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Abstract

Anthropogenic climate and land use change has accelerated the frequency of extreme climatic
disturbances such as megafire. These megafires dramatically alter ecosystems and threaten the
long-term conservation of economically and ecologically important species, including s. Recent
work suggests that ungulate species may be able to adjust to the immediate effects of megafire
by adjusting their movement and behavior, but whether these adjustments persist or change over
time following these major disturbances is far less is understood. We take advantage of a rare
research opportunity to examine how a dominant ungulate species, black-tailed deer (Odocoileus
hemionus columbianus), adjusts its movement and behavior immediately following a megafire.
We collected GPS data from 24 individual doe over the course of a year and fit these data to
resource selection functions (RSFs) and hidden Markov movement models (HMMSs) to assess
whether and how deer alter habitat selection and behavioral decisions to adjust to novel
landscape conditions following this megafire. We found compelling evidence of adaptive
capacity across black-tailed deer following megafire, with deer modifying their habitat usage and
behavior following megafire. Deer avoided exposed (chaparral) and severely burned areas
immediately following megafire, but later altered these behaviors to eventually select for areas
that burned at higher severities to potentially take advantage of enhanced forage in these
recovering areas. These results suggest that despite their high site fidelity, this deer population,
and similar ungulate species, can effectively navigate altered landscapes to track relatively
sudden shifts in predation risk and resource availability. The successful adjustment of dominant
ungulate species to extreme disturbances such as these could help facilitate resilience at broader

ecological and trophic scales.
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1. Introduction
Anthropogenically induced change in the 21st century continues to accelerate instances of
extreme climatic disturbance around the globe (Stott, 2016). In fire-prone ecosystems, megafires,
wildfires that surpass the size and severity of historical fires, have become increasingly prevalent
(Linley et al., 2022). Fire has served an important ecological and evolutionary role in many of
these ecosystems (McLauchlan et al., 2020), but climate and land use change have driven the
occurrence of extremely large and severe wildfires, otherwise known as megafires. These
megafires can dramatically affect ecosystems and the species that inhabit them (Nimmo et al.,
2022). Though many wild animal species in these fire-prone ecosystems have adaptations to
coexist with their historic fire regimes (Jones et al., 2020; Pausas & Parr, 2018), novel megafires

may challenge, and even overwhelm, the adaptive capacity of these species.

Wildfire continues to be a key tool for stewarding ecosystems around the world (Fletcher
et al., 2021; Boisramé et al., 2017), but recent megafires far exceed the size, severity, and
intensity of these wildfires. By quickly altering landscapes, megafire may impact how some
species are able to navigate and use habitat. High severity fires, defined as fires that burn the
dominant vegetation type in an ecosystem (i.e. trees in woodlands) (Keeley, 2009), can remove
important structural resources from landscapes (Steel et al., 2021) and even cause direct
mortality (Jolly et al., 2022). Changes in structural cover in these systems may alter interspecies
interactions, such as predator-prey dynamics, by exposing prey species or by directly impacting
the hunting success of predators (Doherty et al., 2022). At the same time, these high severity

fires may also remove important vegetative food resources (i.e., forbs, grasses, seeds, etc.) and in
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turn directly impact herbivorous species (Rickbeil et al., 2017), which may go on to impact

populations of species at higher trophic levels.

The capacity for species to effectively respond to these environmental changes caused by
megafire may be closely tied to their ability to adapt and adjust to novel disturbance regimes.
Recent work has documented the role plasticity plays in governing the adaptive capacity of
species to other forms of global change (Hammond et al., 2018; Riddell et al., 2018; Schell et al.,
2018). For larger wildlife, plasticity in movement and behavior play a significant role in allowing
individuals to adjust to changes in their local environments (Suraci et al., 2021; Gaynor et al.,
2018). For fire specifically, larger wild animal species may partition their time across recently

burned landscapes to take advantage of new resources or avoid risky areas (Nimmo et al. 2019).

Ungulates are dominant species in many fire-prone ecosystems around the world, and the
way they respond to megafire events may go on to have important consequences for other
species they interact with. Under historic fire regimes, several ungulate species adjusted their
movement and habitat selection decisions to avoid or take advantage of recently burned areas
(Roerick et al., 2019; Cherry et al., 2018). Past work has documented a “magnet effect” across
several ungulate species, where species select moderately burned areas that have improved
forage post-fire (Allred et al., 2011; Archibald et al., 2005). In more severe fire events, recent
work also suggests that behavioral plasticity may grant some ungulate species a buffer to the
short-term impacts of megafire (Kreling et al., 2021), but whether these adjustments continue to
protect ungulate species in the longer-term following megafire remains to be seen. The short-

and long-term responses of ungulates to severe fire may also be modulated by the seasonality of
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fire events, with fires potentially increasing scarcity of rare vegetative resources during the dry
seasons or limiting required resources during energetically costly periods of the year (i.e. spring

breeding season) (Proffitt et al., 2019).

In this study, we examine the long-term consequences of megafire on an ecologically and
economically important Californian ungulate, the black-tailed deer (Odocoileus hemionus
columbianus), at the Hopland Research and Extension Center. We use GPS-collar data collected
from 24 deer across one year to observe how long changes in black-tailed deer movement and
behavior persist following the 2018 Mendocino Complex fire, the largest wildfire in recorded
Californian history at the time. We use resource-selection functions to examine black-tailed deer
habitat selection following megafire across time to observe whether and when deer habitat
selection returns to pre-fire conditions. In addition, we also use Hidden-Markov Movement
models (Michelot et al., 2016) to assess how fine-scale behavioral decisions may have been

affected by high severity fire.

We predicted that deer would preferentially use habitat that burned at low severity
immediately following the fire to avoid exposure. Conversely, we predicted black-tailed deer
would select for areas that burned at moderate severity the following growing season due to their
increased nutritional value. We predicted that changes in habitat selection would persist through
the study (1-year post-fire). We anticipated that black-tailed deer would adjust their behavioral
decisions to make quick, directed movements through severely burned areas, again to avoid
being exposed, and that this would be apparent throughout the entire study period. An improved

understanding of the long-term capacity of deer to effectively cope with dramatic landscape
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change could help identify if further conservation interventions are needed for populations across

the Western US following megafire, as well as for other ungulate populations around the world.

2. Methods
2.1 Study Site and Fire History
We conducted this study at the Hopland Research and Extension Center (Hopland hereafter) in
Mendocino County of Northern California (5,300 acres, 39°00" N, 123°04* W). Hopland is
composed of a diverse set of vegetation types including chaparral shrublands, oak woodland
savannah, and open grassland. Hopland is characterized by a Mediterranean climate with cool,
wet winters and warm dry summers. Hopland also operates as a working rangeland landscape,

containing a sheep farming facility and several agricultural plots throughout the property.

Figure 1 - Map of fire severity across the Hopland Research and Extension Center perimeter.

Fire severity was quantified as the Differenced Normalized Burn Ratio (ANBR).
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In late July of 2018, the southern half of the Mendocino Complex Fire, the River Fire,
swept through the northern half of Hopland, burning approximately 3,400 acres (65%) of the
property. The whole complex fire burned 459,123 acres total and is currently the 3rd largest
wildfire in California’s recorded history (CALFIRE-FRAP, 2022). Fires in this region typically
burn frequently at relatively low severities in the more open woodland and grassland habitats and
more infrequently, but more severely in the dense shrubland chaparral habitats (Syphard and
Keeeley, 2020). The River Fire burned a much larger contiguous area and much more severely

than recent fires within Hopland.
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2.2 Monitoring Black-tailed Deer Movement and Home Range Estimation

We deployed GPS-collars (Vertex Plus and Lotek Iridum Track M) across 16 individual does
between July 2018 and July 2019. These data were used opportunistically to observe the effects
of megafire on deer movement and behavior. We programmed all collars to record GPS locations
once per hour. Deer were captured using Clover traps and were manually restrained to place
collars on, without the use of chemical immobilizers. We monitored deer remotely post-capture

for multiple days to ensure that each deer remained healthy following capture and collaring.

In order to observe how deer movement and behavior changed over time following
megafire, we subset the collected GPS data temporally into three time periods: just after the fire
(August - October 2018), the first spring green up following the fire (March - May 2019), and
one full year post-fire (August - October 2019) (Table 1). Within each time period, we only
included individual deer that had at least 500 recorded GPS locations for analyses. We removed

8 erroneous GPS locations that were greater than 2km from their consecutive points.

For each deer and within each study period, we used the two months of collected GPS
data to estimate individual home range sizes. We used 95% Kernel Utilization Densities (KUD)
in the adehabitatHR package in R to create these home ranges (Barker et al., 2019; Calenge,
2006; R Core Team, 2013). Of the 16 unique individuals collared across these 3 time periods, 10
individuals maintained their collars across 2 or more study periods, resulting in 26 study period-
specific home ranges that overlapped the Mendocino Complex fire burn perimeter. To assess

whether deer home range sizes continue to change following megafire, we used paired Welch’s
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unequal variance t-test to compare doe home range sizes 1) just after fire (“Recently Burned”), 2)

the first spring following fire (“First Spring”), and 3) one full year post-fire(“1 Year Post Fire”).

2.3 Environmental Covariates

We compiled fire and other environmental covariates alongside deer movement data in order to
compare black-tailed deer movement responses to megafire over time. We predicted that fire
severity, predation risk, and vegetation type, and time since burning would be strong predictors
of both deer habitat selection and deer movement decisions following megafire. Originally, we
planned to include NDVI as a measure of forage availability across the landscape, we found
measures of NDVI1 were highly correlated with measures of fire severity, our primary covariate
of interest. Therefore, we defaulted to including fire severity and removing NDVI. To quantify
fire severity on the landscape, we calculated the differenced Normalized Burn Ratio (NBR)
collected via Sentinel-2 (Sentinel Hub, 2021) satellite imagery (10m resolution) from both before
and after the fire. NBR was calculated using the following equations (Keeley, 2009):

ANBR = .NBRprefire - NBRpostfire

NBR = Near-infrared (NIR) — shortwave infrared (SWIR) / Near-infrared (NIR) + shortwave

infrared (SWIR)

We also included a quadratic term for fire severity to examine whether deer may
preferentially select for moderately burned areas that, according to the magnet effect, may

eventually have more nutritious forage.



183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

To account for predation risk across the landscape for this study, we included a high-
resolution mountain lion habitat suitability map produced for the entire State by Dellinger et al.
2020 in our analyses (Dellinger et al. 2020). Mountain lions are the primary predator of black-
tailed deer in this system, and we use this habitat suitability map to serve as important proxy of
potential predation risk for where deer may be more likely to encounter mountain lions across

our study site.

Finally, the short and long-term effects of fire on deer habitat may be directly related to
the dominant vegetation type of that habitat. For example, grassland ecosystems typically
recover faster following fire relative to shrubland and woodland systems (Halofsky et al., 2011),
which may lead deer to preferentially choose these areas in the time following megafire. We
classified the study site into three broad land cover categories: woodland, shrubland (chaparral),
and grassland. To do this, we hand digitized vegetation layers using high-resolution (<1 meter)
aerial imagery from the National Agriculture Imagery Program (2014-2015). In 2015, we
ground-truthed these digitizations by checking 50 randomly generated points across the study
site to validate classifications (results were 98% accurate).

Each of these environmental rasters (fire severity, mountain lion habitat suitability
predation risk, and vegetation cover were clipped to the property boundary of Hopland REC

from which we limit the spatial bounds of our study.

2.5 Resource Selection Functions
We used Resource Selection Functions (RSFs) to assess black-tailed deer habitat selection across

each time period. We modeled habitat selection for all time periods combined to improve
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interpretability of model results. We included a random effect of “Deer ID” within our RSFs to
account for individual differences in behavior and resource availability for each deer (individual
deer retained their same “Deer ID” across time periods). For each GPS-point we generated 4
additional random “non-use” points from within each deer’s estimated KUD home range. Non-
use points were stratified by time period so that the number of non-use points had the same ratio
across time periods as the true use points. We compared “use” and “non-use” GPS points using a

logistic regression via the Ime4 package in R (, R Core Team, 2021; Bates et al., 2015).

We used an a priori hypothesis driven approach to select a model to describe deer habitat
selection. We included fire severity, fire severity squared, predation risk, vegetation type
(chaparral, woodland, or grassland), and time since burn as covariate predictors for this RSF. We
used woodland as the reference vegetation category within these RSFs. We randomly sampled
“time since burn” for each non-use point as a randomly selected date from its respective time
period. Prior to modeling, we standardized each of the included covariates (mean = 0, standard

deviation = 1).

To assess goodness of fit of the RSF model, we used the performance package in R
(Ludecke et al., 2021) to calculate marginal and conditional R? values for the model and visually

inspect overall model fitting.

2.6 Hidden Markov Movement Models
To assess how deer behavioral decisions were impacted by megafire, we fit a hidden Markov

model (HMM) across all time periods combined within our study using the “moveHMM”
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package within R (Michelot et al., 2016). The number of behavioral states to model must be
chosen before fitting the hidden Markov model, but recent work highlights pitfalls in drawing
inference from too many modeled states (Pohle et al., 2017). Therefore, we considered HMMs
with 2 behavioral states (1 = resting, 2 = traveling) to increase interpretability and to specifically
observe whether deer traveling behavior changes across landscape variables to potentially avoid
perceived risks (exposure, predation risk, etc.). We used modeled step lengths (via von Mises
distributions) and turning angles (via gamma distribution) between consecutive points of a
particular animal’s track to characterize these 2 behavioral states. We chose starting values for
step lengths and turning angles following guidance from Michelot et al., 2017 (Michelot et al.,

2017).

We used the Viterbi algorithm to predict and assign behavioral states fto each GPS point
and used these to create activity budgets (the proportion of each behavioral state) for deer within
each time period (Langrock et al., 2012). We used a Chi-squared test to assess whether the
proportions of the two behavioral states was significantly different across time periods. Finally,
we fit the hidden Markov model with a set of a priori selected covariates (Severity + Predation
Risk + Time Since Burn + Vegetation Cover + Severity*Time Since Burn) to estimate how the
probability of transitioning between behavioral states changes as a function of fire severity, time

since burn, and other environmental factors.

We assessed goodness of fit for the HMM using pseudo-residuals drawn from the fit
model. Pseudo-residuals of the step length parameter should be normally distributed given good

model fit (Farhadinia et al., 2020; Patterson et al., 2009). Therefore, we visually inspected step
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length pseudo residuals and used a Shapiro-Wilk normality test using a random subset of pseudo

residual values (n = 1000).

3. Results
3.1 Home Range Comparison Across Seasons

The average deer home range size across all time periods was 0.90 km? (SD + 0.49). Deer home
range sizes across time periods varied. The average home range size was 0.94 km? (SD + 0.45)
during the “Recently Burned” period, 1.15 km? (SD * 0.44) during the “First Spring” period, and
0.38 km? (SD + 0.14) during the “First Spring” time period, and X during the “1 Year Post Fire”
time period (Table 1; Figure 2). We found no meaningful differences between deer home range
sizes during the “Recently Burned” and “First Spring Period (t = -1.00, df = 17.08, p-value =
0.33), but did find significant differences in deer home range sizes between the “Recently
Burned” and “1 Year Post Fire” periods (t = 3.47, df = 10.05, p-value = 0.01), as well as between

the “First Spring” and “1 Year Post Fire” periods (t = 5.25, df = 13.02, p-value = 0.0002).



Study Period Dates n (Number of Average Home  Home Range

Collared Deer) Range Size Size SD
(km?)
Recently Burned Augustl1,2018—- n=9 0.94 +0.45
October 1, 2018
First Spring March 1,2018- n=11 1.15 +0.44
May 1, 2018
1Year Post Fire  August1,2019—- n=6 0.38 +0.14

October 1, 2019

274

275 Table 1 - Table of deer collaring efforts along with average home range size and standard

276  deviations for each study period. Deer were opportunistically captured and collared across

277  Hopland REC annual during the summer and fall. For the purposes of this study, collected deer
278  movement data was subset to include deer whose home ranges overlapped with the Mendocino
279  Complex Fire. Furthermore, we truncated deer movement data into 3 specific time periods to
280  create “snapshots” of how deer habitat selection and behavior may be changing over time:

281  “Recently Burned”, “First Spring” (the first spring following the wildfire), and “1 Year Post
282  Fire”.

283
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Figure 2 — Boxplot summaries of black-tailed deer (O. hemionus columbianus) home range size
estimation across time periods. Individual deer home ranges were estimated using 95% Kernel
Utilization Densities (KUD) in the adehabitatHR package in R (Calenge, 2006; R Core Team,
2013). Home range sizes across deer were summarized in the above plot for each of the study
periods of interest: Recently Burned, the first spring following wildfire, and 1 full year post fire

(from left to right).

3.2 Resource Selection Functions

Overall, deer avoided areas that burned at both high and moderate (ie Severity Squared)
severities, as well as areas of high predation risk (Appendix 1 - Table S1.1). However, deer
habitat selection of fire burned areas appears to change over time as an interaction with time

since burn. During the “Recently Burned” time period, deer are more likely to avoid high
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severity areas (Figure 3). Conversely, fire severity has little effect on deer habitat selection
during the “First Spring” time period, and deer appear to select for higher severity burned areas

during the final “1 Year Post Fire” period (Figure 4).

Deer showed a preference for woodland habitat and avoided both grassland and chaparral
following the fire. Vegetation cover preferences appear to persist across burn severities (Figure

S1.1) as well as over time.

Deer RSF Model Coefficients

Severity x Burn Lag
Severity Squared ——
Severity ——

Predation Risk —_——

Covariate

Grassland ——
Dist. Water +

Chaparral ——

Burn Lag -—0—

-0.4 -0.2 0.0
estimate

Figure 3 — Beta coefficients (and their associated standard error bars) for each covariate in the

black-tailed deer (O. hemionus columbianus) Resource Selection Function model.
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Figure 4 — RSF response curve of the effects of fire severity and Time Since Burn on black-
tailed deer (O. hemionus columbianus) habitat selection. To visualize the interaction, we used the
midpoint date of each time period to represent a categorical “Time Since Burn” variable in the

plot.

3.3 Hidden Markov Model Results

We used the Hidden Markov Model to fit the deer trek data into 1 of 2 states: Resting or
Traveling. State 1 (Resting) was characterized by shorter mean step lengths (mean = 16.47 (+
0.67), SD = 13.72 meters (x 0.71)) and wider turning angles between points (mean = -3.11
radians (x 0.07), concentration = 0.39 (£ 0.03). State 2 (Traveling) had long step lengths (mean =
120.83 meters (x 2.66), SD = 107.53 meters (x 1.78)) and smaller turning angles between GPS
fixes (mean =-0.03 (£ 0.07), concentration = 0.31 (= 0.03) (Table 2). We found a significant

difference in the composition of behavioral states between time periods, with deer spending a



324

325

326

327

greater proportion of time traveling than resting immediately following fire and during the first

spring (% = 282.48, df = 2, p-value < 0.001) (Appendix S1 — Figure S1.3).

Behavioral State Parameters

State 1 (Resting)

State 2 (Traveling)

Step Mean (m)

16.48 (15.84, 17.15)

120.83 (118.17, 123.55)

Step SD (m)

13.72 (13.01, 14.46)

107.53 (105.75, 109.34)

Angle Mean (radians)

-3.11 (-3.18, -3.04)

-0.03 (-0.10, 0.04)

Angle Concentration

0.39 (0.36, 0.43)

0.31 (0.28, 0.33)

Covariate Transition Probability Coefficients
Covariate Resting = Travel Travel = Resting
Intercept 0.12 (NA) -1.51 (NA)
Severity 0.05 (0.001, 0.11) * -0.13 (-0.18, -0.09) *

Time Since Burn

-0.15 (-0.20, -0.10) *

0.15 (0.10, 0.20) *

Predation Risk

-0.14 (-0.19, -0.08) *

-0.06 (-0.11, -0.01) *

Distance to Water

0.04 (-0.01, 0.09)

-0.002 (-0.05, 0.05)

Severity Squared 0.06 (0.01, 0.10) * -0.019 (-0.06, 0.02)
Chaparral -0.80 (NA) 0.14 (NA)
Woodland -0.54 (NA) 0.67 (NA)
Grassland -0.44 (NA) 0.30 (NA)

Severity * Time Since Burn

-0.01 (-0.07, 0.04)

0.14 (0.09, 0.19) *
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Table 2 — Estimated step lengths and turning angles for each modeled behavioral state (State 1 =
resting and State 2 = traveling) produced from the Hidden Markov Model. Covariate regression
coefficients for the transition probabilities between states are also listed. Significant predictors of
behavioral transitions are marked with an asterisk (*). Lower and upper confidence interval
bounds are listed for behavioral state parameters and continuous regression coefficients

(vegetation cover was categorical in the Hidden-Markov model).

Fire severity had a variable effect on deer behavioral states depending on the degree of
severity, the amount of time that had passed since burn, and the type of vegetation the individual
deer is moving through. Black-tailed deer were significantly more likely to transition towards
making quick, directed movement in areas that burned at high severity, but only in the “Recently
Burned” time period (mean = 0.14 (£ 0.05)). During this same time period, deer spent more time

resting in woodland areas relative to other vegetation types (Appendix S1 — Figure S1.2).

Pseudo residuals drawn from the HMM suggested good model fit for the deer track data.
Overall, plotted pseudo residuals had minimal autocorrelation (Appendix - Figure S1.4) and
appeared normally distributed, except at the extreme ends of step lengths (Appendix S1 - Figure
S1.5, Appendix S1 - Figure S1.6). We failed to reject the null hypothesis of the Shapiro-Wilks
significance test (W = 0.99797, p-value = 0.2728), suggesting pseudo-residuals are drawn from a

normal distribution.



348

349
350

351

352

353

354

355

356

357

358

359

360

361

0.8

-l

, Burn Time Period

(=}
o

1 Year Post Fire

First Spring

~

Recently Burned

o
o

Transition Probability (Resting to Travel)
C
N

Transition Probability (Travel to Resting

o

0.3
Unburned Moderate High Unburned Moderate High
Severity Severity

Figure 5 — Behavioral state transition probabilities of black-tailed deer (O. hemionus
columbianus) across fire severity and time periods following fire. Predicted effects of fire
severity and time since burn on transition probabilities between behavioral states. Plot a) displays
the probability of transitioning from a resting state to a traveling state as severity increases across
the three time periods (“Recently Burned”, “First Spring” and “1 Year Post Fire”). Plot b)
displays the probability of transitioning from a traveling state to a resting state as severity
increases across the three same time periods. Note that y-axis scaling of plots a and b are

different.

4. Discussion
Black-tailed deer habitat selection is influenced by landscape-scale impacts of megafire, but the

specific behavioral choices made by these animals varies with time following fire. As previous
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work has outlined, estimated ungulate home ranges are larger following megafire, but this effect
does not persist over time. We found that deer home range size was significantly smaller 1-year
post-fire than home range sizes immediately following megafire (Figure 2). Deer habitat
selection in response to megafire also appears to change over time following megafire. Directly
following megafire, deer strongly avoided areas that burned at high severity, but this effect
waned in the initial spring months following fire and inverts by the 1-year post-fire time period,
with deer selecting for habitat that burned at higher severities instead (Figure 4). Similarly, deer
were more likely to take quick, direct movements through high severity areas immediately
following megafire, but this effect diminishes over the course of the year (Figure 5b). Our
findings suggest that megafire may present the greatest threat to ungulate populations during and
immediately following the fire event. However, black-tailed deer, and similar ungulate
populations, may have some degree of behavioral plasticity to allow them to adjust their habitat
usage and behavior following megafire to persist in dramatically converted landscapes, and

eventually take advantage of the resulting resources that become available over time.

Fire severity had a profound influence on habitat selection and behavior over the course
of the study, but the exact realized effect of severity on deer behavioral responses varied
depending on other environmental factors. For example, severity by itself was an important
predictor of deer habitat selection, but we found that the direction of selection (against high
severity areas vs towards high severity areas) changed as an interaction with the amount of time
that had passed since the fire burned. As observed in previous studies (Kreling et al., 2021),
black-tailed deer avoided high severity burned areas in the immediate aftermath following the

fire, potentially to avoid exposure to predators in cover-less areas or to select for areas with
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higher forage availability. During the first spring green-up following megafire, however, we
found that deer began to select for areas that burned at moderate severities (Figure 3). This may
support the occurrence of a “magnet effect” as observed in several other ungulate studies where
ungulate species preferentially choose to use recently burned areas that have enhanced forage
(Raynor et al., 2015; Gureja and Owen-Smith, 2002). Finally, and contrary to our initial
hypotheses, we found that deer actually selected for high severity burned areas during the final
time period of the study (“1-Year Post-Fire”). We expected that the high severity burned areas
would be depleted of resources for the duration of our study, but these results suggest that once
these severely burned areas are able to recover, they may provide increased resources (Funk et

al., 2016) to herbivorous species that are able to effectively track these recovering resources.

Deer movement behaviors in relation to fire also changed over the course of the study.
Severity had a significant effect on deer behavioral states as well (Appendix S1 — Table S1.1),
but we found that movement decisions varied significantly with the interaction between severity
and the amount of time that had passed since fire. Initially following megafire, we found that
deer were more likely to travel quickly (State 2) through severely burned areas and spent more
time resting (State 1) in low severity and woodland areas. This strategy may optimize their
ability to avoid spending too much time in riskier, exposed areas, and more time in the limited
areas that contain food and shelter resources they require (Nimmo et al. 2019). Immediately
following megafire, deer seem to be moving across larger areas (Figure 2) using frequent, travel-
centered movements, all with far less available food to them. This potentially results in the
decreased body condition of ungulates following megafire observed in recent studies (Kreling et

al. 2021). However, this strategy does not appear to persist in the latter time periods of the study,
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as the relationship between fire severity and the “travel” behavioral state diminishes over time
and eventually flips by the 1-Year Post-fire time period. Black-tailed deer in this study appear to
have great capacity for short-term behavioral plasticity to allow quick adjustments of their
behavioral decisions as disturbance and recovery occur. The initial drawbacks of high site
fidelity following megafire may be offset by the eventual regrowth of increased vegetative
resources in burned areas that deer can take advantage of as time passes, facilitating their choice

to remain in these areas following fire (Morrison et al., 2021).

Changes in deer habitat selection and behavior over time will likely depend on how and
when vegetation cover recovers over time. We found that deer strongly selected for woodland
habitat and, as expected, strongly selecting against chaparral habitat. Chaparral burns naturally at
high severities, and these areas become very exposed following wildfire. Deer likely avoided
these open areas to avoid conspicuous encounters with predators (Pierce et al., 2004). We did not
find a relaxation in the avoidance of high predation risk areas over time following wildfire as
anticipated, but predator avoidance may instead be represented by the selection against fire
severity and/or certain vegetation type parameters within the model. Future work that utilizes
concurrent movement data from both ungulates and their predators could help fill this gap by
explicitly examining how predator-prey interactions change following megafire and elucidate
whether and for how long these events amplify or diminish the intensity of these interactions

(Doherty et al., 2022).

During this study, we observed a preference for burned areas by black-tailed deer in the

latter time periods, potentially highlighting some of the benefits of returning wildfire to fire
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adapted ecosystems. Whereas megafire is a more extreme example of fire disturbance, more
moderate disturbances such as prescribed fire and/or managed wildfire are known to perform
important ecological work in maintaining key ecosystem functioning for local communities
(Sangha et al., 2021) and generating improved habitat and resources for wildlife (Connor et al.,
2022), without the more deleterious impacts created initially by megafire. These managed
wildfire approaches also serve an important function in reducing the incidence of megafire
events by promoting landscape heterogeneity and reducing continuous fuel loads (Coppoletta et
al., 2016; Stephens et al., 2014). Thus, utilizing fire management may simultaneously
accomplish important wildlife conservation goals (habitat creation and maintenance) and wildfire

management goals (megafire prevention) in similar fire-prone ecosystems.

We found evidence to suggest deer are resilient to the impacts of megafire over the
course of a relatively short, 1-year time scale, but more work is necessary to understand whether
these initial responses translate into longer term resilience. The lagged effects of megafire may
present more challenges to species by altering longer cycles in resource availability (Abella et
al., 2015) as well as interspecies interactions (Nimmo et al., 2021). For example, in oak
woodland savannas where acorn masting is a primary food resource for many herbivorous
species (Schnurr et al., 2002; McShea et al., 1993), megafires that top-kill mature oak trees could
dramatically alter the availability of these resources until oaks are able regenerate and begin
masting again. These indirect impacts could have powerful effects on future population

dynamics such as in fitness and reproduction across the previously burned landscape.

5. Conclusion
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Climate change and climatic disturbances will likely have a more severe impact on species that
are unable to adjust their behavior to accommodate sudden changes in their environments.
Despite having naturally high site fidelity in the region of our study, we found that black-tailed
deer have a great deal of adaptive capacity to change their movements and behavior to
adequately respond to the impacts and eventual resources following megafire. This adaptive
capacity may also buffer similar ungulate species from other types of acute disturbances.
Resilience of these dominant ungulate species could help facilitate broader ecological resilience
at higher environmental and trophic scales following such disturbances. We can assist this by
using land and fire management to produce the benefits created by wildfire while simultaneously

avoiding the immediate drawbacks of megafire on ungulates.
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614  Appendix — S1 Additional Figures

615

616
Covariate Beta Standard p-Value

Coefficient Error

Intercept -1.234 +0.051 <0.001
Severity -0.022 +0.007 0.001
Severity Squared -0.019 +0.005 <0.001
Predation Risk -0.077 +0.007 <0.001
Chaparral -0.381 +0.017 <0.001
Grassland -0.129 +0.016 <0.001
Time Since Burn 0.013 +0.009 0.147
Distance to Water 0.004 +0.006 0.508
Severity * Time Since Burn 0.146 +0.007 <0.001

617

618 Table 2 — Beta-coefficients, standard error and p-value estimates for each covariate of the black-

619 tailed deer (O. hemionus columbianus) resource selection function model.

620
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Grassland

Probability of Use

0.15
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622  Figure S1.1 — RSF response plot of the effects of vegetation type and fire severity on black-taled

623  deer (O.hemionus columbianus) habitat selection.
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Figure S1.2 - Plotted behavioral state transition probabilities of black-tailed deer (O. hemionus
columbianus) across fire severity and across vegetation types. Predicted effects of fire severity
and time since burn on transition probabilities between behavioral states. Plot a) displays the
probability of transitioning from a resting state to a traveling state as severity increases across the
three vegetation types (“Woodland”, “Grassland” and “Chaparral”). Plot b) displays the
probability of transitioning from a traveling state to a resting state as severity increases across the

three same time periods. Note that y-axis scaling of plots a and b are different.
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Figure S1.3 — Activity budgets for black-tailed deer (O, hemionus columbianus) during each time
period. Activity budgets show the proportion of each modeled behavioral state (State 1
= resting; State 2 = traveling). The proportion of time spent in each behavioral state changes over

time following fire.
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Figure S1.4 — ACF plot of step length residuals from the fit hidden-Markov model.



04 —

r_ -

675 [

0.3

[ |

Density
o

676 . ’__ —‘

]
- |
o - —_:H e

-2 0
677 Step Length Residuals
678

679  Figure S1.5 — Plotted histogram of step-length pseudo residuals from fit hidden Markov model.

680  We drew a random sample of pseudo-residuals from the fitted HMM to check goodness of fit of
681  the model (n = 1000). In cases of good model fit, pseudo residual step lengths should be
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Figure S1.6 — Quantile-Quantile (QQ) plot of step length pseudo residuals from the fit hidden
Markov model. We drew a random sample of pseudo-residuals from the fitted HMM to check
goodness of fit of the model (n = 1000). Pseudo residuals for follow a linear line on the QQ-plot

in cases of good model fit.



