year within the model is handled as a
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zerainflated model separately for accidental and lightning ignitions as related to the daily fire
weather index (Scheller et al., 2019). To parameterize the ignitiemedbls a databas@& o

historical (19922015) ignitions (Short, 2017) wasired by day to the fire weather index

calculated by LANDISII. To createa probabilistiadistributionmapwe used a climatology of

lightning for the area (Albrecht et al., 20%6} lightningignitions and created a density map

basedon previous accidental ignitisiiShort 2017¥or accidental ignitionsintercellular spread

of fire is handled within the model as a binomial function related to the daily FWI, daily

effective wind speed, and fuel loadiognditions. The effective wind speed was calculated using
maps of slope and aspect (Nelson, 2002) assuming a constant combustion buoyancy. Spread was
parameterized using the NIFC daily fire perimeter polygon files (https://data
nifc.opendata.arcgis.comi)hich were sorted into a daily progression of fire spread and

associated daily with the LAND#8 outputs for fire weather index, the effective wind speed for

a location, as well as an estimation of fuels. Suppression maps were created using a combination
of WUI definitions (Radelofet al, 2018) and maps of roads, topography, and USFS roadless
wilderness designation (U.S. Forest Service, 2021). This created four distinct suppression areas,
with high representing WUI and urban areas and lower values eafireswilderness and

natural areas. To validate the fire regime, we ran simulations for the year2(B®2and

compared the estimated number of ignitions per year, the total area burned as calculated in the
fire record (Short, 2017) for the study aré&ais record unfortunately has not been updated yet to
reflect the 2016 fire season, a season that saw several large fires that eclipse the acreage of fires
for multiple fire years combined. To ensure our model could capture these large fires, we
includedthe size estimated from the MTBS fire database for 2016 (Finco et al., 2012). While this

may under represent the amount of acreage burned for the year of 2016 (as MTBS only catalogs
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fire greater than ~ 200 hectares, while Short (2@irvis for fires of dlsizes),the difference in
omitting this data would result in a much greater underestmafithe known firesize range.
Results

LANDISII Parameterization

Initial Communities

By biomass, the most common xeric hardwoods include chestnuQoakous
mortana), white oak Quercus alba)red oak Quercus rubra)scarlet oakQuercus coccinéa
and sourwood@xydendrum arboreumCommon mesic hardwoods include red maplee¢
rubra) and tulip poplarl(iriodendron tulipifera).Common conifers include eastexthite pine
(Pinus strobus)Virginia pine Pinus virginiang, and loblolly pine Pinus taedia These
represented the ten most common spediablé S); however, the Southern Appalachians have
a wide diversity of overstory trees (Bolstad et al., 1998).6valuation of the FIA data for the
region suggested over 50 tree species regularly present.

Table B1: Top ten species by mean landscape biomass.

Species Name LANDIS-II Code Mean Biomass (Mg/ha)
Quercus montana QuerMont 20.3

Acer rubra AcerRubr 15.0

Quercus alba QuerAlba 14.4

Quercus coccinea QuerCocc 12.2

Liriodendron tulipifera LiriTuli 10.9

Pinus strobus PinuStro 7.72

Pinus taeda PinuTaed 5.5

Quercus rubra QuerRubr 4.5

Pinus virginiana PinuVirg 4.5
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Oxydendrum arboreum OxydArbo 4.3

Moreinformation on the parameterizing the landscape modelesting can be found:at

https://github.com/LANDISI -Foundation/ProjeeBoutherrAppalachians

2018/tree/master/Parameterizing/

Light and Establishment

The results show that all shade toleradesses can potentially regenerate under all LAI
conditions, although the lowest shade tolerance class (1) has a very small probability above and
LAI class of 2 (corresponding to LAl = 4). The most shaalerant species (shade classes 4 and

5) have the ighest probability at shade class two (LA6Xalthough maintaining modest
regeneration at higher LAl valugsg. B1). This indicates that such species perform best under
moderate shade conditions but can tolerate lower light. Finally, note that biadititp density

for shade tolerance classes is slightly elevated under LAI class five because this includes all

stands with an LAl > 10.
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Probability Densities under LAI Ranges
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Figure BL: The probability of establishment for 5 example species under 6 separate shade
classes: ClassO(® LAl O 2), Class 1(2<LAI O4),Class 2(4<
3(8< LAI O©O10), Class 5( LAl >10 )

For more complete infonation on the LAl analysis, se#ps://github.com/LANDISI -

Foundation/ProjeeBoutherrAppalachians

2018/blob/master/Parameterizing/Light%20Establishment/LightEstablishmentTableScript Partl.

Rmd)
Fire Regme

Site level mortality models

The final site level severity model selected included effective wind speed, soil clay percentage,
evapotranspiration, araimatic water deficit (Tabl82). The model is in the form of an Gamma
distribution with an inverserk. In this model, increasing effective wind speed,
evapotranspiration and climatic water deficit each predict greater site level severity, while

increasing solil clay percentage predicts lower site level mortality. This model predicted 17.88 %


https://github.com/LANDIS-II-Foundation/Project-Southern-Appalachians-2018/blob/master/Parameterizing/Light%20Establishment/LightEstablishmentTableScript_Part1.Rmd
https://github.com/LANDIS-II-Foundation/Project-Southern-Appalachians-2018/blob/master/Parameterizing/Light%20Establishment/LightEstablishmentTableScript_Part1.Rmd
https://github.com/LANDIS-II-Foundation/Project-Southern-Appalachians-2018/blob/master/Parameterizing/Light%20Establishment/LightEstablishmentTableScript_Part1.Rmd
https://github.com/LANDIS-II-Foundation/Project-Southern-Appalachians-2018/blob/master/Parameterizing/Light%20Establishment/LightEstablishmentTableScript_Part1.Rmd

of the toal variance in site level severity.

Table B2: The model fit for site severity from effective wind speed, clay percentage,

evapotranspiration, and climatic water deficit.
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Coefficient Estimate Std. Error P value
Intercept 8.466 e03 3.404e04 0.002

Effective wind speed (m/s) -3.553 e04 4.164e05 <0.001
Clay percentage 1.757 e04 1.130e05 <0.001
Evapotranspiration (z-score) -1.122 e03 8.733e05 <0.001
Climatic water deficit (z-score). -5.442 e04 9.738e05 <0.001

Cohort mortalitymodels

Site level mortality and bartkhickness were significant imoth theimmediate +delayed
and immediate cohort level mortality modélsate operating curve (ROC) was used to compare
the delayed mortality to the validation data set mortéBrpwn and Davis 2006)Predicting the
validation sets by estimatiaf bark thickness and measufRdNBR scored aarea under the
receiver operating characteristics (AJ& 0.7606. Additionally, the validation set was tested
using the site severity model antedevel variables for ET, WD, clay percentage, and effective
wind speed and it scored an AUC of 0.7411. These suggest a moderate to good predictive
capacity for the modéHosmer et al., 2013Jor the immediate mortality model, a ROC curve
comparing theredictions of this dataset to a validation set had an AUC score of 0.6382,
suggesting the model provideelatively poor discrimination in determining the likelihood of

mortality (Hosmer et al., 2033
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Table B3a: Cohort model fit for delayed mortality.

Coefficients Estimate Std. Error Z-value P-value
Intercept -1.1505 0.1743 -5.703 <0.0001
Bark thickness -0.9826 0.1492 -6.583 <0.0001
Site level mortality  0.01059 0.0007 14.244 <0.0001
Table B3b: Cohort model fit for immediate mortality.

Coefficients Estimate Std. Error Z-value P-value
Intercept -1.1947 0.2891 -4.133 < 0.0001
Bark thickness -0.9266 0.2372 -3.906 < 0.0001
Site level mortality  0.0043 0.0014 3.083 0.0002

Combined ModelAssessment

Overall, the immediate mortality model suggested a slightly greater mortality than that see

the observed data (TabletB with increased mortality in the Rough Ridge and Rock Mountain

low severity data set but decreased mortality in thbdri severity Sunrise data set. The delayed
mortality model predicted overall mortality rate quite accurately (48.4% compared to 48.9% seen
in the observed data). It overestimated the Rough Ridge and Rock Mountain data and

underestimated thienville complex fire data.



Table B4: Random binomial draw simulations using each mortality model.
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Source Rough Ridge/ Pinnacle/ Shortoff  Sunrise Overall
Rock Mountain ~ Mountain Mortality Mortality %
Mortality % Mortality % %
Data immediate 14.2 % -- 47.8% 16.7 %
mortality
Model immediate 15.6 % -- 33.3% 18.9 %
mortality
Data delayed 20.1 % 75.8% -- 48.9%
mortality
Model delayed 26.9 % 70.5% - 48.7%
mortality

The code used to create and test the mortality models can beatound

https://github.com/LANDISI -Foundation/ProjeeBoutherrAppalachians

2018/tree/master/Regel Projects/Delayed%20Mortality/Building the Model

Fire regime validation

We ensured that the overall pattern of model output fire severity on the landscape aligned to the

empirical recordThe annual number of ignitions is captured well by the model wbmpared

to published values (Table S5; Short 2@lico et al., 2012 The area burned within the

LANDIS-II simulations ranged from 31,22%5,100 as compared to 33,822.39 as seen in the fire

record (Short, 2016, Finco et al., 2012). This ranges betwéd&¥aunder estimation to 3.8%

over estimationComparing the site level severity of the modgigs to the remote sensing data

(RANBR) from the fires suggested this model may truncate the distribution of site level fire

severity as a greater part of thetdbution's right tail was centered near the median and mean.


https://github.com/LANDIS-II-Foundation/Project-Southern-Appalachians-2018/tree/master/Research_Projects/Delayed%20Mortality/Building_the_Model
https://github.com/LANDIS-II-Foundation/Project-Southern-Appalachians-2018/tree/master/Research_Projects/Delayed%20Mortality/Building_the_Model
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Both distributions shared similar statistical moments as the simulated data had a mean and
median of 121.7, and 102.0 respectively, and the remote sensing data had a mean and median of
127.49 ad 105.4 respectivelfFig B2). Additionally the fire size distribution burned seem well

capturedby the fire regime model (Fig3.
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Fire Size Distribution, excluding fires < 500 ha

Recorded Fire Size1

LANDIS-II F

Q

Model

B LANDISI
Bl Recorded Fire Size

N N N N N
N P o ¥© N

Fire Size (HA)

Figure B3: The validations of the fire regime; comparing 3 LANDI&ins to the fire record for
the years 192016. Including A) and excludy fires, B) greater than 500 ha included to better
show the distribution.



